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Abstract

The existence of large income gaps between agricultural and non-agricultural workers in devel-
oping countries is well known. However, the source of these gaps is still being debated and the
two main hypotheses - barriers to labor mobility and sorting of workers based on unobserved
productivity - have opposing implications for aggregate efficiency. We use a panel of Indone-
sian workers to move beyond the cross-sectional gaps and document that workers moving out of
agriculture see income gains of over 20% while those moving into agriculture see similar income
losses, with large flows of workers in both directions. To interpret these findings, we structurally
estimate a model featuring both sorting and barriers to sectoral mobility. Our estimates indicate
that while self-selection is important, there is more misallocation than is suggested in the recent
literature. Removing mobility barriers would lead one third of workers to reallocate and would

increase aggregate output by as much as 21%.
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1 Introduction

The relative plight of agricultural workers compared to non-agricultural workers in developing coun-
tries is well documented. Even factoring out differences in educational attainment and other observ-
able characteristics, non-agricultural workers on average earn substantially higher incomes (Herren-
dorf and Schoellman, 2018), enjoy higher consumption (Young, 2013), and have higher labor pro-
ductivity (Gollin, Lagakos and Waugh, 2014) than agricultural workers. What exactly accounts for
these residual gaps is still being debated, however. One long-standing view is that these gaps exist
because workers cannot arbitrage them away due to broadly understood barriers to labor mobility
across sectors. 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 large
aggregate efficiency gains from mitigating these frictions. In this spirit, Restuccia, Yang and Zhu
(2008) calculate that frictions in 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 gaps that has recently gained influence is that these gaps are the result of worker
sorting across sectors based on characteristics that are known to them but that are not observed by
researchers. In this vein, Lagakos and Waugh (2013) adapt the classic model of Roy (1951) to show
how agricultural incomes can be lower, on average, as a result of lower-ability workers sorting into
agriculture. Young (2013) builds on their framework to argue that sorting can account for rural-
urban disparities. Importantly, in this recent view, residual gaps can exist despite the allocation of
labor being efficient.

The goal of this paper is to evaluate what the observed income gaps, along with other moments
in the data, can really tell us about the presence of labor mobility barriers and worker sorting and
to quantify the aggregate losses from any uncovered worker misallocation. The key to separating
the two mechanisms is observing workers who actually switch sectors. We thus exploit the panel
dimension of the Indonesia Family Life Survey (IFLS; Strauss, Witoelar and Sikoki, 2016). As a
large-scale longitudinal survey spanning more than 20 years in the fourth most populous country
in the world, the IFLS is uniquely well fitted to our goals.

We begin our analysis by documenting three robust features of the Indonesian data. First, as
in other developing countries, the ILFS data shows the existence of a large cross-sectional income
gap across sectors in Indonesia. Controlling for observable worker characteristics, non-agricultural
workers earn 78% more than agricultural workers. Our second finding is more surprising. Despite the
large difference in average incomes across sectors, we see almost as many workers transitioning from
non-agriculture to agriculture as workers moving in the opposite direction during the same period.
The gross flows across sectors are significantly higher than the net flows even within geographically
narrow labor markets. The third finding is equally stark. Switching sectors is associated with
substantial changes in individual workers’ incomes. The same worker tends to earn 39% more in

non-agriculture than in agriculture.



Importantly, the non-agriculture premia reported above already condition on the rural versus
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
a non-agricultural premium is to be expected even in the absence of sorting or frictions because
it compensates workers for the real cost of their rural-to-urban migration. This logic would be

misguided in the case of Indonesia.!

Nearly half of the country’s rural workforce has primary
employment outside of agriculture and 1 in 10 urban workers is employed primarily in agriculture,
so in our study we can meaningfully separate the non-agricultural and urban premia. We emphasize
the sectoral dimension because most of the rural-urban residual income gap can be accounted for
by differences in the sectoral compositions of rural and urban areas, combined with the large non-
agriculture premium.? Using detailed migration data, we can go even further and isolate the spatial
mobility entirely. The within-worker non-agriculture premium is surprisingly strong even within
villages. Workers who move out of agriculture see an income gain of 22% while those who move
into agriculture see an income loss of 23%, even if they stay in the same village.

Taken together, the three reduced-form facts - the large cross-sectional non-agriculture premium,
the smaller but still significant within-worker non-agriculture premium, and the prevalence of two-
way worker flows between sectors - are difficult to reconcile with the existing workhorse models of
labor markets in developing countries. In particular, the two-way flows and income cuts experienced
by workers switching away from non-agriculture are inconsistent with the canonical Roy model, in
which worker’s productivity is fixed over time. In order to account for the patterns observed
in the data, we thus extend the canonical sorting model in three dimensions by introducing: (i)
sector-specific time-varying idiosyncratic productivity shocks, (ii) compensating differentials, and
(iii) barriers to sectoral labor mobility. The idiosyncratic sector-specific shocks (capturing, e.g.,
local weather shocks affecting field-level yields in agriculture) generate two-way worker flows and
help explain the variability in individual incomes over time. The compensating differentials allow
workers to systematically attach different values to the non-pecuniary aspects of working in the two
sectors and, thus, voluntarily switch sectors despite taking an income cut. The barriers to sectoral
mobility take the form of frictions preventing some individuals from working in their preferred
sector and are intended to represent, e.g., exogenous job separations and life events forcing workers
to switch their sector of employment even if it involves an income cut.

Armed with the model, we can revisit our motivating reduced-form findings and ask what we
can infer from them. As it turns out, we can learn surprisingly little from these findings when
they are taken in isolation. This is because the same pattern of cross-sectional non-agriculture
premium, within-worker non-agriculture premium, and sectoral transitions can be rationalized by

different combinations of idiosyncratic shocks and barriers to mobility. In particular, it is possible

1See Bryan and Morten (2018) for a study of costly migration in Indonesia in the presence of spatial sorting.
2The direct urban premia estimated at 23% in the cross-section of workers and 9% identified from rural-urban
switchers are substantially smaller than the corresponding 78% and 39% non-agriculture premia.



to generate two-way flows and large within-worker premium in the absence of any barriers (or
compensating differentials). When workers switch sectors in response to the sector-specific shocks,
the shocks with a larger dispersion have a higher chance of taking extreme values, resulting in larger
average increase in income for workers shifting to the sector with the larger variance. Thus, the
within-worker premium commanded by a sector can, in principle, simply reflect this sector’s higher
variance of shocks. Similarly, it is possible to have large barriers to mobility despite observing zero
non-agricultural premium for switching workers. The premia by themselves have limited empirical
content in that they cannot tell us whether there is any worker misallocation or not. This result
provides a caveat to recent studies downplaying the importance of intersectoral mobility frictions
based on finding modest within-worker sector premia (Hicks et al., 2017; Alvarez, 2018; Herrendorf
and Schoellman, 2018).

In order to separate the role of barriers to mobility and sorting, we need to impose some para-
metric assumptions and augment the three motivating facts with additional moments of the joint
sector-income distribution over time. We use this richer set of data in the structural estimation of
our model by indirect inference.

Our estimation results show that while the sorting on productivity emphasized in the recent
literature clearly occurs, it is not sufficient to quantitatively capture all of the salient features of
the panel data. To fit the data well, the model ultimately needs a force explaining why workers
sometimes switch sectors despite taking an income cut. If we insist that the choice of the sector
is always voluntary, then the model relies on an extreme preference for agriculture, through the
estimated compensating differential, to rationalize why so many workers make the income-reducing
move to that sector. However, we find no evidence of such a preference for agricultural work in the
self-reported job satisfaction level in the TFLS.

The alternative is to recognize that not all sectoral transitions are voluntary, as we do in the
model allowing for barriers to mobility. In fact, our central estimate implies that more than half of
the observed transitions from non-agriculture to agriculture (but not the other way around) happen
randomly rather than in response to productivity shocks. Once a worker lands in their sub-optimal
sector, moving to their preferred sector is difficult. The model with such barriers to mobility not
only performs best in our estimation, but its underlying mechanism is also consistent with direct
evidence on job separations. For a subset of the sample, we can classify job transitions based on
the self-reported reason for separation as either voluntary (e.g., looking for a higher wage) or forced
(e.g., employer closed down). The data shows that forced separations are quite common (20% of
all separations being a conservative estimate) and are associated with large income cuts relative to
voluntary transitions. In line with the model’s predictions, forced transitions are particularly preva-
lent among switches from non-agriculture to agriculture, while voluntary transitions are particularly
prevalent among switches in the opposite direction.

The barriers to mobility are quantitatively important. To make this point, we conduct a coun-

terfactual exercise in which the frictions are entirely removed. This thought experiment is standard



in the misallocation literature, even though it is extreme because we do not know how the fric-
tions could be completely eliminated in practice.®* With that caveat in mind, removing all of the
barriers to intersectoral mobility would result in a large reallocation of workers. Overall, 35% of
the workforce would be employed in a different sector than in the baseline equilibrium. Since the
initially misallocated workers reap large income gains from the reallocation, the adjustment has a
sizable effect on aggregate output, increasing it by 21.5%. Agricultural employment contracts by
8 percentage points, but output and productivity increase by double digits in percentage terms in

both sectors.

Related Literature

Our main contribution is to evaluate the role of barriers to mobility and self-selection in explaining
the observed patterns of income differences and worker transitions across sectors. While our ap-
plication is to agriculture and non-agriculture in Indonesia, our approach can be applied to other
settings in which workers sort over time across sectors/occupations/firms based on their comparative
advantage but subject to mobility frictions. In particular, our results show that the reduced-form
premia estimated from the within-worker variation by themselves have limited empirical content in
the presence of time-varying selection.

Among the extensive literature on the income gap between agriculture and non-agriculture, the
most closely related work consists of a handful of studies that also exploit individual-level panel
information for developing countries. Beegle, De Weerdt and Dercon (2011) offer early evidence
of large individual gains in Kenya, but their focus is on consumption gains from migration rather
than on the more puzzling income gains from sector switching conditional on not migrating. Alvarez
(2018) using a calibrated version of the Lagakos and Waugh (2013) model finds that sorting explains
most of the income gap among formal workers in Brazil. Our data on poorer Indonesian workers
shows distinct patterns: agriculture accounts for a much larger share of employment, the gaps are
larger, and workers are moving between sectors in both directions in large numbers. We need our
richer model to explain these patterns. In concurrent work, Hicks et al. (2017) also use data from
the IFLS and find smaller within-individual non-agricultural premium than we do. We explain the
divergence in our reduced-form findings in Appendix B. More importantly, we argue that the non-
agricultural premium by itself is not necessarily an informative statistic, and we build and 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 the existence of barriers to mobility is also
broadly consistent with the limited existing experimental evidence. In a randomized small-scale

setting, Bryan, Chowdhury and Mobarak (2014) find substantial gains from inducing workers in

3Job transitions involving income cuts are common even in well developed and flexible labor markets like the US,
cf. Grigsby, Hurst and Yildirmaz (2019).



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.

Finally, our approach shares the spirit of studies using detailed individual-level panel data to
interpret wage differences across sectors (Krueger and Summers, 1988) and, more recently, across
firms (Abowd, Kramarz and Margolis, 1999; Taber and Vejlin, 2016; Card et al., 2018) in developed
countries. However, this literature often focuses on rent-sharing arrangements between firms and
their employees (such as efficiency wages and collective bargaining) or monopsony power of employ-
ers, considerations less relevant in a developing country where the predominant form of employment

is working on a family farm or for a family firm.

2 Data

In this section we describe the data, but 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 data source is the Indonesia Family Life Survey. The first IFLS was conducted in
1993, with subsequent survey 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 the life trajectories of individuals
making different occupational choices. Further, the IFLS puts considerable effort into tracking
individuals over time. This feature is rare among longitudinal household surveys in developing
countries, where it is typical to lose respondents who have moved out of the 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 selected to be tracked. Tracking movers is important in a
country undergoing the process of urbanization when the decision to migrate is not random.

The IFLS is a large-scale survey conducted in 13 of the 27 Indonesian provinces. As the excluded
provinces are mostly the peripheral ones, the sample is representative of 83% of the Indonesian
population. The first survey wave interviewed 22,019 individuals and by the fifth wave the number
of respondents has grown to 58,337. In our analysis, we restrict our attention to adults (those
15 years or older) who are employed and therefore answer the questions on the survey’s detailed
work module. The definition of employed is expansive and comprises all persons who answered
affirmatively to any of the following criteria: i) their primary activity during the past week was
working, trying to work or helping to earn income; ii) had worked for pay for 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 of their time, years of schooling, work



experience 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 working on a
family farm is pervasive and where half of the workforce does not report any wage income.

Following a standard distinction for developing countries, we split the sectors into agriculture
and non-agriculture (comprising all other sectors).? Locations are classified according to whether
they are rural or urban, as determined by the Indonesian Central Bureau of Statistics (BPS) based
on multiple criteria.

Table 1 reports the descriptive statistics for the constructed dataset. In our analysis below we
focus on the 22,829 individuals we observe in at least two waves of the survey, for a total of 70,586

observations.?

3 Income Gaps and Transitions across Sectors

3.1 Baseline Results

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

form

Inyiar = XiutB + DN + Dy + D; + €iq, (1)

where y;5; denotes the income of individual ¢ working in sector s (agriculture or non-agriculture)
and living in location type [ (rural or urban) in year ¢. Xj;; represents the standard individual
covariates such as gender, years of education, work experience and work experience squared, as well
as the year and province dummies. Dy and Dy capture the non-agriculture and urban premia of
interest, while D; captures the time-invariant component of individual heterogeneity.

The baseline specification is a reduced-form relationship between income and certain observable
and unobservable worker characteristics. On the one hand, if workers randomly switch between
sectors, then the Dy premium has a simple interpretation of an average gain that a worker can

obtain by moving from agriculture to non-agriculture. On the other hand, if workers sort across

4This two-sector partition is common in the macro-development literature and is sufficient to illustrate the puzzle
of low agricultural incomes. We also divided non-agriculture further into manufacturing and services. The income
gaps between manufacturing and services are small relative to the gaps between these two sectors and agriculture.

5Depending on the specification the effective sample size can be smaller as we do not observe all variables for all
individuals.



sectors based on their unobserved comparative advantage as according to Roy (1951), then the
premia estimated using equation (1) need not have a simple interpretation and an exhaustive analysis
requires a structural model. While our argument in this paper is that sorting is indeed important
and we, therefore, estimate a structural model later in the paper, we begin by discussing the reduced-
form OLS estimates as there is a long tradition of their use (e.g., Katz and Summers, 1989) and we
use them as auxiliary models in our structural estimation.

As a starting point, we estimate equation (1) without any controls except for the sector dum-
mies.® 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 [Ip] (or 131%) higher.” The second column of Table 2
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 the development literature goes along the rural versus urban dimension. Macroeconomists
tend to work with sectoral data and hence use the agriculture versus non-agriculture split.® But both
literatures often implicitly consider both partitions as interchangeable; for example, by associating
structural transformation (a decline in the share of agricultural employment) with urbanization (an
increase in the 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 the urban workforce was employed in agriculture.

A natural question is whether the raw urban premium can be explained by the different com-
positions of the sectors in rural and urban locations or whether urban workers are paid more in the
same sectors. Column 3 of Table 2 jointly estimates the urban and sectoral premia. Controlling
for sectors significantly reduces the urban premium, bringing it down to 41 lp. Controlling for the
type of location has a smaller impact on the sectoral premium, still at 69 lp. These numbers are
the first indication that the sector of employment might have a stronger and more direct effect on
the income level than the place of residence (urban or rural).

This point is further strengthened by controlling for individual worker characteristics in the

In all specifications we control for the year and province fixed effects. The results are robust to controlling
for survey month effects to account for possible seasonality and controlling for alternative levels of geographical
aggregation. Observations are weighted by their longitudinal survey weights and the standard errors are clustered at
the level of the primary sampling units of the survey.

"Because 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. All the reported coefficients are statistically significant
at 5% level or lower.

8We assign workers to a sector based on their main job in a given year. In less than 10% of cases workers have a
secondary job in a sector different from their main job. The secondary sector accounts for a small share of their total
income, as discussed further in Appendix A.4.



Mincer regression. Column 4 shows an urban premium of 21 lp and a much larger non-agriculture
premium of 57 Ip. Controlling for the observables reduces the urban premium by half, while the
sectoral premium again changes by 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. We summarize this discussion

of cross-sectional sectoral income gaps as the following (well-known) fact.

Fact 1. Workers in non-agriculture earn significantly more than observationally similar workers in

agriculture.

Using the panel structure of our data we are in a position to begin addressing the issue of
sorting based on the 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 skills
but subsequently switch sectors randomly, then the cross-sectional non-agriculture premium would
suffer from a selection bias. However, the worker fixed-effects premium could still be interpreted as
an average gain from switching to agriculture. Using only the within-worker variation to identify
the gaps reduces the urban premium by more than half, to 8 Ip. While not trivial, a 9% additional
income gain associated with moving from a rural to an 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 their rural-
urban status sees, on average, an additional income gain of 33 Ip (or 39%). Column 6 paints a similar
picture while using a slightly more flexible specification with a full set of interactions between the
sector and the urban dummies. Staying in a rural area and switching away from agriculture results
in an income boost of 33 Ip.

Because the large non-agricultural premium estimated for switchers is perhaps the most novel
and surprising reduced-form finding of this paper, we now carefully explore the mobility pattern in
our data. Panel A of Table 3 presents the count of wave-to-wave transitions between the sectors and
panel C shows the associated transition matrix.® About 20% of workers in agriculture transition to
non-agriculture between survey waves, and 12% of workers in non-agriculture switch to agriculture.
Overall, 24% of workers in our sample change the sector of employment at least once. Because non-
agriculture is the larger sector, these transition probabilities mean that there are almost as many
cases of workers moving into agriculture as cases of moving out. This fact might seem puzzling
in light of the large negative premium associated with working in agriculture. To illustrate the
prevalence of these two-way flows, panel E of Table 3 reports the ratio of gross flows to net flows
across sectors at various levels of spatial aggregation. At the country level, gross flows between
agriculture and non-agriculture are 10 times larger than the net flows; at the province level, they

are 6 times larger; even within districts - relatively small labor markets - they are over 3 times

9These 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.



larger.'0 We summarize these transition patterns as the following fact.
Fact 2. Gross flows between agriculture and non-agriculture are significantly larger than net flows.

Table 3 also 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 areas 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. Given that flows in both directions are the norm, we now reevaluate the
income gaps while taking into account the direction of transitions. The estimating equation now
takes the form

Alnyigr = AXyB + ADgys + ADy + Acigy, (2)

where ADgy, and ADy; capture the direction of the sectoral and locational transitions. The 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 Ip relative to those who stay in rural areas.
Workers who move into rural areas incur an income shortfall of 16 Ip (= —20 — (—4)) relative to
those who stay in urban areas. Once again, the results for the non-agriculture premium are much
stronger. Relative to workers who remain in agriculture, workers who switch 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 Ip (= —39 — (—7)) relative to workers who remain in non-agriculture.

So far, we have established the existence of a significant income premium for working in non-
agriculture while 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 completely isolate geographic mobility, using the detailed migration information provided by our
dataset. We interact the direction of the sectoral transition variable AD,y with an indicator for
whether a worker migrated across a village boundary (or correspondingly narrowly defined location
for cities). The second column of Table 4 shows the results, with the reference category being
workers who stay in agriculture and who stay within a village. Workers who migrate and also
move out of agriculture experience 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 an additional 20 lp in income,
relative to those who remain in agriculture in the same village. Those who switch into agriculture
see an income loss of 26 lIp (= —38 — (—12)), relative to non-movers who remain employed in non-

agriculture. That such large non-agricultural premium can be identified from within-worker sector

0There are 217 districts in our sample, out of over 400 in Indonesia.
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switches within very narrow geographical areas might seem truly surprising. We summarize these

within-worker findings as the following fact.

Fact 3. Workers switching from agriculture to non-agriculture see significant income increases,

while workers switching in the opposite direction see significant income cuts.

Taken together, the three empirical facts we document are not easily reconciled with the
workhorse models of labor markets in developing countries. If workers are sorting across sectors
according to a comparative advantage that is fixed over time and if switching is frictionless and
occurs because of changes in sectoral prices (as in the canonical Roy model), then we could explain
Fact 1 (as is done in Lagakos and Waugh, 2013). But we should not expect to see a large premium
for switchers, and we should expect flows to be only in one direction.!! 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 incomes that are of similar magnitude as the gains
for workers switching in the opposite direction. Thus, it seems that there is a pure premium as-
sociated with working in non-agriculture. There are several possible rationalizations for why the
premium along with the two-way flows might exist in an equilibrium. First, allowing for shocks
to comparative advantage over time can explain the two-way flows. More subtly, in principle, it
can also explain the non-agricultural premium, as we demonstrate later. Second, workers might
simply attach higher non-monetary value to working on a farm than to other jobs. Finally, frictions
can prevent some workers from being employed in their desired sector. In order to quantify the
relevance of these explanations, in the next two sections we develop and estimate a structural model

capturing all these forces.

3.2 Robustness

But before we get to the model, we illustrate the robustness of our motivating reduced-form findings.
In this subsection we only briefly summarize a number of robustness checks regarding the existence
and interpretation of the non-agricultural premia, with details relegated to Appendix A. There we
show that: (i) premia exist for both self-employed (the largest group in Indonesia) and wage workers;
(ii) premia exist if we look at the wage income and consumption instead of the total income; (iii)
premia are robust to allowing for heterogeneity in the Mincerian returns across sectors; (iv) premia
are robust to taking secondary jobs and home production into account; (v) premia are robust to
controlling for the number of hours worked; (vi) switching sectors affects income even in the long
run. In Appendices A.5 and B we also compare our results to those in the concurrent work of Hicks
et al. (2017), also using the IFLS data.

Hwo-way rural-urban flows could in principle be explained by workers moving from their birthplace to a location
where they can realize their comparative advantage when they enter the workforce as in Young (2013). This mechanism
would not be able to account for the observed two-way sector flows within narrow geographical locations or for workers
switching sectors later (or multiple times) in their working lives.
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4 Model of Sorting with Barriers to Sectoral Mobility

In the previous section we establish that income differences between the agricultural and non-
agricultural sectors in Indonesia are evident not only in the cross-section of workers, but also among
workers who switch sectors. Furthermore, such sectoral switches occur in both directions. One of the
main goals of this paper is to investigate what these reduced-form findings tell us about the extent
of the self-selection and the barriers to sectoral mobility. To this end, in this section we introduce
a simple discrete-time model of the labor supply in which heterogeneous workers self-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 idiosyncratic time-
varying sector-specific productivity shocks. In addition, there are two potential reasons why workers
find themselves in a sector that does not maximize their income: they might have a preference for
one sector over the other, or there might be frictions preventing them from working in their desired

sector.

4.1 Basic Frictionless Economy

In the basic frictionless version of the model, workers choose the sector at each time ¢ to maximize
their contemporaneous utility.'? Let €;; be a vector of the state variables for an individual i at
time t. The income an individual receives in sector s € {A, N} is a product of the exogenous price
of human capital in sector s at time ¢, R}, and of the amount of human capital h® the worker can
supply to that sector:

yi (Que) = R7P” (Qir) -

The supply of human capital depends on both the observable and unobservable components.
The former are gathered in a vector of covariates X;;, which in our estimation includes gender,
the urban-rural location, years of schooling, years of work experience and the square of the work
experience. Notice that since we emphasize the sectoral dimension of the residual income 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 the heterogeneous Mincerian returns across sectors, for
simplicity we assume homogenous returns to the covariates and, hence, we focus our attention on
self-selection based on the unobservable components. The set of unobservables includes a time-
invariant component 6, representing the permanent productivity of worker 7 in sector s, and an

idiosyncratic time-varying term &, representing a transitory productivity shock that affects the

12Given our empirical findings on long-run income growth in Appendix A.6 we abstract from modeling the 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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comparative advantage of the same worker i in sector s at time ¢:13

h? (Qir) = exp (X;, B + 05 +€5) -

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 67 is i.i.d. across individuals, drawn from a normal distribution N (pg, ¥g). The pro-
ductivity shocks are also normal i.i.d. across individuals and time, €5, ~ N (pe, X¢) and, for iden-
tification purposes, orthogonal across sectors (i.e., . is diagonal). We impose the normalization
1o = e = 0 in order to identify the evolution of the prices of human capital over time.

Formally, the worker’s problem is to choose where to work at the beginning of period t. At the
time of the decision, they know the value of the comparative advantage components and the prices

of human capital. Their problem is:
V (i) = max {V* (Qu) }, (3)

where the value of working in sector s in the frictionless economy case V7, is simply the logarithm
of the income, V* (i) = V5, (i) = Inyf (Qar).

Finally, we assume the researcher observes individual income ¢, subject to a pure idiosyncratic
measurement error V:

In g = Iny; (Qit) + vie.

We assume the measurement error has a mean of zero and is normal i.i.d. across individuals and
time, v ~ N (0,02).1
For ease of reference, the set of all structural parameters, denoted as ©, is listed and described

in column 1 of Table 5.

4.2 Generalization [: Compensating Differential

In the first generalization of the basic model, workers care not only about the monetary reward
from working in a given sector but they also directly value the sector’s amenities (cf. Rosen, 1986;

Taber and Vejlin, 2016). The value of working in sector s becomes:

Vi (Qig) = Inyf (Qi) +1InC?,

13Permanent comparative advantage arises because work in the two sectors requires different fundamental skills.
Comparing the self-reported job attributes in the IFLS, we find that work in agriculture relies more on physical effort
while non-agriculture jobs require more concentration and people skills. Idiosyncratic productivity shocks capture
events such as localized weather shocks in agriculture and shocks to profitability of a village store in non-agriculture.

14 An alternative interpretation of this error is as an ex-post productivity shock that affects the worker’s observable
income, but not their sectoral choice.
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where

cd ifs=A
1 ifs=N

Cs =

and, thus, the compensating differential cd measures the additional utility obtained by working in
agriculture (relative to working in non-agriculture) that is common to all workers. Notice that the
differential acts as if it is proportionally scaling income up or down, so it can be interpreted in terms
of annual earnings. This specification adds one parameter (cd) to the set of structural parameters

e.

4.3 Generalization II: Barriers to Sectoral Mobility

In the second generalization of the model, we introduce barriers to sectoral mobility. We want
to capture an idea that workers do not always get to work in the sector they would like, even if
they have a strong comparative advantage in that sector. These frictions represent instances such
as forced job separations (due to, e.g., the employer going out of business) or life events forcing
individuals to switch to a sector where their earnings are lower. In a richer setting, such frictions
could be rationalized by, e.g., on-the-job search frictions (Gautier, Teulings and Van Vuuren, 2010;
Gautier and Teulings, 2015).

In our simple specification, we assume that at the beginning of each period an individual gets a
random draw, such that they will be able to choose the sector they desire with probability 1 —p ()
and they will be forced to work in the other sector with probability p (€2;;). 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 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:

T !
, pt ifs#s
St—1S5t . — 5SS —
p Qi) =p" =" —
p° ifs=s
This specification adds two parameters (p”,p°) to 6.
In Appendix F we present an alternative formulation of the barriers to sectoral mobility, i.e.,

the utility costs of switching sectors. As we explain there, this alternative formulation turns out to

be less useful for explaining the patterns we see in the data.

5 Structural Estimation

In this section we describe the estimation procedure and the identification of the parameters of

the structural model. This section is more technical than the rest of the paper; readers primarily
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interested in our substantive results might wish to just skim it before moving on to the next section.

5.1 Estimation Procedure

We use indirect inference (Gourieroux, Monfort and Renault, 1993) to estimate the model. 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. These auxiliary models are
used to compute the indirect inference loss function to be minimized and, hence, they must be simple
to estimate multiple times. For identification, this method does not require that those auxiliary
regressions are well specified (i.e., that they are exact reduced form equations derived from the
structural model). However, the selected models need to provide enough information about the
moments in the data to allow us to identify the set of structural parameters ©.

We first reduce the dimensionality of @ by estimating the Mincerian returns £ in a linear
regression of the log-income on the observables, while controlling for the interaction between the
sectoral choice and the year. With the estimated B, we construct the residual income net of the
observables that is used for estimating the rest of the model. We can estimate 3 separately from the
rest of © because the observables do not affect the self-selection of workers given our assumption of
homogeneity in the Mincerian returns across sectors.'®

To estimate the rest of the structural parameters in ©, we select the following seven auxiliary
models: i) a log-residual income linear regression on the sector choice; ii) a log-residual income
linear regression on the sector choice, controlling for the individual fixed effects; iii) a log-residual
income linear regression on the direction of the sector switching between the survey waves; iv) a log-
residual income linear regression in first differences on the direction of the sector switching between
the waves; v) a log-residual income linear regression on the interaction between the sectoral choice
and the 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 (cross-sectional premium) and ii
(within-worker premium); 3-6) the sector-specific premia for switching workers from models iii
(income of switchers relative to workers in the destination sector) and iv (income gain from switching
relative to staying); 7-23) the full set of estimated coefficients from models v (evolution of the cross-

sectional premium over time), vi (sectoral employment shares over time ), and vii (sectoral transition

15 A conceptually identical but numerically less efficient estimation could be performed by including 8 and using
the log-income to compute all of the auxiliary regressions, while controlling for the observables. The homogeneity
assumption is also the reason why we can safely drop the effects of the observables from our identification proof in
Appendix D.
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probabilities); 24-25) the sector-specific residual variance in model v; and 26-29) the sector-specific
residual variance for non-switching and switching workers in model iv. Table 6 summarizes the
auxiliary models as well as the selected coefficients.

Let the vector & contain the values of the selected coefficients estimated on the observed data.
The elements of vector § remain fixed during the estimation procedure and are displayed in column
2 of Table 7. The indirect inference loss function is computed as the weighted sum of the squared
differences between the values in ¢ and the values for the same set of coefficients obtained from the
simulations of the structural model. For the weights, we use the factors that represent the impor-
tance 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 the
technical aspects of the estimation procedure in more detail.

In the specifications with the barriers to sectoral mobility there is an issue of endogeneity of
observing the workers’ initial sector allocation in the panel. We address this by introducing a pre-
sample period we refer to as zero, during which a probability of being forced to work in the undesired
sector is independent of the worker’s state and equal to p®. We use pre-sample information on the
covariates, when available, to construct the distribution of the initial conditions. Thus, although
the auxiliary regressions are computed only for the five years available in the sample, the model’s
data generating process produces draws also for period zero.

Our model abstracts from the possibility that workers drop out of the labor market, to focus
attention on the role of sorting and the barriers to sectoral mobility in explaining the non-agriculture
premia among active workers. For this reason, in the structural estimation we use the balanced

panel of workers with income recorded in all of the five available waves of the IFLS.

5.2 Identification

We now discuss how the information obtained from the auxiliary regressions allows us to identify
the structural parameters in ©. We relegate the lengthy derivations to Appendix D, where we
demonstrate how © is identified in a simplified version of the model with two periods. In the proof,
we exploit the functional form assumptions to extend the standard results on the identification of a
canonical log-normal Roy model from cross-sectional data to our richer model by utilizing the panel
data. We fully expect our reasoning to generalize to the same setting with more than two periods,
which we verify through multiple simulations.

Let us summarize the main insights from the demonstration in Appendix D. In the basic fric-
tionless economy, sectoral decisions do not depend on workers’ histories, so the model in the cross
section in each period ¢ looks much like the standard log-normal Roy model with productivity
draws 67 + ¢;,. In this case, we can use the standard arguments of Heckman and Honoré (1990)
to identify the prices of human capital R; and the variance matrix ¥y + 3. (up to the variance of

the measurement error ¢2) from the following cross-sectional moments in each period: a) the share
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of workers in each sector and b) mean, ¢) variance, d) skewness of income observed in each sector.
However, only with the panel data can we separately identify the variances of the permanent and
transitory components of productivity and the variance of the measurement error. This decompo-
sition is possible with the information from: e) the transition probabilities across sectors between
periods, f) mean and g) variance of income growth for workers switching sectors. 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 a unique solution for all of the parameters in ©.

Generalizing the model to include a sectoral compensating differential requires only a minor
adjustment to the derivations. In contrast, in the model with barriers to mobility, sectoral choices
depend on workers’ histories and this complicates the calculation of the relevant moments. Nev-
ertheless, we are still able to derive closed-form solutions for all the moments (a-g), expressed in
terms of moments of upper truncated multivariate normal distributions. The dimensionality of these
distributions grows with the number of time periods in the panel, with the probabilities of forced
switches acting as shifters in the distributions. Once again, we verify that the resulting system of
equations has a unique solution for the structural parameters in 6.

We now discuss in detail how the selected coefficients of the auxiliary regressions in our indirect
inference loss function capture the set of moments (a-g) required for identification. First, the linear
probability model vi describes the distribution of the sectoral choices in each cross-section (moment
a). The linear probability model vii describes the average transition probabilities between waves.
Combined, these models characterize the evolution of the joint distribution of sectoral choice over
time and, hence, they deliver the probabilities of the sectoral transitions across all survey waves
(moment e).

Second, for the cross-sectional moments, the non-agriculture premium from model i along with
the sector-year interactions from model v inform us about the conditional mean income for each
sector-year combination (moment b). To account for the cross-sectional variance (moment c), we
collect the residual variances for the pool of workers in each sector from model v and the residual
variances for non-switching workers in each sector from model iv. We do not estimate the skewness
(moment d) directly, since it can be very sensitive to outliers. Instead, we substitute it with model
iii, which compares the average performance of a switching worker to the peer group of stayers in the
destination sector. This comparison provides us with information regarding the nature of the sorting
in the data. In particular, it is informative about whether there is positive or negative hierarchical
sorting into each sector. This is the same type of information as provided by the skeweness of the
sectoral income distribution (Heckman and Honoré, 1990).

Finally, for the mean income growth of switchers (moment f), we use both the within-individual
premium from model ii and the premia for switching workers relative to stayers in the model in
first differences iv, with the latter model providing more granular information. For the variance of
income growth (moment g), we use the residual variances for workers switching to each sector from

model iv.
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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 discussion of the frictionless model
and show that it fails to explain some salient features of the data. The model with compensating
differential provides a better fit to the data but it relies on workers having an extreme preference for
agriculture, which is at odds with the direct evidence from the survey. The model with barriers to
mobility fits the data the best and it implies a large extent of labor misallocation in Indonesia. We
end by discussing the empirical content of the reduced-form non-agriculture premia when viewed
through the lens of the model.

6.1 Estimation Results

Column 2 of Table 5 shows the values of the indirect inference point estimates and the standard
errors for the 16 structural parameters in the basic frictionless economy presented in section 4.1.
Given these estimated parameters, the model generates the values for the 29 coefficients of the
auxiliary regressions displayed in column 4 of Table 7. 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 or differences in preferences is not only
able to replicate the cross-sectional non-agriculture premium but also to generate a sizable within-
individual premium. In the estimated basic frictionless economy, workers who switch from non-
agriculture to agriculture see their incomes decline by 21 Ip 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 largely shaped by the variance of the transitory shocks
across sectors. We formally state this result for a simplified version of the model in the following

proposition.

Proposition 1. Consider the basic frictionless model with two periods and human capital prices
equal across sectors and over time. Then the average growth of the log income of workers switching
from agriculture to non-agriculture is positive if and only if U?N > O'EQA. Further, the average growth
of the log income of workers switching from non-agriculture to agriculture has the same magnitude

but the opposite sign.
Proof. See Appendix E. O

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

implication.
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Corollary 1. Under the same conditions as in Proposition 1, the non-agriculture premium identified

from a regression with worker fized effects is positive if and only if o2y > 02,.

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 in the next period would be due
to a change in the balance of the productivity shocks, Eﬁf — 63. 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 of taking extreme values, resulting in larger average increase
in income for workers shifting to the sector with the larger variance. Thus, the sign of the non-
agriculture premium after controlling for the 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 the worker fixed effects, as we find for Indonesia, by itself does not indicate that
workers face any frictions or show intrinsic preferences when 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 patterns of the variances have observable implications
for moments other than the sectoral premia. In particular, the frictionless model struggles to
simultaneously account for the non-agricultural premia and the pattern of the residual variances of
workers’ earnings in the data (the variance is larger in agriculture). 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 the 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 Ip and 0.40 lp in the data for
the cross-sectional and the fixed-effects premia, respectively). But this also comes at the expense of
generating residual variances that are completely reversed relative to the data (compare coefficients
024, 025 and d9g, 027 in columns 2 and 4 of Table 7). To explain jointly the premia and the patterns
of the residual variances, we need to enrich the basic model.

First, we allow the two sectors to provide different non-monetary values as in section 4.2. Column
3 of Table 5 shows the estimates for the model with the compensating differential, and column 5
of Table 7 shows the corresponding coefficients of the auxiliary models. The key result in this
specification is that workers show a very strong preference for agriculture. The interpretation of
the estimated In cd coefficient is that the amenity value that an individual derives from working in
agriculture is equivalent to increasing her agricultural income by 61 lp (or 89%).

Because of this strong compensating differential, the model now has an easier time justifying

why workers switch to agriculture. It can rationalize these workers’ income cuts in terms of their
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preference for agricultural jobs, so it does not need to rely on the counterfactual pattern of the
residual income variances. The generalized model can therefore generate both a within-individual
premium that is close to the one observed in the data (0.35 Ip in the model versus 0.40 Ip in the data)
and it can also deliver the correct qualitative patterns for the residual variances (larger variances in
agriculture, see coefficients do4 to da7 in Table 7). In summary, the overall fit of the model with the
compensating differential is noticeably better than in the case of the basic frictionless model (last
row of Table 7).

A key question is whether such a strong systematic preference for working in agriculture over
non-agriculture is plausible.!® Ultimately, in a model built on revealed preferences (i.e., voluntary
choices), the compensating differential is a residual force that allows the model to rationalize de-
cisions that are otherwise difficult to explain. Fortunately, the IFLS contains information allowing
us to directly test the compensating differential explanation. In the two most recent waves of the
survey, workers were asked to report their job satisfaction. The results in the first two columns in
Table 8 show that job satisfaction is higher on average in non-agriculture, both in a cross-section
of workers and when reported by the same worker switching sectors. This result is perhaps not
surprising, since non-agricultural incomes tend to be higher and income is very strongly correlated
with satisfaction. But more importantly, once we control for income in columns 3 and 4, the sector
of employment has no discernible effect on job satisfaction. This finding goes directly against the
estimated compensating differential model, according to which workers in agriculture should be
significantly more satisfied than workers in non-agriculture once we condition on their income. In
the absence of such a relationship in the data, we cannot treat as satisfactory the explanation based
on a utility preference for agriculture.!”

In the second generalization of the basic model, we therefore explore an alternative conceptual
approach to modeling sectoral mobility. Instead of treating all of the observed sectoral transitions as
being the result of voluntary choices, the alternative is to recognize that sometimes workers switch
sectors for reasons independent of their productivity. Column 4 of Table 5 reports the structural
parameters of the model with barriers to sectoral mobility from section 4.3. The key parameters
are the probabilities of being allocated to a different sector than the worker would desire. The
probabilities can depend on whether the worker wants to switch or to remain in the same sector as
in the previous period, thus, capturing the notion that switching might be more difficult than staying
put. This is indeed the case: the estimated probability that a worker who wants to remain in a
sector has to switch anyway is p® = 0.11, whereas a worker who wanta to switch will most likely not

get the chance to do so (p” = 0.81). These numbers imply that 63% of the observed transitions from

The role of compensating differentials in explaining pay differences and transitions across jobs has been long
debated. See Rosen (1986) for a classic treatment and Sorkin (2018) for a recent application to wage differences across
firms.

Tn a recent panel study of casual rural laborers in India, Baysan et al. (2019) suggest that non-agricultural
wages can be higher within a village because laborers find these jobs (concentrated in construction, brick laying and
manufacturing, and mining) to be harder. In contrast, in the IFLS workers report the agricultural jobs to be more
physically demanding than non-agricultural jobs.
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non-agriculture to agriculture are driven by chance rather than being in response to productivity
shocks. This effect is not symmetric, in that only 32% of the 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
finds themselves in a non-desired sector, they can become “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 the alternatives presented above, as can be seen from column 6 in Table
7. In particular, this model can closely match not only the qualitative pattern of non-agriculture
premia and residual variances but also their magnitudes. This is also the only specification that
can replicate the asymmetry in the magnitude of the income growth of switchers to agriculture and
switchers to non-agriculture (coefficients d5 and dg) that is observed in the estimation sample.

While the model allowing for involuntary sector allocation can match the complex data patterns
well, the remaining question is whether the underlying mechanism is compelling. We now present
evidence suggesting that it is. For a small subset of the sample (wage workers in the last two survey
waves who were either fired or had quit a job during the previous 5 years) the IFLS reports the
reasons for job separation. These responses are informative about the prevalence and consequences
of involuntary switches. In Table 9, we classify the separations into four groups: those clearly volun-
tary from the worker’s perspective ( Wage/salary was too low, Not conducive working environment),
clearly forced (Fired by the company because business was closed down/relocated/restructured, Fired
for other reason, Refused being relocated), those happening for family/health reasons (Marriage,
Childbirth, Other family reason, Prolonged sickness), and the uninformative other category. To
demonstrate that these categories have meaningful content, panel A of Table 9 relates them to the
associated change in income. Relative to voluntary transitions, forced job switches result in a large
39 Ip decline in wages.'® Transitions for family/health reasons look much like forced transitions in
terms of their impact on wages.'® The other category lies half way between wvoluntary and forced,
suggesting that at least some of these job transitions are also involuntary. Overall, these results
support the notion that involuntary job changes are associated with income cuts.

Panel B of Table 9 reports the distribution of the reasons for job separation. Three points
are noteworthy. First, involuntary separations are common. Even with the narrowest definition
of involuntary separations (forced only), they account for one in five of the observed separations.
Second, involuntary separations are particularly prevalent in transitions from non-agriculture to

agriculture, while being the least prevalent in transitions in the opposite direction. Third, there is

18T arge losses for forcibly displaced workers are well documented in other contexts, see e.g. Jacobson, LaLonde and
Sullivan (1993) for the US.

9Whether these job switches should be interpreted as voluntary or involuntary is debatable. If a person has
to accept a lower-paying job due to marriage then it could be seen as a random shock resulting in an involuntary
allocation in our model of individual income maximization. It could be a voluntary decision in a richer model in which
household formation and occupational choice are jointly determined. In any case, the patterns we discuss here would
be qualitatively unchanged if we lumped the family/health group with either the voluntary or forced transitions.
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an opposite pattern for voluntary separations in search of better pay. These patterns are consistent
with the predictions of our model with involuntary sectoral switches.

In summary, the model with barriers to sectoral mobility driven by a chance of misalignment
with the worker’s desired sector fits the data well and its underlying premise is corroborated by the

survey. This model is therefore our preferred specification and the basis for further analysis.?"

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 how the labor supply responds to the removal of such frictions, it is worth pointing out
that this exercise lacks general equilibrium adjustments of the 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 the counterfactual data setting p¥ = p? = 0 while keeping the remaining elements
of © and the values of the covariates as in our baseline model. We first discuss the implications of
eliminating the frictions for aggregate income and then present the sectoral outcomes. Denoting the
total number of individuals in the panel as N, 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 = % To decompose the impact of workers’ misallocation on total income Y into its different
margins, denote by Y, the sum of the earnings of the misallocated individuals. Further, denote
by 1., the ratio of the average income of the misallocated individuals to the average income of the
population, 1, = % Then the percentage growth rate of the total income after removing the

mobility frictions can be expressed as the product of three terms:

ARY = m, A%Y .

Panel A of Table 10 presents the results of this calculation. The main finding is that removing
barriers to workers’ mobility across sectors leads to a significant reallocation of workers across
sectors (35% of the total labor force) and to a large increase in the income of the misallocated
workers (which doubles, on average). As a result, removing barriers produces a sizable impact in
aggregate terms: a 21.5% increase in total income (pooled across all years). This effect would be
even larger if the misallocated workers were average earners. However, in our estimated model the
representative misallocated worker earns just over half of the average income (1, = 0.57), largely

because the misallocated workers cannot realize their full earning potential when they are employed

20Extending the model with barriers to mobility to also include the compensating differential has very little effect on
the estimated structural parameters (cf. columns 4 and 5) in Table 5 and model fit (cf. columns 6 and 7 in Table 7).
The estimated compensating differential is also small in magnitude. For these reasons we use the more parsimonious
specification as our baseline. In Appendix F, we show that a model with barriers to sectoral mobility in the form of
the utility costs of switching sectors significantly underperforms our preferred specification.
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in the wrong sector. This fact moderates the effect of the reallocation of those workers on the
adjustment in 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.

Panel B of Table 10 breaks down the results by sector. Removing barriers to mobility would
result in agricultural employment shrinking by 8.1 p.p. as a share of the total workforce. While this
net change is not small, it is significantly smaller than the 35 p.p. gross flows of workers between
sectors. The gross flows exceed the net flows because some workers are wrongly allocated in both
sectors. Further, 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.?! 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 labor 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 that aim to ease the 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 arguing that if substantial cross-sectional non-agriculture
premium largely disappears after controlling for worker fixed effects, then the data can be explained
by efficient sorting of workers (e.g., Hicks et al., 2017; Alvarez, 2018; Herrendorf and Schoellman,
2018). In section 6.1, we explain that frictionless sorting does not imply that there should be a
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 the 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 sorting, we have to look beyond the industry premia at a rich set of moments
observable in a panel of workers.

To illustrate this discussion, column 2 in Table 11 reports the cross-sectional and within-worker
non-agriculture premia obtained from data in a counterfactual simulation removing frictions (dis-
cussed 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, is

2IThe estimated processes of the 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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strongly negative at -31 Ip. The negative premium is a natural consequence of a larger variance of
the productivity shocks workers face in agriculture.

The level of the fixed-effects premium by itself, therefore, does not have clear implications for
the strength of the barriers to mobility if sorting is also present. But the difference between the
fixed-effects 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 O'g 4, agN, O'?A, O'?N all to zero. In this case all workers are identical and would
prefer non-agricultural employment 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 11 confirms, when transitions between sectors are purely
random the fixed-effects premium effectively takes 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 the observational

data requires imposing a sufficient structure and using data that goes beyond the sectoral premia.

7 Conclusions

We present extensive reduced-form evidence of a substantial premium for working outside of agri-
culture in Indonesia. Not only are non-agricultural incomes around 80% higher on average but the
same individual switching from agriculture to non-agriculture sees an income gain of about 20-30%
while an individual switching in the opposite direction faces an income loss of a similar magnitude.
Despite this non-agricultural premium, we systematically observe worker flows in both directions.
We argue that in order to generate simultaneously those premia, the pattern of transitions across
sectors, and the main moments of the joint distribution of income, we need to extend the models
that attribute income gaps across sectors only to the sorting of workers by including barriers to
sectoral mobility that misallocate workers across sectors.

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

In this paper we are agnostic about the root causes of the barriers to sectoral mobility. A fruitful
avenue for future research would be to investigate what constitutes such barriers, why they persist,
and what policies could be used to reduce their impact. There are two particular research directions
we find promising. The first is to investigate the extent to which involuntary transitions capture the
fact that, in the absence of effective unemployment insurance, the family farm is a fallback option
for many workers in developing countries. The second is to extend our individual-level analysis to a

household level. Sectoral choices that are puzzling from an individual standpoint might be easier to
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explain when employment decisions are jointly determined at a household level due to the prevailing

social norms or missing markets.
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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 414 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
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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.xUrban 0.062
(0.055)
Non-Agr.x Urban 0.416%**
(0.046)
Non-Agr.xRural 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
R? 0.412 0.394 0.424 0.503 0.518 0.518

Notes: Individual controls: education, experience, experience sq., and gender. 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 3: Transitions across Sectors and Locations

(A) Distribution of Transitions across Sectors

(B) Distribution of Transitions across Locations

Sector transitions No. of cases Share of total

Location transitions

No. of cases Share of total

AA 13214 27.68 RR 23299 48.79
AN 3886 8.14 RU 3171 6.64
NA 3546 7.43 UR 1166 2.44
NN 27098 56.76 Uu 20121 42.13
Total 47744 100.00 Total 47757 100.00
Indiv. who switch at least once 23.89 Indiv. who switch at least once 16.91

(C) Transition Probabilities across Sectors

Sector in T+1

Agricult. Non-Agr.

(D) Transition Probabilities across Locations

Location in T+1
Rural Urban

0.78
0.12

0.22
0.88

Sector in T Agricult.

Non-Agr.

(E) Gross/Net Flows across Sectors

Rural
Location in T

Urban

0.90 0.10
0.05 0.95

(F) Gross/Net Flows across Locations

Spatial Unit Ratio Gross/Net Flows

Spatial Unit Ratio Gross/Net Flows

Country 9.65 Country 2.12
Province 5.97 Province 1.76
District 3.24 District 1.26

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.
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Table 4: Premia for Switchers and Stayers

(1) (2)

A Log Income A 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)
Uuu -0.040*
(0.023)
Sector trans. x Migration
AA x Migrate -0.108
(0.092)
AN x Stay 0.196*+**
(0.053)
AN x Migrate 0.275%*
(0.108)
NA x Stay -0.379%**
(0.054)
NA x Migrate -0.472%**
(0.110)
NN x Stay -0.117%**
(0.021)
NN x Migrate -0.008
(0.039)
A Year FE Yes Yes
A Province FE Yes Yes
A Indiv. cont. Yes Yes
Observations 27697 24858
R? 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 the rural area (RR) in column 1;
staying in agriculture within the same village (AAxStay) in column 2. Individual controls: education, experience,
experience sq., and gender. 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,
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Table 5: Parameter Estimates

(1) (2) (3) (4) (5)
Barriers to
Parametor Basic Compensating Barriers to mobility +
frictionless differential mobility compensating
differential

Variance of permanent comparative advantage in sector s (033) and covariance (ogan)

04 0.29 0.52 0.41 0.40
(0.03) (0.05) (0.02) (0.02)
Oon 0.63 0.48 0.64 0.61
(0.04) (0.04) (0.03) (0.02)
TgaN 0.26 0.18 0.26 0.25
(0.04) (0.05) (0.02) (0.02)
Variance of transitory productivity shocks in sector s (o2)
o2 0.00 0.12 0.25 0.25
(0.00) (0.03) (0.02) (0.02)
oy 0.06 0.01 0.03 0.00
(0.01) (0.01) (0.02) (0.00)
Variance of measurement error (o2)
o2 0.73 0.71 0.47 0.50
(0.01) (0.01) (0.02) (0.01)
Price of human capital in sector s at time ¢ (R})
R{ 0.80 0.47 0.77 0.77
R3 1.29 0.75 1.15 1.20
R4 1.18 0.62 1.10 1.10
Ry 1.41 0.88 1.51 1.60
R¢ 1.74 1.12 2.00 1.94
RY 1.08 1.31 1.48 1.56
RY 1.74 1.94 2.20 2.18
RY 1.36 1.66 1.79 1.86
RY 1.77 2.16 2.15 2.09
RY 2.16 2.50 2.52 2.66

Compensating differential

Incd - 0.61 0.11
(0.04) (0.04)
Probabilities of involuntary choices
p° - —~ 0.11 0.11
(0.01) (0.01)
pl - - 0.81 0.81
(0.02) (0.02)

Notes: Standard errors from 100 bootstraps in parentheses. All standard errors for R; are smaller than 0.1 times the
point estimate value.

33



Table 6: Auxiliary Models and Selected Coefficients

Auxiliary model Selected coefficients Coefficient description
i) Log-residual income linear regression on the sector 01 Non-agriculture premium
choice: (cross-sectional)

Ingits =c+ 1{dix = N} 61 + Dy + €it

ii) Log-residual income linear regression on the sector 02 Non-agriculture premium
choice: (within-individual)

Ingis =c+1{dix = N} do+ Dy + D; + €it

iii) Log-residual income linear regression on the 03 =YNA Premia for switchers to

direction of sector switching: 04 = YAN — YNN each sector relative to

Ingits = ¢+ 1{dit—1 = s,dit = 8’} vss + Dt + €5t their peers post-switch

iv) Log-residual income linear regression in first 05 = 0AN Premia for switchers to

differences on the direction of sector switching: 06 =0na — ONN each sector relative to

Alngis = 1{diy—1 = 8,dit = '} Vs + ADy + €45 non-switching workers

v) Log-residual income linear regression on the o7 Constant

interaction between sector choice and year: 08 = Yax2...016 = Interactions of sector and
YN x5 year

Ingis = 67 +{1{dyy = N} x 1{dit = t}} voxt +€ist

vi) LPM of sector choice on time dummy variables: O17 Constant

1{dit = N} =022 + 1{dit =t} 11 + €45t d18 =72...021 =75 Year dummies

vii) LPM of sector choice on previous sector choice: 022,023 Constant and lagged
1{diy = N} =027 + 1{djy—1 = N} dag + €ist sector choice

viii) Residual variances: 024, 025 For workers in each sector

from model v

d26, 027 For non-switching
workers in each sector
from model iv

028, 929 For switching workers to
each sector from model iv

Notes: LPM stands for linear probability model. §i:s is the residual income of individual ¢ in time ¢ working in sector s,
calculated as In §izs = In s — X0y B, where Yits is the observed income, X/, is the set of observables that includes gender,
urban-rural location, years of schooling, years of work experience and the square of years of work experience, and B is
the vector of the estimated coefficients on the observables in the log-income linear regression on the interaction between
sector choice and year conditional on observables: Inygs = 6 + X{, 8+ {1{dit = N} x 1{dit = t}} Voxt + €ist. Dy
corresponds to the year fixed-effect (t=1,...,5) and D; to the individual fixed-effect. Az is the first difference of variable
z. 1{d;+ = N} is a dummy indicating whether individual ¢ works in non-agriculture in period ¢, 1 {d;t—1 = s,d;z = s’}
is a set of dummies indicating whether individual ¢ in period ¢ — 1 worked in sector s and in period tworked in sector
s', and 1{d;s =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 x 1 and in model viis t = 1.
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Table 7: Coefficients of Auxiliary Regression Models

(1) 2) 3) (4) () (6) (7)
Barriers to
Coefficient d; D 3 Standard error Basic Compensating Barriers to mobility +
(weight €2;) ata (9;) in the data frictionless differential mobility compensating
differential

Non-agriculture premia: cross-sectional (1) and within-individual (d2)
&1 (1) 0.57 (0.03) 0.56 0.60 0.48 0.49
5 (1) 0.40 (0.05) 0.21 0.35 0.40 0.41

Premia for switchers to agriculture (d3,d¢) and non-agriculture. (d4,d5). The first element in (a, b)
is relative to peers post-switch; the second to non-switching workers

03 (5) -0.05 (0.06) -0.05 -0.10 -0.04 -0.05
04 (5) -0.31 (0.05) -0.41 -0.37 -0.24 -0.25
85 (5) 0.15 (0.07) 0.21 0.31 0.24 0.24
ds (5) -0.42 (0.06) -0.21 -0.33 -0.40 -0.40
Constant (d7) and coefficients on interaction sector and year (dg : A X 2, dg : A X 3,...016: N X 5)
87 (5) 0.17 (0.10) 0.18 0.18 -0.18 0.16
S5 (1) 0.38 (0.07) 0.47 0.45 0.41 0.43
8o (1) 0.34 (0.07) 0.38 0.27 0.38 0.35
810 (1) 0.63 (0.07) 0.56 0.55 0.67 0.72
S11 (1) 0.85 (0.08) 0.78 0.78 0.94 0.89
812 (5) 0.76 (0.06) 0.60 0.64 0.70 0.74
d13 (1) 1.10 (0.06) 1.06 1.03 1.07 1.04
014 (1) 0.89 (0.06) 0.91 0.88 0.85 0.88
815 (1) 1.05 (0.06) 1.12 1.16 1.03 0.97
816 (1) 1.27 (0.07) 1.33 1.33 1.19 1.23

Constant (d17) and coefficients on year dummies (015 : t = 2, d19 : £ = 3...)

817 (10) 0.70 (0.01) 0.67 0.68 0.67 0.66

815 (10) 0.01 (0.02) 0.00 -0.03 -0.03 -0.03

d19 (10) -0.02 (0.02) -0.09 -0.02 -0.05 -0.05

830 (10) -0.03 (0.02) -0.04 -0.05 0.07 -0.08

821 (10) -0.04 (0.02) -0.05 -0.09 -0.09 -0.09
Constant (d22) and lagged sector choice (d23)

832 (10) 0.21 (0.01) 0.20 0.22 0.16 0.15

833 (10) 0.68 (0.01) 0.66 0.62 0.71 0.72
Residual variance of workers in agriculture (d24) and non-agriculture (d25)

S2a (3) 1.24 (0.04) 1.01 1.14 1.13 1.14

d2s (3) 0.95 (0.03) 1.19 1.12 1.09 1.06

Residual variance of non-switching workers in agriculture (d26) and non-agriculture (d27),
switching to non-agriculture (da2g) and to agriculture (dag)

d26 (3) 1.43 (0.06) 1.44 1.57 1.44 1.47
d27 (3) 1.08 (0.04) 1.56 1.44 1.01 1.01
das (3) 1.73 (0.14) 1.58 1.54 1.80 1.80
29 (3) 1.86 (0.14) 1.51 1.51 1.83 1.81
Overall fit (loss function) 2.013 1.462 0.414 0.380

Notes: A description of the auxiliary regressions is available in Table 6. €2; refers to the i—th element of the diagonal
of matrix 2. The overall fit is the value of the loss function being minimized by the estimation procedure.
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Table 8: Self-Reported Job Satisfaction

(1) (2) (3) (4)
Satisfied Satisfied Satisfied Satisfied

Non-Agriculture  0.019**  0.034** -0.009 0.026
(0.009)  (0.016)  (0.009)  (0.021)

Log Income 0.045%**  (0.028%**
(0.003) (0.005)
Year FE Yes Yes Yes Yes
Province FE Yes Yes Yes Yes
Indiv. cont. Yes Yes Yes Yes
Individual FE Yes Yes
Observations 23275 23279 19695 19698
R? 0.026 0.015 0.043 0.021

Notes: The dependent variable is equal to one if the worker reports being Very Satisfied or Satisfied with the job
and zero if Unsatisfied or Very Unsatisfied. Individual controls: education, experience, experience sq., and gender.
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 9: Reason for Job Separation

(A) Wage Growth for Job Transitions by Reason

Reason for separation
Dep. variable Voluntary Forced Family /Health Other Observations

A Log Wage - “0.393%KF Q. 44TRRE (. 24]%%% 1410
- (0.071) (0.072) (0.057)

(B) Job Transitions by Reason and Sector

Job transitions Reason for separation (share of total)
Voluntary Forced Family/Health Other No. of cases

AA 22.90 17.56 23.66 35.88 131
AN 37.18 10.26 23.08 29.49 78

NA 20.86 22.46 28.34 28.34 187
NN 30.62 19.41 20.07 29.90 1669
Total 29.49 19.23 21.16 30.12 2065

Notes: Data for wage workers in IFLS wave 4 and 5 who were fired or quit in the preceding 5 years. The reported
reason for separation from the previous job: voluntary: Wage/salary was too low, Not conducive working environment;
forced: Fired by the company because business was closed down/relocated/restructured, Fired for other reason, Refused
being relocated; family /health: Marriage, Childbirth, Other family reason, Prolonged sickness; other: Other. Panel A:
Dependent variable is change in log wage between the last job and current job. Voluntary transitions are the omitted
category. Controls: Year FE for current and last job, Province FE, Urban dummy, dummy for migrating outside of the
village boundary. 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.
Panel B: Fraction of job transitions occurring within and across sectors, broken down by reason for separation.
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Table 10: Counterfactual: Aggregate Income

(A) Effect on Aggregate Income

Variable Notation Counterfactual
Growth rate (%) in total income: (1) % (2) x (3) A%Y; 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 Um 0.57
(0.02)
(3) Growth rate (%) in total income of reallocated workers A%Y o, 106.5
(8.5)
(B) Effect on 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: The results correspond to the counterfactual exercise of eliminating involuntary switches. Panel A: Standard
errors from 100 bootstraps in parentheses.

Table 11: Sectoral Premia in Counterfactuals

(1) (2) (3)
Baseline

Coef. No barriers No sorting
model

Non-agriculture premia: cross-sectional (1) and within-individual (d2)
01 0.48 0.18 0.46
02 0.40 -0.31 0.44

Notes: The baseline model is from column 6 of Table 7. No barriers imposes p? = p® = 0. No sorting imposes
Ugm Ung UfA, JSN all equal to zero.
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Appendix

A Robustness of Reduced-From Findings

In this Appendix we show that the existence of a non-agriculture premium documented in section 3
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
in column 4 and 5 of Table 2.

A.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 panel A of Table A.1 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. Panel
B of Table A.1 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 Ip to 29 Ip in the worker fixed effects regression. More interestingly, Table A.2 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 Ip 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
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 our particularly surprising finding.

A.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 A.3 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.
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Controlling for worker fixed effects, the non-agriculture premium is 23 lp, while the urban premium
11 Ip. 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 A.4 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
A 4 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 Ip. 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
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.

A.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 A.5 reports the associated premia, calculated as the average marginal
effects of switching for the population.?? While some underlying returns do indeed differ by sector,
this has no significant effect on the estimated premia of interest.

A.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 A.6 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

22Results are similar if we calculate the average marginal effects for switchers instead.
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fifth.?

A related concern is whether it is meaningful to assign a worker to a specific sector within a
given year. Such an assignment could be problematic for workers frequently switching between farm
and non-farm work or splitting their time equally between the two sectors. In our representative
Indonesian sample working in both sectors in the same year is rare: only 9% of observations record
income from a secondary job in a sector different from the main job. Furthermore, among those
dual-sector workers the secondary sector accounts for only 13% of total income for a median worker
(23% on average). Even restricting the sample to rural workers, only 13% report having jobs in both
sectors. Thus the binary allocation to one of the two broad sectors is an accurate representation
for the great majority of workers.

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
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.

A.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 A.7 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 Ip to 27 Ip. This reflects the fact that
workers in non-agriculture work more hours, as illustrated in Table A.9. 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

23Using 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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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.?* 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 A.7 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).2° However, even when identified off switching workers income per hour is
still significantly (19 Ip) 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.

A.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.10 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

24Table A.8 and column 3-4 of Table A.9 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.

25If we control for hours worked in the income per hour specifications in columns 5 and 6 then the premia would
be identical to those in columns 3 and 4.
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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 A.11
shows that workers who started in non-agriculture in 1993 but switched to agriculture by 2014
had income growth over that period lower by 37 Ip 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 A.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 A.11 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 Ip (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 Ip than if they had remained in agriculture, though that effect is
less precisely estimated (significant at 0.10 level).26 Overall we take these results as evidence that
workers who chose agriculture have lower incomes even in the long run.

26In 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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Tables and Figures for Appendix A

Table A.1: Employment Shares by Job Type and Occupation

(A) Job Types

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

(B) Top Occupations

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 A.2: 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.

43



Table A.3: 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
R? 0.503 0.518 0.556 0.601

Notes: Individual controls: education, experience, experience sq., and gender. 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 A.4: Consumption Premia

(1) (2) (3) (4) (5) (6)
Log PCE Log PCE Log PCE LogPCI LogPCI Log PCI
NA sh. in HH income  0.305*** 0.702%**
(0.017) (0.040)
Non-Agr. 0.214%**  0.075%** 0.492%**  (.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./Y;n /Yy 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
R? 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 gender.
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.5: 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
R? 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 gender. 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.6: 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) (3)
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
R? 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 gender. 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 A.7: 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%** 0.4471%*** 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
R? 0.503 0.518 0.592 0.595 0.478 0.493

Notes: Individual controls: education, experience, experience sq., and gender. 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 A.8: 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
R? 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 gender.

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,

¥ 10,01,
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Table A.9: 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
R? 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 gender. 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.10: 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
R? 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) ()

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
R? 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 gender. 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.11: Long Run Premia

1993-2014 93-07/00-14

(1) (2)
A Log Income A 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
R? 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
coeflicients 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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Figure A.1: Mean Log Income by Employment History
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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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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 panel A 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 A.7 (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 Ip to 53 lp, premium with worker fixed effects (controlling for hours) drops from 25 Ip 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.?”
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 coeflicients 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”

27 Another 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 panel B 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 panel A.
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.?

Z8Furthermore, 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 A.5.
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Table B.1: Retrospective Recall

(A) Contemporaneous vs. Recall Data

Contemporaneous Retrospective
(1) (2) (3) (4) (5) (6)
Log Inc. Log Inc. LogInc./Hr LogInc. LogInc. Log Inc./Hr
Non-Agriculture 0.707FF%  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) () (6)
Log Inc. Log Inc. LogInc./Hr LogInc. LogInc. Log Inc./Hr
Non-Agriculture 0.588***  (,173%** 0.076%** 0.514%** Q. 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°FF*  _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

Contemporaneous measures based on values reported for last year.
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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C Estimation Procedure

In this Appendix we present some technical aspects of the estimation procedure. The vector of
structural parameters in the frictionless economy, denoted by ©, consists of the following set of 21
elements: {R{, S, 0%, 09an,0%,02} for t = 1,..5 and s = A, N. In this set, 03 and o denote
the variances in Xy and 3., respectively, ggan the covariance in ¥y, and g is comprised of the
Mincerian returns to the five covariates, denoted Bsez, Biocs Bedus Bewps and Begp2. For the model
with compensating differentials @ is augmented by cd, and for the model with involuntary choices
O is augmented by {pT, p° } The indirect inference loss function, denoted by Q(©), is computed
as:

Q) = (5-56)) 2 (5- ),

where § is the vector of coefficients of the auxiliary models estimated on the observed data, 33(@) is
the corresponding vector of coefficients estimated on the data simulated in the structural model with
parameters @, and (2 is a diagonal weighting matrix. For the 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 column 1 of Table 7, were assigned after extensive
experimentation with simulations of the model. We now comment on these weights, particularly
those that differ from one (the reference weight).

As we argue in the main text, the within-individual variation is key for identification. It is thus
important that the estimated model is able to match the transition probabilities and deliver the
observed premia for switchers in the data. Matching the number of switchers and stayers in each
year is especially crucial because it affects the precision of the obtained premia. For this reason,
the coefficients of the linear probability models have the largest weights in the loss function, with
a factor of 10. Moreover, we also assign larger weights (a factor of 5) to the two sets of switchers’
sectoral premia. First, to the premia in the model iv, since this regression allows the structural
model to deliver the gains for switchers to non-agriculture and the cuts in income for workers
switching to agriculture of potentially different magnitudes, allowing the estimation procedure to
identify any possible asymmetry in the barriers to mobility across sectors. Second, to the premia
in model iii, which compares the average income of a switching worker to each sector with their
peer group after the switch, providing information about the nature of sorting. In addition, the
estimated coefficients of the interactions in model v 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 estimated growth rates are combined with levels in the first year. These levels are primarily
affected by the constant and the interaction term of non-agriculture in the first year in model v,
so those two coefficients get larger weights, with a factor of 5. Finally, given the importance of
the residual variances in identifying the joint distribution of comparative advantage, they also have
larger weights in the loss function, with a factor of 3.

We minimize Q(©) using, in each evaluation, H simulated samples, each with size equal to the
number of observations in the balanced panel (N x T = 1752 x 5 = 8760)%°. For observables, we
take in each simulated sample the same values as observed in the data. To choose H, we numerically
explore how Q(©) varies with the simulation sample size. We find that the range of variation of
Q(O) starts to stabilize after we include 80000 individuals. Thus, we choose H = 40 ~ 80000/1752.

Optimizing Q(O) is challenging since the discrete choices in the selection model create a non-

29We compute the solution on the sample generated by H x N x T observations, a method that is equivalent to but
computationally more efficient than computing the average of H solutions on the sample of N x T observations.
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smooth function that behaves as a step function in some regions of the parameter space. To deal
with this problem, we use an algorithm with repeated iterations of an evolutionary method (particle-
swarm optimization) to find the global solution.?. We start with 16 runs of the particle-swarm
optimization over a wide range of the feasible parameter space. In each of these 16 runs we work
with 96 particles that initially are randomly and uniformly distributed. In the second stage, we
perform 8 additional runs of the particle-swarm optimization over 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. In this stage, we use the same distribution and twice the number of particles
as in the first stage. Finally, we perform an additional optimization in which we initialize 8 of
the 2*%96 particles with the solutions found in the second stage. The estimate © is the solution
that minimizes Q(©) across all of the 25 described runs of the particle-swarm optimization. Using
multiple numerical simulations, we find that our algorithm ensures a high degree of accuracy in
finding the solution, outperforming common packaged optimization techniques.

D Identification

In this Appendix we demonstrate how the structural parameters in © are identified for the simplified
version of our model with two periods and abstracting from the effect of observables on income.
We first show how identification is achieved in the frictionless economy, and next we proceed to the
model with barriers to sectoral mobility.

Denote 7§ = In Ry, ry = vy —rft, uf, = 05 + &5, for s = A, N and 62, = 02, — oan for k =u,0
and s = A, N. Notice that 02, = o2, + o2, for s = A, N, AN. Further, denote the st. dev. of

Uit = (uﬁ—uﬁ[) as 0 = /62,4 62, and the st. dev. of §; = (9;4—95\7) as o5 = /G54 + Tan-

Let y;, denote the logarithm of income of individual ¢ in sector s at time .

Basic Frictionless Economy (Model from Section 4.1)

In the frictionless economy sectoral decisions do not depend on workers’ histories, so the model
in the cross-section in each period t looks much like the standard Roy model with comparative
advantage determined by u;,. We can therefore identify the variance matrix ¥, (up to the variance
of the measurement error ¢2) and the prices of human capital 7§ from cross-sectional data. This

is a consequence of the normality assumptions for the distribution of both (GA oN ) and (sﬁ, sg ),

107
which imply that in each period (uf}, ug ) is joint normally distributed with variance >,. Hence,
the standard arguments of Heckman and Honoré (1990) for the identification in the normal case can
be applied. However, only with the panel data we can decompose ¥, into ¥y and ¥, the variances
of the permanent and transitory components of productivity, and identify o2, the variance of the
measurement error, by using the information obtained from the switching workers. Specifically,
we are able to find analytical expressions for the moments of the income distribution of the sector
switchers by exploiting the property that the draws of uj, in the different periods are joint normally
distributed, since each one is the sum of two normally distributed random variables. We can
thus express the transition probabilities across periods and the observed moments of the switchers’

300ther 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 applicability of each technique is model-dependent. Our algorithm is tailored to find an accurate
solution to our model.
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income growth using upper truncated multivariate normal distributions, where the prices of human
capital in the two periods affect the truncation values.

Letting A (-) = %, with ¢ and ® denoting the PDF and CDF of the standard normal dis-
tribution, and using properties of normal random variables from Heckman and Honoré (1990), we
can obtain the following expressions for the share of workers selecting non-agriculture and the first

three moments of the income distribution conditional on sector in each period t:
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With information for T' = 2 repeated cross sections, this system of 14 equations allows us to identify
rN, r{t for t = 1, 2 and the elements of the matrix o2l + X, Let us now show that the additional
information from the panel data allows us to further isolate ¥y, 3, and o2. We exploit the property
that (wig, wip) for t' # t and (ui, uf,) 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 X' evaluated at the vector A as ® (A, Y), the probability of

transition from N to N is given by:

P2=N,1=N) =P ({rf +uh <rd +ulf}, {rf +uf <r{ +ull})

=P ({uig < 7m2},{uin <r1})
=0 (7 NN, 27) (A8)

*2 *2
where 7 yy = [ro,71]) and Xp = l ?*LQ Z‘ZQ ] . The probability of transition from N to A is given
u

0
by:

P(2=A,1=N) =P ({-uip < -2}, {us <r})
=® (7 na,Zw), (A.9)
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0.*2 _0.*2
where 7 y4 = [—79,71]" and Xy = Y a*g . Similarly:
Y0 u
P2=N,1=A)=®(7sn,Zw) (A.10)
P2=N,2=A)=® (7 a4,27), (A.11)
where 7 4y = [r2, —r1]" and 7 a4 = [—ro, —r1]"

Now consider the values of the expected income in the second period for each transition group
of workers. While we do not need these values directly in the case of the the frictionless economy,
we illustrate here how to compute them to introduce some notation that we use later. The income
of stayers in IV in period 2 is given by:

E(y¥2=N1=N)=r) + B (u}j|2=N,1=N)
=ry +E (ug| {uig < ro}, {ui < 7"1}) .
Notice that the expected value in the second term of the RHS can be expressed as:
E (Xf1X§2X§3\ 00 < Xi < biyi = 1,2,3) : (A.12)
where X7 = ug, X9 = uj9, X3 = u;1, k1 = 1,ko = k3 = 0, by = o0, by = r9, and b3 = ry. This

expected value is the moment of the upper truncated multivariate normal distribution with mean
0 and variance:

2 ~2 ~2
ag —0, —0,
ulN ulN ON 2
Y _ _5.2 0.*2 0.*2 _ OuN ANN
A %N w2 92 B AINN Xr ’
~ * *
—O9N Tg Oy

where the vector Ay is defined as Ayy = [—62y, —G2y]. In general terms, we can denote the
expected value in (A.12) for the particular case ko = k3 = 0 and by = oo as the function Mj(-) of
the variance matrix X, the elements by and b3 stacked up in a vector B and the coefficient k = k1,
that is:

Ms; (B, . k) EE(Xﬂ — 00 < X1 < 00,—00< Xo < By, —00 < X3 < BQ),
where { X1, X9, X3} ~ N (0,%). Then we can rewrite:
E(y3]2=N1=N)=r) +My(7 wx, Zyn, 1).
To evaluate M3(-) we can use the recurrence relations developed by Kan and Robotti (2017) to

compute numerically the moment generating function of the truncated multivariate normal distri-
bution (first obtained by Tallis, 1961)3!. Following similar arguments, we can show that the income

31We use the function multivutmom developed by Kan and Robotti (2017) in the Matlab package ftnorm.
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of each remaining transition group in period 2 is given by:

E (y4l2=N,1=N) =r§ + M (7 va, ¥na, 1)
B (yl|2=N,1=A4) =r} + My (7 an, Zan, 1)
E (yz'A2| 2=A,1= A) =r + Ms (7 44, Zan, 1),

2 2 2
where Y4 = [ Z,“A /;\;[’/4 ], AN = [ U}‘N /;41/5 ], and Y4 = [ U}LA /;47:4 ], and where
NA AN AA

Ana = [—62,,62,4], Aan = [-625,65x], and Aua = [—52,,—65,4]. Similar to the calculation of
the first moments above, the second and third moments of income for each transition group can be
computed as functions of Ms(-,-,2) and Ms(+, -, 3), respectively.

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

E(yly —yil2=N1=4) =) = + B (uf} —uii|2=N,1= 4)

=1 =+ B (uff - ul] {wia <o}, {~ua < —r1})

=1y —r{' + Ms(7 an, Zan, 1), (A.13)
oot onyn — 200AN Aan

AN Zw
expected value of the growth in income for switchers from N to A is:

where Xy = and Ay = [—65]\, — &gA, 512“4 + &gN]. Similarly, the

E(ys—yN|2=A1=N) =rf' = ' + My(¥na, Ewa, 1), (A.14)

oaa+Oon — 200AN Ana
of the growth in income for switchers are calculated as:

where Yy 4 = and Ay = [~62 4 — 625,52 + G24]. The variances

Var(yg—yﬁM:N,l:A)
2 2
=F ((ug - uﬁ) | {uio < ro},{—ui1 < —7“1}) - F (ug —uj|2=N,1= A) + 202
. - 2
= M3(?AN,EAN72) + (M?,(?AN, AN, 1)) + 20’3. (A.15)
Similarly:
. - 2

Var (y -yl 2= 4,1 = N) = My(7na, Ena,2) + (Ma(Pna, Evas1)) +202 (A16)

The system of 22 equations (A.1)-(A.7) (one set for each period), (A.8)-(A.11), and (A.13)-(A.16)
has a unique solution for the 10 elements of ©. We verified this after extensive experimentation
using global solvers over a broad range of feasible values for ©. This shows that the share of workers
in each sector and the first three cross-sectional moments of income in each period, the transition
probabilities across waves for each group of workers, and the first two moments of the income growth
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for switchers uniquely identify the full set of structural parameters.

Generalization I: Compensating Differential (Model from Section 4.2)

In the model with a compensating differential, we use exactly the same set of 22 moments computed
above to identify the 11 elements of © (same parameters as in the basic frictionless economy plus
the parameter cd). The only required change in the expressions for the moments is the substitution
of ry = rN —rf! —Incd for ry = rN —r{!. The compensating differential only affects the terms related
to the selection bias. As in the frictionless case, we verified that the system of 22 moments has a

unique solution for the 11 elements of ©.

Generalization II: Barriers to Sectoral Mobility (Model from Section 4.3)

Now consider the model with involuntary switches. The objective is to find expressions for the same
set of 22 moments as in the frictionless case (i.e., equivalents of equations (A.1)-(A.11), (A.13)-
(A.16)) to identify the 12 elements of © (the same 10 parameters as in the frictionless economy
plus the two probabilities of involuntary choices). The difficulty in obtaining expressions for those
moments stems from the fact that sectoral decisions depend now on workers’ histories, and hence
all moments, including the cross-sectional ones, depend on the income distributions in the previous
periods. We present here the general rules to derive expressions for those moments. Denote the
CDF of a multivariate normal distribution with mean 0’ and variance X' evaluated at the vector A
as ¢ (A, ). Moreover, define 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 p°, and for workers who want to switch
sector as p!. Denote pg =1-p° and pl =1 —pT. For the allocation of sectors in period 0 we
assume that a fraction p° of workers are forced to be out of their desired sector.

First, consider the cross-sectional moments in period 1. The 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 realized transition
group. 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 realized 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 A4

NN () s o T
NA | 55 Bl () P
y I ()
AA | T oS et (o)

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

Realized

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

PO=N1=N)=(p5) PL(0=N1=N)+pSp"P (0= N.1=A)
+p°plP(0=A,1=N)+p°pTP1(0=A4,1=A)
= (p§>2 O (7 NN, O7) + P @ (7 va, Zw)
+ P (7 an, Sw) + popT @ (7 a4, Or)

Where?NN, 7NA, 7 AN, 7 A4, Lw and Yp are as in the frictionless economy. Arrange the

probabilities of all four possible transition paths in the frictionless economy in a column vector Cf,
i.e.:

B—[(Fan.5r) @ (FraSw) @ (Fan,Sw) @ (7 an 1) -

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

P(O=N,1=N)=Fxyx P4,

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

P(0=s,1=4) :?ss/ X ?f

for s,s' = A, N, where ? NA, F AN, ? A4 are row vectors with the shares of workers displayed in
the second, third and fourth rows of Table D.1, respectively. Hence:

P(l1=35)=P(0=N.1=5)+P(0=A1=s)= (Fy.+ Fa)x P}

for s = A, N. This is the analogue of equation (A.1) for t = 1 in the frictionless case.
Now consider the expressions for the values of the expected income in the first period. For sector
N we have:

E(yN[1=N) =) + B (ul]1=N)

N E(ug\{u:N,o:A)FANx?§+E(uﬁ|1:N,0:N)?NNx?ff

T (?NN + ?AN) X ?‘11

(A.17)

To find expressions for FE (uf\“ 1=N,0= A) and F (uf\{\ 1=N,0= N) we need to compute the

expected value of u} for the individuals in all possible desired transition groups. Such expected
values are the elements of the column vector:

/
N= [M3(7NN,ENN7 1) M3 (7 na, Snav: 1) Ma(7 an, Zan, 1) Ms(7 44, Saan, 1)}

61



2 A
with M3(-), Yy, and Yapy as in the frictionless economy, and now Xy 4y = [ TuN AN 1

/
AN Xw

ouy  —ANn
through the following weighted average:

and X N = ] Thus, the conditional expected values of uf\{ can be computed

Fov- (BPY| x EX
E(uﬁ\l—N,o—s)—[ v ” (A.18)

?SN X ?‘f

for s = A, N, where - denotes the dot product. Substituting (A.18) for s = A, N in (A.17) we get
the analogue of (A.2) for ¢ = 1:

. o (P Fav) - (Pe)] < B2
E(Z/il’l:N)zrl +[ (?NN-F?AN)X;% .

Using a similar reasoning, we can obtain the analogue of (A.3) for t = 1:

(Fra+ Paa) - (P9)] < B
(?NA + ?AA) X ?‘f 7

E(yﬁH:A):rfl—i-

where ﬁ{‘l is the column vector with elements:

/
&= [M3(7NN7 Snniar 1) Ms(7 na, Enva, 1) Ma(7 an, Zanjas 1) Ms(7 44, Saa, 1)]

2 A
with Y44 and Yy 4 as in the frictionless economy, and now X yj4 = U“,A NA | and
2
o —Aaq
Inna=| ¥ D
AA T

Following similar steps, the formulas for the second and third moments of the income distribution
in period 1 can be obtained by substituting the expressions for the conditional expected values of
us? and u$ (for s = A, N), respectively, into the formulas for the corresponding moments derived
in the frictionless case. We thus obtain the analogues of (A.4)-(A.7) for t = 1:

[(?Ns + ?AS) : (ﬁ@/} X ﬁi?
(?Ns + ?As) X ?(11/

Fret+ Fas)- ?il | % Ei?
E(ly - BEal1=9P1=5) = [( (;N + )?A() x);d

— 3B (uii|1=5) [Var (yi| 1 = 5) = 02| = [B (ui|1 = 5))°

Var (yi| 1= s) = — B (u}y]1=5)" + o}

0
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for s = A, N, where:

/
&= [M3(7NN72NN\AJ) M3 (7 na, Snasj) Ms(T an, Zanja. i) M3(7AA,2AA,J')]
/
ﬁﬁ = [M3(7NN,2NN,J') M3 (7 na, SnanJ) Ma(T an, Zan, ) Ms(?AA,EAAwJ)}

for j = 2,3.

Now consider the transition probabilities between period 1 and 2 and the cross-sectional moments
in period 2. Once again, we need the proportion of workers of each desired transition group that
ends up in the corresponding realized 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

=3

< NNN ()7 05T )T ps (") p () poSrT prTeS S (7))
.é NNA | (5)p5 (05 2p52 pﬁprS2 pupT Pl (ps)ipﬁ pspip?’f (p° 2p€ pspzpf
T NAN pSpSpT  pS (]025) 3 (p7) p;?p?éps (pS)ng (psz) P (on)” () P
& NAA | pip®p"  (py) p®  pipipt  (ph) pr (%) p" (%) pn  ppip"  pSplpl
T OANN | pSpIps pSpInt  (0%)’ps (0%)pT (05)°pD pipleT (0 )zpz pap°p”
E

(
ANA | (%)L p° (1725)2 ) @ )pr spirS oS (D) Pl (102;9 pfpipf
AAN pSprZ2 )" pT ppipl (»°) pé pipTPZQ pﬁﬁips (pf )2195 (r3) gs
AAA | pS (") %" peip” % (pR)” pn 0F) (en)P" (0n) P (pR)
*The first, second and third letters correspond to the sector in period 0, period 1 and period 2, respectively.

Arrange theﬁprobabﬂities of all eight possible transition paths in the frictionless economy in a
column vector P§, i.e.:

!/

d_ (7 nnn, 2rr) @ (7 anva Srw) (7 van, Zww) @ (7 naa, Swr) ...
2 (7 ann, Swr) @ (7 anva Sww) © (7 aan, Xrw) @ (7 aaa, X77)

where 7 sog V 5,8, 5" = N, A with:

7NNN = [7’2, 7/]\[N}lv ?NNA = [_7427 ?%VN]/’ 7NAN = [7427 7£4N]/ 7NAA = [_T2> 7§VA]/7

?)ANN = [7‘2, 7{AN],v 7ANA = [_7“27 7{4N}/7 7)AAN = [7’2, 7{AA]la 7AAA = [—7’2, {AA]ly

and:
ot op? o}? o2 —or —op?
Xrr = 052 0;‘12 a2 |, Yy = —0’52 022 0’52 ,
0.52 0.32 0.22 _0.;2 0.52 0.22
022 _022 0_52 022 0*2 _0*2
Xww = —052 o2 —0’52 , Ywr = 052 o2 —052
0.:52 0.;2 0.;22 _0.22 _0.:52 0.22
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Thus, the probabilities of any of the eight possible transition paths can be written in a compact
form as:

P0=s1=5,2=¢")= ?SS/S// X ?g Vs,s,s" =N,A,

where ? ss's 18 a row vector with the shares of workers displayed in the corresponding row of Table
D.2 of the realized transition from sector s in period 0 to sector s’ in period 1 and to sector s”
in period 2. Hence the probabilities for the observed transitions between period 1 and period 2
(analogues of (A.8)-(A.11)) are:

P (1 _ S/,2 _ S”) — (?As’s” —+ ?Ns’s”) X ?g
and the analogue of equation (A.1) for ¢t = 2 is:

P2=s")= (?NNSH + Fang + F g + ?AAS”) x Py,

Similarly as for 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 uf,, ufs and ufs into the
corresponding formulas for the cross sectional moments in period 2. For this purpose, consider

the moment F (XlekQXk3Xk4\ —o00< X; <b,1=1,2,3 4) of the upper truncated multivariate

normal distribution N (0, X) with ko = k3 = k4 = 0 and b; = oo as a function My (B, ¥, k) of the
variance X, the elements bo, b3 and b4 stacked up in a vector B and the coefficient k = ki, that is:

M4(B,2,k)zE(Xf\ —oo<X1<oo,—oo<X2<B1,—oo<X3<B2,—oo<X4<B3).

Define the column vectors:

7a _ | Ma (7 NnNs Ennngand) Ma(T ynva, Syna, §) Ma(T yvan, Envaniad) Ma(7 yaa, Exaa, i) |
2 My (7 aNN, YanniasJ) Ma(7 ava, Xana,j) Ma(7 aan, Xaania,j) Ma(7 aa4,X444,])

BN _ My( ?gNN,ENNN; 3) Ma(7 yna, Ennvansj) M4(?_J>VAN,ENAN7]') M4(7 Naa, Snaan, ). /
2 My (7 ann, YANN, J) Ma(7 anva, Bavain, i) Ma(7 aan, Xaan,j) Ma(7 aaa,Laaan, J)

for j =1, 2,3, where:

i 2 2 2
o A o A o A
N NNN NNA NAN
JNNN = A/“ 5 , UNNA = ,uA > , UNAN = N 5 ;
| “'NNN T NNA ™™ NAN ww
i 2 2 2
o ANaa o AANN o Aana
2Naa = ,uA S , JANN = v 5 , YANA = A ud 5 ,
NAA wT ANN wT AN A ww
T 9 2
o AAAN o Agaa
2AAN = A/“N 5 Yaaa = A,“A 5
| Aaan  ZTw AAA T
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with:
2 2 2 2 <2 2 ~2 =2 2
ANNN = [_UuNa _00N7_09N} , ANNa = [_UuAvgeAaaeA] , ANan = [—UuN>‘79Na _O-QN} ,
) 2 2 ) ) 2 .2 -9
Anaa = [_qub _UQAaaeA} » Aann = [—%J\h _UGNvUHN] » Aana = [—UuAJeAa _UOA} g

~2 <2 =2 ] ~2 ~2 ~2
Aaan = [_UquaeNvo'eN_ , Aaaa = {_UuAa_09A7_‘79A}

and:
2 1 2 2
5 _ OiA —Aaaa 5 _ Oin —Aaan 5 _ A —Aana
NNN|A — A St ’ NNA|N — A Zrw ) NANJ|A — —A Zww )
L AAA | AAN ANA
r 2 2 2
5 - oiN —Aann 5 - oo —Anaa 5 - oaN —Anan
NAAIN — A ¥ ; ANN|A — 7 X ) ANA|N — Y ¥ ’
L ANN wT NAA wT NAN ww
2 2
5 _ o —AnNa 5 _ oiN —AnNN
AAN|A — _AI X ) AAA|IN — _A/ 5 .
L NNA T™W NNN TT

In addition, define the (transition) event 2%% = {2 =¢',1 = s} for any s,s' = A, N. Then, the
formulas for the first, second, and third moments of income of individuals in each transition (25
are given by:

., / S / [(?Nss’ + FASS/) : (ﬁg)/} « B3,
FE (yz2| (2 ) =ry, +E (%2’ 2 ) =7y + (?Nss, N ?ASS/) » ?g

-? /—l—? ’ ~ﬁd/-xﬁs/
Var (y) ) = ( N(S;zN :ss?)A <) i)?g -5 (Ufé|985')2+03

/ L oss 13| ose _<?NSS’ + ?Ass’> ' (?g)’ « E3,
B (- £ (vt )] 1) =L (Fror = Foa) P

=3 (| ) [Var (y3] 2) — 02 — [E (up 2]

Combining those formulas with the probabilities of each transition group, it is straightforward to
derive the expressions for the first, second, and third moments of income for the pool of workers in

each sector in period 2 (i.e., the analogues of (A.2)-(A.7) for ¢t = 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 ul — uﬁ and

ui‘% - uf\{ for individuals in all desired transitions groups. For this purpose, similarly as above define

the (column) vectors:

AN _ Ma(7 NNN, EnnnjansJ) Ma(Tyna, Envajan, ) Ma(7 van, Evan, j) Ma(7 naa, Snaajan, i) /
2 Ma(7 ann, Zanniansd) Ma(T ana, Sanajan,j) Ma(7 aan, Zaan, ) Ma(7 144, Saaajan,))
NA _ Ma(7 NNN7ENNN|NA7 ) Ma(7 nnva, 2nvna, §) Ma(7 nvan, Enaniva,j) Ma(7 vaa, Enaaina, i) /
2 Ma(7 ANN, Zann|na, ) M4(7ANA,EANA §) Ma(7 aan, Eaanina,j) M4(7AAA,EAAA|NA7 )
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for j = 1,2, where:

~ + 02y —209an  Aaan - o2+ 02y —200an Anan
YAAN = %A /fN 5 , nan = | uA T TuN 5
AAN T™W NAN WwWwW
= + 02y —209any Aana = 02, + 02y —20p0an Anna
YANA = %ua /fN S , Enna=| uA T TuN S
ANA ww NNA T™W

with:
5 ) 2 .2 2 =2 ) T ) 2 2 ) ) )
Aaan = [—%N —09A,0uA T OgN,Tga + 091\/} , Anan = [—%N —09A,0uA T OgN> —0ga — UHN}
T ) 2 2 ) ) ) 2 =2 2 2 )
Aana = [*%A — OgN»OuN T Tgas —0OgN — UeA] Anna = {*%A — 09N, OyN T 0ga, 0N + 0’0,4]

and:

Deersn(2,2 Aggrsr|N A Yewen(2,2)

2 2 A =~
2 GuA+UuN_200AN ASS,S”|AN 2 _ 0-121A+0"121,N_20-9AN ASS/S”‘NA
ss's""|AN — A’ ) ) “~ss's""|[NA — 1 3

Ass’s”\AN

vV s,s',s" = N, A (that is, the matrix in the position (2,2) of 255/5"|AN and 255/8//‘]\714 is the same
matrix of the position (2,2) of Xy in the expressions above, where:
~ OGNy —Oun — Toa, 0N — Gpal

A 52 ~2 ~2 ~2
Apanjan = [ Gan +05a, Goa+0Gons Gin + 5oal AAAA|NA

7 52 2 2 9 52 2 "
Aanajan = Gon +Gga,—Gon — Gpns Gan +034) AAAN|NA uA+UeN» N~ 0gas —OgN —

T 2 2 52 2 .2 9
AN aajan Gon +Gpar Oua+0in,—0gn — ga) Anaaina =[—0os — 6in.—Gun — G, Fon + 4]

7 52 ~92 ~2 52 ~92 ~2 ~
ANNAjAN = uN+09Aa A —Oin, —OaN — Ghal ANAN|NA uA+09N7 Gan —0sas Ogn + 054l

~2 ~2 ~2
OGA’_UuA_UQNv UeN—UeA] ANNNlNA

[ o [-o
[ o [ o
AsNN|AN = [—Gon — Gpas—Gon — Gons Gon +054]  Aanniva = Gon+ 64y, Gon + 0654, —Gon — Goal
[ & [-
[ & [ o
[-& [ Goa+Tons Tun +054, Ton +Tpal -

ANNNIAN =

Using the definitions of J N and ﬁN A for j = 1,2, it is straightforward to derive the expres-
sions for the first and second moments of the growth in income for switchers. For example, the
corresponding expressions for switchers from N to A (analogues of (A.13) and (A.15)) are:

{(?NNA + ?ANA) (?d) ] NA

E (yw il QNA) =g +E ( - v QNA) e (?NNA + ?ANA) X ?g

ooy [P P (2] 2
Var(yig vl 2 )_{ (?NNA—F?ANA)X]?g

Similar expressions can be derived for switchers from N to A (analogues of (A.14) and (A.16)).
As in the cases of the frictionless economy and the model with a compensating differential, 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 ©.
Finally, in the most general model with both barriers to sectoral mobility and a compensating
differential, the same formulas for the set of 22 moments mentioned in this section apply when

2
— B (ufy — uff| 2¥*)" 4 202,
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substituting 7y = 7N — rf# —Incd for r; = rN —rf!. As in previous cases, we verified the system

of 22 moments has a unique solution for the 13 elements of © (the same 10 parameters as in the
frictionless economy, the two probabilities of involuntary choices, and the compensating differential).

E Proofs

Proof of Proposition 1

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

— ~
E (y —yill2 = N,1=A) = My(T, Zaw, 1),

and where ¥ 4x can be simplified to

*2 2 2 *2 2 *2 2
3 76"+ oAt ON —2(09 JF UsNQ) %"t Tea
VAN = - (U; + JEN) O'; tocat oy _U;
05’ + 02y —op? 05 +olatoly

Re-write X4 in terms of the correlation matrix Cqy :

_ *2 2 *2 2
1 2(09 2+UEJV2) 200 ;FUSAQ
* *
5 5 %9 +JSA+U€N ) +UeA;_o-sN
— * *
Can = 2(09 2+UEN2) 1 P) _g 2
* *
) +0.5A+0.5N ) +0-5A+0-5N
O_*2+O_2 _0_*2
6 eA 1

*2 2 2 *2 2 2
L) +0€A +05N ) +0.5/14»0-5N

and denote piA}-N the (7,7) element of C4n. Using our definition of Mj3 (-) and explicit formulas for
the moments of the upper-truncated multivariate normal distrigltion in the trivariate case (derived
from recurrence relations) from Kan and Robotti (2017), M3( 0, Xax, 1) can be re-written as:

P ®s ([00, 0]; i) . P s (00,0 pilf%)
P35 ([00,0,0]; Can) ®3([00,0,0]; Can)

% ~
M;s(0,Xan,1) = —\/0;‘2 + 02, + 02y 9(0)

PN o piN
with pf;?\,g = d ik ik . Noticing that in our case ®s ([oo, 0] ;pf}?}i) = % V1,7, k, we
(=07 (- 62)
have ) )
. 0 _

2\/052 + 02y + 02y D3 ([00,0,0]; Can)

which is positive if and only if 02y > 02,. Following the same steps we find the expected log income
growth of switchers to from non—agriculture to agriculture as:

- = 0) [02y — 02
21/0;2 + 02 + 02y D3 ([00,0,0]; Cv a)
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Furtlie;rmore, it can be Vgiﬁed that ®3([00,0,0];Cna) = ®3([00,0,0];Can), which implies that
M;( 0, 24N, 1) and M3( 0, Xna,1) have the opposite sign but the same magnitude. QED.

F Alternative Specification of Mobility Barriers

F.1 Model with Switching Costs

In our baseline model barriers to mobility across sectors are captured by a probability of being
allocated to a different sector than the worker would prefer. In this appendix we consider an
alternative type of barrier to sectoral mobility: a utility cost of switching across sectors. This cost
could reflect tangible expenditures such as training costs, or intangibles such as social adjustment
costs. There is a large literature estimating switching costs in other settings (Dixit and Rob, 1994;
Artuc, Chaudhuri and McLaren, 2010; Dix-Carneiro, 2014).

Denote by ¢*'% the utility cost for switching from sector s’ (which was chosen in ¢ — 1) to sector
s, common to all individuals. The value of working in sector s is then:

Vi (Qir) = Inyg (Qig) — In O (Qy)

where )
@%° ifs#£§

1 ifs=s

O8t—15t (ta) — Cs/s — {

The problem of the worker is the same as in (3) but with V* (Q;;) = V& (). The switching costs
act as if proportionally scaling down or up income, so they can be interpreted in terms of annual
earnings. Switching costs adds two parameters ((bAN N A) to ©.32

Perhaps a natural case is to think about switching costs as indeed costs, i.e. imposing In ¢** to
be non-negative. However, we also consider a more general case in which switching “costs” could
measure a utility compensation (for In qﬁsls < 0). There is a link between this more general case and
a specification with compensating differential, in that the model with a compensating differential
cd is observationally equivalent to a model with switching costs ¢V = ed, ¢NV4 =1 /cd.

F.2 Results

When we restrict the switching costs to be non-negative we find that they have little impact on
the estimates relative to the basic frictionless case (cf. column 1 in panel A of Table F.1 with
column 2 in Table 5 for structural parameters and column 3 in panel B of Table F.1 with column
4 in Table 7 for auxiliary model coefficients and fit). 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

32Following similar steps as in Appendix D we can demonstrate how the structural parameters are identified. These
derivations are available upon request.

68



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
3 in panel A of Table F.1 shows the estimates for the model with unrestricted switching costs,
and column 4 in panel B of Table F.1 the corresponding coeflicients of the auxiliary models. The
switching costs are of opposite signs, approximately symmetric in magnitude, and of a large magni-
tude. 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 dou-
bling her new agricultural 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. The overall fit of the model with unrestricted switching costs is
thus substantially better than for the basic frictionless model.

However, since the estimated switching costs are nearly symmetric (i.e. is close to
1), the model with unrestricted switching costs is nearly identical to the compensating differential
model from section 4.2. This can by seen by comparing results in Table F.1 with those in columns
3 in Table 5 and 5 in Table 7. Despite having one more free parameter, the model with unrestricted
switching costs offers only a negligible improvement over the compensating differential model in
terms of model fit and it offers basically the same interpretation of the data - workers need to be
compensated in utility terms to switch to agriculture in the observed numbers.

Finally, note that the model with utility switching costs fits the data substantially worse than
our baseline model with forced sectoral choices. This is a fair comparison as both specifications
have the same number of free parameters.

¢AN¢NA
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Table F.1: Results for Model with Switching Costs

(A) Parameter Estimates (B) Coefficients of Auxiliary Models
(1) (2) 3) (1) (2) 3) (4)
Non-negative Unrestricted Coefficient 6, Non-negative Unrestricted
Parameter switching switching ioht Q_)Z Data (6;) switching switching
, costs costs (weig ¢ costs costs
Tga (8-3;) (g-gg) 6 (1) 0.57 0.62 0.60
02 o oo 5 (1) 0.40 0.23 0.35
0N o) o) 83 (5) 0.05 0.05 -0.10
- 030 ol 81 (5) -0.31 0.34 -0.36
(004) (004) 35 (5) 0.15 0.26 0.29
o2, 0.00 019 3 (5) -0.42 -0.22 0.34
: (0.01) (0.03) 57 (5) -0.17 -0.16 -0.20
o2, 004 000 8 (1) 0.38 0.41 0.45
(0.01) (0.01) 8 (1) 0.34 0.34 0.27
a2 0.74 0.72 d10 (1) 0.63 0.60 0.55
(0.01) (0.01) 11 (1) 0.85 0.74 0.77
R4 0.92 0.45 d12 (5) 0.76 0.65 0.66
R4 1.37 0.73 413 (1) 1.10 1.07 1.04
R 1.27 0.57 514 (1) 0.89 0.95 0.89
RA 1.63 0.81 815 (1) 1.05 1.16 1.17
RY 1.90 1.07 516 (1) 1.27 1.38 1.30
RY 1.27 1.33 817 (10) 0.70 0.73 0.70
Ré; 2.05 1.95 815 (10) 0.01 0.04 -0.04
g% ;gg ;g? 19 (10) -0.02 -0.02 0.00
7 264 242 mao oo oor 012
, 21 -0. -0. -0.
Sw1tin(rb1§ A?ost of movmgo.ficg)m sector s to sg.cgzr s (¢°) 522 (10) 091 0.99 0.99
(0.05) 008 553 (10) 0.68 0.69 0.63
I g4 0.00 o6 2 (3) 1.24 1.00 1.13
(0.00) 0.03) 825 (3) 0.95 1.14 1.10
d26 (3) 1.43 1.46 1.59
Sa7 (3) 1.08 1.56 1.45
das (3) 1.73 1.58 1.52
29 (3) 1.86 1.53 1.52
Overall fit (loss function) 1.866 1.439

Notes: Panel A: A description of the structural parameters in available in Table 5. Standard errors from 100 bootstraps
in parentheses. All standard errors for R; are smaller than 0.1 times the point estimate value. Panel B: A description
of the auxiliary model coefficients is available in Table 7. €; refers to the i—th element of the diagonal of the matrix
Q. Overall fit is the value of the loss function being minimized by the estimation procedure.
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