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Abstract

Between 1979 and 1988, the Transmigration Program in Indonesia relocated two million voluntary
migrants from the Inner Islands of Java and Bali to the Outer Islands. We use this large-scale policy
experiment to identify the importance of skill transferability for economic development. We proxy
for migrants’ skill transferability using two novel measures of economic proximity that capture the
agroclimatic and linguistic similarity between migrants’ origins and destinations. The plausibly ex-
ogenous assignment of migrants to destinations allows us to provide the first causal estimates of the
impact of migrants’ economic proximity on local development outcomes in receiving areas. We show
that this quasi-experimental variation provides a novel solution to identification problems in multi-
sector Roy models. Transmigration villages exhibit significantly higher agricultural productivity if
they were assigned migrants from regions of Java/Bali with more similar agroclimatic endowments
and indigenous languages. Limited adaptation—in terms of occupational sorting, crop choices, and ex
post migration—may explain why initial origin-by-destination match quality matters over the long-
run. We also use a model to show that economic proximity proxies for migrants’ adjustment costs
and hence is a measurable source of comparative advantage. Overall, our findings have implications
for the design of resettlement programs and debates about adaptation to agroclimatic change. Using
an exogenous budgetary shock and a place-based evaluation strategy, we find that poor matching of
migrants to destinations may explain the absence of significant average treatment effects of this large
resettlement program on local economic development.
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1 Introduction

Skill transferability is central to understanding how individuals sort across firms, occupations, indus-
tries, and locations. These choices, in turn, have implications for the aggregate distribution of produc-
tivity. We study the transferability of skills across locations within agriculture, a sector which employs
1.3 billion people globally (World Bank, 2008b) and is at the core of ongoing debates about world income
inequality.1 We do so in the context of a large-scale, rural-to-rural resettlement program in Indonesia
known as Transmigration.2 Between 1979 and 1988, this seven-billion-dollar program relocated two mil-
lion voluntary migrants (transmigrants) from the Inner Islands of Java and Bali to the Outer Islands.
We examine skill transferability using novel measures of economic proximity that capture the similarity
between transmigrants’ origins and destinations in terms of agroclimatic and linguistic characteristics.
The plausibly exogenous assignment of migrants across destinations allows us to provide the first causal
estimates of the impact of migrants’ economic proximity on local development in receiving areas.

Our quasi-experimental variation in spatial labor allocation provides a novel solution to an “ex-
tremely hard” identification problem in multi-sector Roy models (Combes et al., 2011). This problem
was first highlighted by Heckman and Honore (1990) and spans multiple fields in economics.3 Consider
a Roy (1951) assignment model that matches farmers to farms. With two types of farms (e.g., Lowlands
and Highlands) and two types of farmers (born in L and H , respectively), there are four potential out-
comes: YLL, YHH , YLH , YHL where Yij is the agricultural productivity of a farmer born in location i and
farming in location j. We want to estimate the effects of economic proximity on productivity. However,
this poses several identification challenges. First, we show in Section 3 that under some assumptions, if
farmers sort based on comparative advantage, the econometrician would only observe two of the four
outcomes. Second, omitted variables that influence both location choice and productivity may be corre-
lated with economic proximity. The exogenous assignment of transmigrants addresses both problems.

We develop a model to explain why economic proximity is positively related to both the transfer-
ability of migrants’ skills as well as their comparative advantage at the destinations. A farmer’s human
capital is specific to characteristics of her birth location. Farmers can transfer this human capital more
successfully if destinations are more similar to their birth locations (transferability increases with eco-
nomic proximity). Therefore, conditional on observably identical destinations, migrants from similar
origins have greater comparative advantage relative to migrants from dissimilar origins.

When we aggregate our individual-level model to the village level, we show how to obtain con-
sistent estimates of the impact of economic proximity on local development. Our main village-level
dataset combines newly digitized data from a 1998 census of Transmigration villages, with outcome
variables from Indonesia’s 2003 Village Potential survey and individual data from the 2000 Population
Census. Our primary village-level outcomes are rice productivity, total agricultural productivity (with

1Labor mobility and sorting have important implications for the agricultural productivity gap (Gollin et al., forthcoming),
structural transformation (McCaig and Pavcnik, 2013; Michaels et al., 2012; Young, forthcoming), and the rural-urban wage
gap (Munshi and Rosenzweig, 2013; Young, 2013).

2Resettlement schemes are found in many developing countries, including China, India, and Brazil (see Kinsey and Bin-
swanger, 1993). Examples in developed countries include the Moving to Opportunity program in the United States (Kling
et al., 2007) and various (refugee) resettlement programs in Europe (Edin et al., 2003; Sarvimäki et al., 2010; Beaman, 2012;
Glitz, 2012; Bauer et al., forthcoming).

3Recent studies are found in labor (Bayer et al., 2011; Dahl, 2002; Gibbons et al., 2005), spatial and urban (Combes et al., 2008),
development (Suri, 2011), and trade (Costinot et al., 2012).
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crop-specific revenue weights), and light intensity growth.4

Our empirical analysis compares Outer Island Transmigration villages with a high share of Java/Bali
migrants from origins with similar characteristics to observably identical Transmigration villages that
have a high share of migrants from dissimilar origins. The identifying assumption is that our proximity
measures are uncorrelated with unobservable determinants of productivity. We show that the spatial
allocation of transmigrants is uncorrelated with observable determinants of productivity, and does not
follow the typical gravity patterns found in settings where migrants selectively choose destinations.

We estimate a parameter akin to an “assimilation elasticity” that relates economic proximity to mi-
grants’ transferability of skills, similar in spirit to the trade elasticity that relates physical proximity to the
transportability of goods. We are among the first to estimate an assimilation elasticity that relates quasi-
experimental variation in economic proximity to the transferability of migrants’ human capital.5 In
many labor markets, it is “notoriously difficult” to measure the ability of workers to transfer skills across
sectors (Bauer et al., forthcoming). An advantage of the agricultural context is that farming in differ-
ent environments requires very different production methods, and we observe many characteristics that
capture these differences.6 Using a detailed geospatial dataset containing predetermined village-level
measures of topography, climate, soil characteristics, and local languages, we measure the differences
between individuals’ birth locations and the 1,021 Transmigration villages in the Outer Islands.

We construct two novel measures of economic proximity that take advantage of the vast differences
in agricultural systems and ethnolinguistic diversity across Indonesia.7 Our first measure, agroclimatic
similarity, is higher when origins (in Java/Bali) and destinations (in Outer Islands) have more similar
agroclimatic features and hence growing conditions. We compare Transmigration and other villages in
the Outer Islands and find that non-Transmigration villages exhibit less dispersion in agroclimatic simi-
larity, which is consistent with Heckman and Honore (1990). Moreover, the distribution of agroclimatic
similarity in non-Transmigration villages displays a rightward shift relative to Transmigration villages,
suggesting that spontaneous migrants choose to move to destinations that are similar to their origins. We
apply a similar approach to measure linguistic similarity using Ethnologue data on the native homeland
and familial classification of Indonesia’s more than 700 languages.

Our preferred estimate implies that an increase in the agroclimatic similarity index by one standard
deviation leads to a 21.5 percent increase in rice productivity.8 Villages with a high share of Java/Bali

4Rice is the main crop in Indonesia and is grown by nearly 80 percent of farmers. Rice productivity is an important outcome
because one of the key objectives of the Transmigration program was to expand rice output in the Outer Islands for food
security reasons. Light intensity growth has been shown to proxy for economic growth at a cross-country level (Henderson et
al., 2012), and we use it here to measure changes in village-level economic activity from 1992 to 2010.

5Friedberg (2000), Lubotsky (2007), and Abramitzky et al. (forthcoming) study the economic assimilation of migrants to Israel
and the United States (see Borjas, 1999, for a survey of the literature). Other studies that examine the relationship between
notions of economic proximity and productivity outcomes include Ellison et al. (2010), Greenstone et al. (2010), Gathmann
and Schonberg (2010), Hsieh et al. (2013), and Moretti (2004b).

6In a recent survey of Roy assignment models where workers sort into tasks based on comparative advantage, Autor (2013)
notes that there is a “difficulty of identifying credible counterfactuals” and “no labor market data equivalent to agronomic
data are available for estimating counterfactual task productivities.”

7Studies of refugee resettlement and forced migration in developed countries (see footnote 2) also address sorting biases using
plausibly exogenous assignment of individuals. However, small sample sizes, narrow geographic scope or migrant diversity
imply limited variation in economic proximity. By contrast, the average Transmigration village was assigned migrants from 44
different origin districts and 3 different ethnic groups from Java/Bali, representing a rich mix of origin-to-destination matches.

8This translates to a sizable level effect of an additional 0.6 tons per hectare for the average village. As a comparison, Banerjee
et al. (2002) provide econometric evidence that land reforms in West Bengal raised average district-level rice productivity in
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migrants from origins with similar agroclimatic characteristics exhibit higher yields compared to ob-
servably identical villages that have a high share of Java/Bali migrants from dissimilar origins. Linguis-
tic similarity also increases productivity. Additionally, both proximity measures have positive impacts
on broader economic development captured by light intensity growth and revenue-weighted yield per
hectare across all crops. Our estimates for light intensity growth suggest that a one standard deviation
increase in agroclimatic similarity leads to an additional 0.15 percentage points of village-level income
growth annually between 1992 and 2010.9

These results suggest the specificity of farming skills has long-term consequences. We investigate
possible margins of adaptation to agroclimatic and linguistic dissimilarity including occupational sort-
ing, crop choices, and ex post migration. We find some evidence of adaptation, but the effects are small.
For example, a one standard deviation increase in agroclimatic similarity leads to a 0.9% greater like-
lihood of Java/Bali migrants choosing farming as their primary occupation while a one standard de-
viation increase in linguistic similarity leads to a 1.7% greater likelihood of migrants being traders (an
occupation where language is important). This pattern of occupational choice is consistent with theories
of sorting based on comparative advantage, but the magnitudes are small.

We contribute to a growing literature that examines comparative advantage in agriculture.10 Our key
innovation is to identify the economic proximity between migrants’ origins and destinations as a proxy
for labor adjustment costs at the destinations and hence a measurable source of comparative advantage.
Costinot et al. (2012) simulate a structural trade model that allows farmers to adjust costlessly, so com-
parative advantage (as proxied by potential yields) can evolve as farmers adapt to climate change. Our
findings show that farmers may face difficulties adjusting to new agroclimatic conditions, even after
a decade of experience.11 Migrant skills acquired in dissimilar origins may be a low quality match to
the production environment in the destination. Because higher similarity reflects a better match quality,
villages assigned a higher share of migrants from agroclimatically and linguistically similar origins ex-
perienced a “shock” of higher quality-adjusted labor endowments. Such villages therefore have greater
comparative advantage at farming than villages assigned a high share of migrants from dissimilar ori-
gins. This provides a useful lens to study the role of comparative advantage in shaping the spatial
distribution of productivity with mobile labor.

We also provide novel insights on how the mobility and spatial (mis)allocation of labor can affect
economic development.12 Recent studies emphasize difficulties faced by farmers in making optimal mi-
gration decisions (Michalopoulos, 2012; Atkin, 2013; Bryan et al., 2013; Munshi and Rosenzweig, 2013).

West Bengal by 20 percent. Adamopoulos and Restuccia (forthcoming) use a calibrated general equilibrium model to show
that farm size restrictions reduced agricultural productivity in the Philippines by 7 percent.

9In our sample, the annualized growth rate in light intensity is 0.8 percentage points, which implies income growth of 0.4
percentage points for the average village according to implied elasticities in Olivia and Gibson (2013).

10Foster and Rosenzweig (1996) show that the greater presence of women in weeding activities in Asian agricultural labor
markets is related to their comparative advantage relative to men. Subsequent studies use related notions of comparative
advantage between men and women (Qian, 2008; Pitt et al., 2012; Alesina et al., 2013; Rosenzweig and Zhang, 2013). Other
studies investigate the role of sorting based on unobservable comparative advantage in explaining technology adoption (Suri,
2011) and the large productivity gap between agricultural and non-agricultural sectors (Lagakos and Waugh, 2013).

11Olmstead and Rhode (2011) similarly highlight long periods of difficult adaptation by migrant farmers in American history,
and Hornbeck (2012) identifies limited long-run adjustment to agroclimatic changes wrought by the 1930s Dust Bowl.

12There has been a resurgence of research on barriers to mobility within developing countries (e.g., Au and Henderson, 2006a,b;
Dinkelman, 2012; Farré and Fasani, 2013; Morten, 2012). However, rural-to-rural migration has been understudied given its
importance in overall flows (see Deshingkar and Grimm, 2005; Lucas, 1997; Young, 2013).
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Our key innovation is to identify agricultural productivity losses due to limited skill transferability and
adaptation. Barriers to the transferability of farming skills may constrain decisions on whether and where
to move.13 In decomposing agroclimatic similarity into the three sub-components of topography, soil,
and climate, we find that topographic similarity is a key determinant of rice productivity. This is consis-
tent with agronomic research suggesting, for example, that adjustment to highland farming systems is
quite difficult for migrant farmers from lowland areas. Helping migrant farmers acquire more general
skills (such as language) may help them overcome these barriers.14 Overall, our results suggest that
even in the absence of policy barriers to internal mobility, skill-specificity may constrain labor realloca-
tion across regions that differ in (potential) productivity and hence perceived arbitrage opportunities.

Finally, our paper also contributes to the literature on identification in multi-sector Roy models
(Heckman and Honore, 1990). As discussed in Section 3, previous studies have relied on panel data,
instrumental variables, and control function approaches to address biases due to endogenous sorting
based on unobservable comparative advantage. Our measures of economic proximity capture an ob-
servable source of comparative advantage, and the resettlement process generates plausibly exogenous
variation in migrants’ locations that enables credible reduced form identification in a cross-section.

Our findings have important policy implications, given the growing need to relocate millions of ru-
ral households affected by climate change, infrastructure development, and industrialization, especially
in developing countries.15 As a policy exercise, we estimate long-run average treatment effects of the
Transmigration program on local economic development by comparing Transmigration villages against
planned villages that were never assigned transmigrants. These counterfactual, almost treated villages
exist because the program was abruptly halted due to budget cutbacks following the sharp drop in global
oil prices in the mid-1980s. Using a place-based evaluation approach akin to Busso et al. (2013) and Kline
and Moretti (forthcoming), we find null average treatment effects on agricultural productivity and light
intensity growth. These null impacts stem in part from the heterogeneous effects of agroclimatic sim-
ilarity. Semiparametric regressions for Transmigration villages identify important non-linearities with
the largest elasticity estimates for the bottom tercile of agroclimatic similarity and smaller elasticities for
the top tercile. This suggests that barriers to transferability are most significant in places with very low
agroclimatic similarity. An important lesson for the design of resettlement schemes is that optimizing
the person-to-place match is important, and it is especially important to avoid very bad matches.

The remainder of the paper proceeds as follows. Section 2 provides background on the Transmi-
gration program and describes the data. Section 3 develops our theoretical framework and empirical
strategy in the context of a Roy model. Section 4 presents our main results. Section 5 concludes.

13Related work argues that “location-specific amenities” (Huffman and Feridhanusetyawan, 2007) and “latitude-specific” farm-
ing skills (Steckel, 1983) shaped interstate migration patterns in the United States between 1968 and 1988 as well as during
the westward expansion in the 1800s, respectively. Our setting affords not only rich agroclimatic variation but also exogenous
location choices, which allows us to causally identify the productivity losses due to farming skill specificity.

14This echoes findings from the literature on land reforms in developing countries, which finds that providing land alone may
be insufficient at improving farmers’ livelihood (Binswanger et al., 1995).

15According to the Stern Review on Climate Change, the number of people at risk of displacement or migration in developing
countries is “very large”, exceeding 60 million people in South Asia alone (Stern, 2007). Annually, 10 million are displaced
due to dam construction and urban and transportation development (World Bank, 1999).
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2 Indonesia’s Transmigration Program: Background and Data

Indonesia is the world’s fourth most populous country, with over 230 million people living on more than
6,000 different islands. The archipelago is home to more than 700 distinct ethnolinguistic groups and
remarkable agricultural biodiversity.16 Like many countries, the spatial distribution of its population has
historically been highly skewed, and certain areas were thought to suffer from overpopulation problems.
For instance, the islands of Java and Bali were home to 66.1 percent of the population in 1971, despite
containing only 7.3 percent of the nation’s total land area. The remaining population is scattered across
the Outer Islands, consisting of the vast islands of Sumatra, Sulawesi, and Kalimantan, as well as Maluku,
Nusa Tenggara, and Papua in Eastern Indonesia.

Indonesia’s Transmigration program was designed to alleviate these perceived population pressures.
Over many decades, the program relocated millions of poor and landless agricultural households (here-
after, transmigrants) from rural areas of Java and Bali to rural areas of the Outer Islands. By moving
farmers to previously unsettled areas, planners hoped that the program would also increase national
agricultural output, especially rice production (Kebschull, 1986; MacAndrews, 1978). Our study focuses
on the most intensive waves of the program that took place between 1979 and 1988, during President
Suharto’s third and fourth five-year plans (or Repelita).17

Participation in the program was almost entirely voluntary.18 Participating settlers were given free
transportation to their new transmigration villages. Prior to resettlement, program officials cleared land
at destination sites, preparing it for agricultural use, and connected these sites to the road network. They
also built houses for transmigrants, and each household received two hectare plots of agricultural land
that were often allocated by lottery. Settlers received property rights to their homes and land, and they
were given provisions for the first few growing seasons, including seeds, tools, and food (Otten, 1986).
In some cases, the government provided temporary agricultural extension services, social infrastructure
(e.g, schools, mosques, and health facilities), and support for the development of cooperatives and other
social institutions. Additionally, between 10 and 30 percent of the land at each site was reserved for
members of the indigenous population, who would move from nearby areas to take advantage of access
to new land.

We identify 1,021 Transmigration villages established between 1979 and 1988 using new data that we
digitized from Indonesia’s Transmigration Census, produced in 1998 by the Ministry of Transmigration
(MOT). The locations of these villages are depicted in Figure 1. More than half of the Transmigration sites
are located on the island of Sumatra (566 out of 1,021), but many are also found on Kalimantan (223) and
Sulawesi (161), with much smaller numbers in Maluku and Nusa Tenggara. The spatial variation in

16As Donner (1987) notes, “Conditions often change from one place to another, even on the small islands, and the rugged relief
creates microclimatic pockets with very different living conditions.”

17The Transmigration program began during the colonial period, but it received a major overhaul in Repelita III (1979-1983).
Less than 600,000 people were resettled under the Dutch colonizers and post-independence under Sukarno and the early
Suharto years (1945-1968) (Hardjono, 1988; Kebschull, 1986). In contrast, the program resettled 1.2 million people in Repelita
III and initially planned to move 3.75 million people in Repelita IV. The total program budget during Repelita III and IV was
approximately $6.6 billion (in 2000 USD) or roughly $3,330 per person moved, which is similar to other large-scale programs
implemented in developing countries at the time (see World Bank, 1982, 1984).

18A very small part of the program involved involuntary resettlement of households displaced by disasters and infrastruc-
ture development (Kebschull, 1986). We exclude strategic settlements in Maluku and Papua associated with the Indonesian
military as part of its territorial management system (Fearnside, 1997). We also omit Papua entirely from our study, due to
concerns about data quality. Only 1.5% (3.7%) of Indonesia’s (Outer Islands) population lived on Papua in 2010.
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destination sites exposed transmigrants to many different types of growing conditions, some of which
were unfamiliar to settlers who had learned how to farm on Java or Bali. In the next subsections, we
describe the different margins of selection in the program and discuss how they relate to identification
in our empirical work.

2.1 Selecting People, Places, and Assignments

Individual Selection. To participate in the program, transmigrants had to be Indonesian citizens in
good physical health. The program targeted entire families for resettlement, and according to official
guidelines, couples had to be legally married, with the household head between 20 and 40 years of age.
The youngest member of the family could be no younger than 6 months, and the oldest not more than
60 years. Most program participants were landless agricultural laborers, who were often very poor,
with no savings, few assets, and very little schooling (Kebschull, 1986).19 Most had always lived in the
village where they were born and had strong social ties to their communities.

Individual Assignments. Once selected, participants exerted little, if any, control over their eventual
destination in the Outer Islands. Many previous studies argue that even just prior to departure, transmi-
grants were ill-informed about the geographical location, native ethnic group, and agricultural systems
in the areas where they were sent. For instance, in Kebschull’s pre-departure survey, approximately
30 percent of transmigrants could not name the village where they would be settled, 68 percent did
not know the nearest town, and 82 percent knew nothing about the local agroclimatic conditions.20

Another study, focusing on earlier waves of the program, found that transmigrants had “little idea that
the quality of soil in the Outer Islands was different from that at home, nor did they have any clear
understanding that these new conditions required different techniques of farming” (Guinness, 1977, p.
108). In Section 4.3, we show that there is little evidence that transmigrants were assigned to settlements
on the basis of perceived complementarities between their skills and local conditions at destinations.

Site Selection. The MOT used a three-stage process to select agriculturally viable settlement areas.
In the first phase, potential recipient villages were identified using large-scale maps, which captured
basic information about elevation, vegetation, soil types, market access, and locations of existing settle-
ments. Then, planners used aerial reconnaissance and detailed mapping to screen sites based on climate,
hydrology, present land use, forest status, and agricultural potential. Areas with slopes greater than 8
percent of the net area were deemed unsuitable for the program. Finally, after suitable, “recommended
development areas” (RDA) were found, MOT officials conducted detailed surveys of topography, hy-
drography, and soil quality. These surveys informed final decisions about the location and carrying
capacity of settlements.

19The author interviewed 348 transmigrant families in February/March 1982 across Java, Madura, and Bali. This is the largest,
most systematic survey of transmigrants prior to their departure for the Outer Islands.

20Hardjono (1988) aptly summarizes the planning context: “(a)s a consequence of the focus on numbers, the land use plans de-
veloped during the 1970s were totally abandoned. Transmigrants were placed on whatever land was submitted by provincial
governments for settlement purposes.”
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2.2 Origin-by-Destination Match Quality: Agroclimatic and Linguistic Similarity

Most transmigrants expected to pursue the same sort of farming activities they had been practicing
in their origin villages. However, the arbitrary assignment mechanism placed many transmigrants
in villages with unfamiliar agricultural conditions. Although agricultural extension services were
supposed to help transmigrants adapt to their new environments, the quantity and quality of these
services were often lacking.21 In order to measure how easily farmers can transfer the skills they
acquired in Java/Bali to the new settlements, we construct two similarity indices measuring proximity
or match quality between origin and destination sites.

Agroclimatic Similarity. We consider first the agroclimatic similarity between transmigrant origins and
destinations. Unfamiliar climatic and soil conditions could pose difficulties for transmigrants making
use of their newly acquired land for farm production. Agroclimatic differences are particularly salient
in the case of rice. On Java/Bali, it is more commonly grown on irrigated wetland (sawah), while in the
the Outer Islands, rainfed dryland cultivation is more common (Geertz, 1963).22

We use data from the Harmonized World Soil Database (HWSD) and other sources to measure many
agroclimatic characteristics, including (i) topography (elevation, slope, ruggedness, and altitude), (ii) wa-
ter access (distance to rivers and the sea coast), (iii) soil characteristics (texture, drainage, sodicity, acidity,
and carbon content), and (iv) climate (rainfall and temperature). These characteristics, which we measure
at a very high spatial resolution, are fundamental components of agricultural and especially rice produc-
tivity (Moormann, 1978).23 Table 1 presents the mean and standard deviation for each of the variables
separately for the villages of Java/Bali and the Outer Islands. These summary statistics demonstrate
the remarkable agroecological variation across transmigrants’ (potential) origins and destinations. Note
that the time-varying characteristics are measured pre-program and hence not subject to concerns about
reverse causality. For instance, all of the soil type information is based on data from the Soil Map of the
World (FAO 1971-1981). Let xj = (xj1, ..., xjG)

′ denote this (G× 1) vector of predetermined agroclimatic
characteristic for location j.

Given location j’s agroclimatic characteristics, xj , the agroclimatic similarity of an individual’s origin
location i and her destination location j can be defined as:

agroclimatic similarityij ≡ Aij = (−1)× d (xi,xj)

where d (xi,xj) is the agroclimatic distance between district i and location j, using a metric defined on
the space of agroclimatic characteristics.24 We use the sum of absolute deviations as this distance metric:

21Davis and Garrison (1988) note that extension officers were to be stationed in transmigration sites beginning in Repelita III.
However, as borne out in numerous field studies, extension services were rarely provided in practice, and when extension
workers were present, they often lacked local expertise (Clauss et al., 1988; Donner, 1987; Kebschull, 1986; Otten, 1986).

22According to Podes data, 77% of rice-growing villages in Java/Bali practice irrigated wetland cultivation compared to 52% in
Sumatra, 12% in Kalimantan, and 55% in Sulawesi. For further background, see Donner (1987, pp. 257-8).

23Details on the data sources can be found in Online Appendix A. The HWSD are available at a 1 km resolution (30 arc seconds
by 30 arc seconds). These data are more detailed than other similar datasets used in the literature, such as the Atlas of the
Biosphere data (used by Michalopoulos, 2012, among others), which is available at a 55 km resolution (0.5 degree by 0.5
degree), or the FAO’s Global Agro-Ecological Zones (GAEZ) dataset (used by Costinot et al., 2012, among others), which is
available at a 10 km resolution (5 arc minute by 5 arc minute).

24We only observe origins i at the district-level and hence construct the index based on measures of x in the destinations at that
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first, we calculate the absolute differences in each characteristic between the origins and destinations
where each characteristic has been converted to z-scores. Then, d (xi,xj) projects these differences in G
dimensions onto the real line (by taking a simple mean across the absolute differences).25 We multiply
by (−1) so that larger differences correspond to lower values of agroclimatic similarity.

Using Aij , we construct an agroclimatic similarity index for location j by aggregating using popula-
tion weights:

agroclimatic similarityj ≡ Aj = (−1)×
I∑
i=1

πij d (xi,xj) , (1)

where πij ∈ [0, 1] is the share of migrants residing in transmigration site j who were born in district
i. Our preferred index uses individuals born in Java/Bali to calculate the migrant weights, πij .26 To
construct πij , we use the universe of microdata from the 2000 Population Census, which identifies each
individual’s district of birth, district of residence in 1995, and his or her village of current residence
(see Appendix A). As a baseline, we view all individuals born in Java/Bali and living in or near treated
villages in the Outer Islands as potential transmigrants.27 Overall, the index captures a weighted average
of the agroclimatic differences between village j and the origin districts of transmigrants, with weights
proportional to migrant shares. We refer toAij (Aj) as individual- (village-) level agroclimatic similarity.

We use Figure 2 to illustrate how the index is constructed. We highlight several agroclimatic charac-
teristics in two nearby destination villages on the island of Sumatra and the district that sent the largest
share of transmigrants to each of them. Consider the village of Telang Sari, which is at elevation of 3m,
has an average topsoil pH of 4.73, and 25% of its soil is fine textured. Figure 2 also shows that 23 percent
of residents in Telang Sari were born in Kebumen in Central Java. This primary sending district is quite
similar to Telang Sari. Its average elevation (94m), topsoil pH (5.41) and share of fine textured soil (29.5%)
are all well within one standard deviation of the characteristics of Telang Sari.

To arrive at the agroclimatic similarity index of 0.5 for Telang Sari, we first convert these characteristics
into z-scores, and then take the sum of the absolute differences in these characteristics, d(xi,xj), for each
sending district i represented in Telang Sari. This gives us Aij . Then, to construct Aj , we take averages
by applying migrant weights for each sending district (e.g., 0.23 for Kebumen). Finally, we multiply by
negative one and scale the index to lie on the unit interval.

In comparison to the relatively high agroclimatic similarity index for Telang Sari (0.5), Figure 2 also
shows a second destination village, Nunggal Sari, which is only 36 kilometers away from Telang Sari
and has similar agroclimatic characteristics as Telang Sari but a lower agroclimatic similarity index (0.4).
This is because the main Java/Bali origin district represented in Nunggal Sari has much higher elevation
(493m instead of 5m for Nunggal Sari), less acidic topsoil (6.62 instead of 4.85) and less coarse soil(57.6%
instead of 14.3%).

Linguistic Similarity. We also investigate the transferability of linguistic skills by constructing a lin-

same spatial frequency.
25Our main results use the sum of absolute deviations as the distance metric, d (xi,xj) =

1
G

∑
g |xig − xjg|, but our results are

robust to several other metrics.
26We can also consider other weights including all migrants born in Outer and Inner Islands, or the entire population. However,

our preferred measure includes Java/Bali-born migrants only.
27Our analyses suggest that the results are not sensitive to this choice.
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guistic similarity index. To capture this similarity, we use both the Ethnologue data on language structure
and the World Language Mapping System (WLMS) data on linguistic homelands to construct a measure of
the distance between each of the eight ethnolinguistic groups ` indigenous to Java/Bali and each of the
nearly 700 ethnolinguistic groups prevailing across the Outer Islands.28 Analogous to the agroclimatic
similarity measure in (1), linguistic similarity for village j can then be summarized using the following
index,

linguistic similarityj ≡ Lj =
8∑
`=1

π`j

(
branch`j

max branch

)ψ
, (2)

where π`j ∈ [0, 1] is the share of Java/Bali-born immigrants in j from ethnolinguistic group ` in Java/Bali,
branchj` is the sum of shared language tree branches between ` and the language indigenous to village
j,max branch = 7 is the maximum number of shared branches between any Java/Bali language and any
native Outer Islands language, and ψ is a parameter, set to 0.5 as a baseline following Fearon (2003). As
with others using these types of measures in the economics literature (e.g., Desmet et al., 2009; Esteban
et al., forthcoming), we view linguistic proximity as reflecting not only ease of communication but also
cultural proximity, shared preferences, and hence the fluidity of potential interactions between natives
and transmigrants.

Figure 3 demonstrates the spatial variation—within and between islands—in our two village-level
measures of similarity, Aj and Lj . This variation arises from three sources: (i) the rich agricultural and
ethnolinguistic diversity within Java/Bali (many xi, languages `), (ii) the diffusion of Transmigration
settlements across the even more diverse Outer Islands (many xj , languages j), and (iii) the arbitrary
assignment of transmigrants across settlements (continuum of πij , π`j). The spatial variation remains
considerable even if we ignore the within-settlement distribution of origin districts and ethnicities by
simply comparing the given site j to the average origin district and all ethnicities (i.e., setting π terms to
1). In sum, the variation is substantial, which is important for our ability to identify the importance of
economic proximity using a natural experiment and a single cross-section.

Although other dimensions of origin-by-destination match quality may be important, we focus on
agroclimatic and linguistic similarity as two salient dimensions of quality that were alluded to in sev-
eral case studies of Transmigration settlements by anthropologists throughout the 1980s. These studies
mention familiarity with local agroclimatic conditions and learning from native farmers as likely key in-
gredients for successful economic development in resettlement areas.29 Moreover, as borne out further
in Section 3.2, these two sources of heterogeneity are plausibly exogenous given the largely arbitrary
assignment of transmigrants across settlements.

28The indigenous Java/Bali ethnicities include, in descending order of population shares in the Outer Islands: Javanese, Sun-
danese, Balinese, Madurese, Betawi, Tengger, Badui, and Osing. For each village j, we deem the native language to be the
linguistic homeland polygon with maximum coverage of village area. See Appendix A for details on the language data.

29According to the Kebschull (1986) pre-departure survey, most transmigrants expected to grow rice in their new villages as
they had done in Java/Bali. However, as Donner (1987) notes: “The majority of land allocated to new settlers will, however,
consist of rain-fed upland. Only a few of the transmigrants are familiar with the cultivation of such land since they are
either sawah [wetland] farmers used to irrigation facilities, or dryland farmers of comparatively fertile volcanic soils.” In
surveying a few settlement areas, Kebschull notes that “It seems that most of them also could overcome the difficulties
resulting from the lack of agricultural extension. They gained their own experience and tried to learn as much as possible from
their successful neighbors and friends.” Donner (1987) continues, “A further problem arising from the relations between the
original, autochthonous population and the new transmigrants was that the former did not learn a more advanced agriculture
from the latter as had been hoped; rather, it was often the case that the new settlers had to learn from the original inhabitants
how to produce under local conditions.”
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2.3 Counterfactual Settlements: Exploiting a Policy Discontinuity

Another key feature of the Transmigration program, which we use for identification in Section 4.3, re-
lates to time series variation in program intensity driven by variation in oil revenue. Figure 4 plots the
world oil price alongside the number of Transmigrants resettled under Suharto, using the MOT Trans-
migration Census data described above. In Repelita III (1979-1983), the government was flush with oil
revenue and substantially increased its funding for the program, and there was a big push to recruit
more transmigrants, with a target of resettling 2.5 million people over the five year period. As shown
in Figure 4, a total of 1.2 million people—approximately 1.5 percent of the total population of Java and
Bali—were relocated through the program during this period.

Spurred on by the popularity of the program, the government set an ambitious target of relocating
750,000 households (3.75 million people) during Repelita IV (1984-1988). However, in the mid-1980s,
global oil prices collapsed, and declining government revenues forced dramatic cutbacks in the MOT
budget, leading to a significant reduction in the number of sponsored households over the coming
years.30 Because of budget cuts to the program, numerous selected sites never received any transmi-
grants. We can construct a control group from this set of planned but unsettled villages using a place-
based impact evaluation strategy based on the observable characteristics that influenced the process of
site selection noted above (see Kline and Moretti, 2013). As detailed in Section 4.3, this enables us to
recover unbiased estimates of the program’s average treatment effects on village outcomes.

We identify control villages using the MOT’s maps of recommended development areas (RDAs) con-
structed during the site-selection process. There were a total of 969 RDAs identified by the maps, though
many were adjacent to one another. We digitally traced these RDAs using GIS software and overlaid the
results onto maps of village boundaries in 2000. We define as controls those 907 villages that shared
any area with the RDA polygons. These planned sites serve as a counterfactual for what would have
happened to Transmigration villages had the program not taken place.

2.4 Summary Statistics: Demographic and Economic Outcomes

Our empirical work primarily relies on measures of economic outcomes at the village level. Ideally,
we would want to estimate the impact of similarity on individual-level outcomes. However, datasets
with useful individual outcome data either (i) do not contain enough Transmigration sites (e.g., the
Indonesia Family Life Survey only covers 23 settlement villages) or (ii) cover Transmigration sites but do
not contain information on migration or place of birth (e.g., annual Susenas). Our best individual-level
dataset, the 2000 Population Census, contains information on migration and covers all settlement areas,
but productivity outcomes, such as wages or agricultural yields, are not recorded.

We therefore draw on several sources to construct key village-level outcomes. First, the 2000 Census
provides demographic outcomes including population density, share of recent (< 5 years) and long-
run (≥ 5 years) migrants. In Table 2, we show that in 2000, Transmigration villages have an average
population of around 2,000 and approximately 140 people per square kilometer. In these villages, on
average, 40 percent of the population was born in Java/Bali, and 66 percent of residents identify with

30The budget fell from Rp 578 billion in FY 1985-86 to Rp 325 billion in FY 1986-87. In response, the MOT reduced its FY 86/87
targets for settlement on sites already under preparation from 100,000 to 36,000 sponsored households.
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ethnic groups from Java/Bali (largely reflecting the second generation of transmigrants born in the Outer
Islands). This is extremely high compared to other (non-Transmigration) villages in the Outer Islands
where Java/Bali-born migrants comprise 4 percent of the population, and 13 percent identify with a
native Java/Bali ethnicity.

Each village typically hosts transmigrants from numerous origins. The average Transmigration
village comprises transmigrants from 44 different origin districts (out of 119) and hailing from three
Java/Bali ethnicities (out of 8). The average origin district Herfindahl index in these villages is 0.15
suggesting that concentration is not high.

Moreover, the Census also includes data on schooling attainment and sector of work, which we use
below to investigate selection and occupational choice across different cohorts. Educational attainment
in Transmigration villages was quite low, with an average of less than 4 years of schooling. Native Outer
Islands ethnics residing in Transmigration villages had slightly higher schooling than Java/Bali ethnics.

Second, we measure agricultural productivity using the triennial administrative census known as
Podes (or Village Potential). The August 2002 round provides detailed information on agricultural ac-
tivities including area planted and total yield for over one hundred crops in the 2001-2 growing season.
Our main focus will be on rice, Indonesia’s most important staple food that is consumed by nearly all
households and is grown across the country.31 As rice is the primary crop grown on Java/Bali, most
transmigrants expected to be able to grow rice in their new villages (Kebschull, 1986), and policymak-
ers envisaged the program as a means of increasing national rice output. From Table 2, we see that on
average, 70 percent of residents were employed in farming. Nearly 75% of Transmigrant villages were
growing some rice, and the average village produced 2.7 tons per hectare.

If areas were poorly suited to rice production, transmigrants could have chosen to grow other crops.
Therefore, we also consider a broader measure of agricultural productivity. We follow Jayachandran
(2006) and Duflo and Pande (2007) in constructing a revenue-weighted average yield across all crops
grown in village j:

̂ln yieldj =
∑
c∈Cj

(
pcycj∑
c∈Cj

pcycj

)
ln

(
ycj
acj

)
where Cj ⊆ C denotes the subset of crops grown in village j among all crops for which we have price
data, p is the unit price in 2001 from FAO/PriceSTAT, yc is total (harvested) output, and ac is area planted
as reported in Podes 2003 (see Appendix A).

Broader economic development, beyond agricultural productivity, is captured using nighttime light
intensity from the National Oceanic and Atmospheric Administration (see Henderson et al., 2012). Light
intensity has been identified as a good proxy for local income within Indonesia over a period of rapid
electrification beginning in the late 1980s (Olivia and Gibson, 2013). Changes in light intensity from 1992
to 2010 serve as our primary measure of economic growth at the village level.32 In 1992, only 6.5 percent
of Transmigration villages recorded any nighttime lights. By 2010, that figure jumped to 24 percent with
the average village recording 15% growth in light intensity over that 18 year period.

31According to Podes, rice is grown in 88% of villages in Java/Bali, 77% in Sumatra, 84% in Kalimantan, and 63% in Sulawesi.
32Data before 1992 has not yet been appropriately digitized. However, we can show that nighttime light intensity levels in 1992

are uncorrelated with Aj and Lj , which (partially) rules out substantive growth before we take long-differences.
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3 Theoretical and Empirical Framework

This section lays out our conceptual framework for relating economic proximity to long-run develop-
ment and productivity. We first explain what we mean by location-specific human capital and economic
proximity, and how it serves as a measurable source of comparative advantage. We then derive our key
estimating equation and discuss identification. As discussed in Section 2.2, we consider two salient mea-
sures of economic proximity: agroclimatic and linguistic. We will focus here on agroclimatic similarity,
Aij , but the discussion readily generalizes to linguistic similarity, Lij .

3.1 Theoretical Framework

We adapt the classic Roy (1951) model with two sectors to a multi-location choice model where hetero-
geneous farmers sort across heterogeneous locations. Our setup is similar to Dahl (2002), but adapted to
an agricultural setting.

There is a discrete set of J locations, indexed by j = 1, ..., J . The farming methods (production
functions) are different in each location. Each location is differentiated by a bundle of characteristics
which we denote using a fixed (G×1) vector, xj , as discussed in Section 2.2. Individual farmers, indexed
by i, are born into a birth location, b(i) ∈ {1, ..., J}. Individuals acquire farming skills that are specific to
local growing conditions at their birth locations, captured by xb(i).33 For rice, this would include, among
others, knowledge of what types of varieties are best suited to local growing conditions.34 Farming skills
are not perfectly transferable across locations so that some knowledge may not be helpful when trying
to farm in different environments. Hereafter, we denote xb(i) with xi to simplify notation.

For simplicity, we assume that farmers can only own one unit of land in their location of choice
(where they both live and work), and we normalize the output price to one. Using a correlated random
coefficients framework, we can write the value of output per unit of land owned by farmer i in location
j as:

yij = γiAij + x′jβ, (3)

where x′jβ maps observable agroclimatic characteristics of location j into productivity, Aij = (−1) ×
d (xi,xj) = −

∑
g |xjg − xig| is our measure of agroclimatic similarity between locations, and γi captures

the farmer’s adaptability or adjustment costs. The transferability of migrants’ skills between origins
and each potential location depends both on how similar the growing conditions are between the two
locations and also on how adaptable the migrant is. Conditional on γi (among farmers with similar
adaptability), yij should be increasing in Aij because skills specific to xi are more complementary the
more similar is xj to xi. Conditional on Aij , a higher γi means Aij is an important predictor of produci-
tivity at the destination (a migrant’s origin matters). A high γi is consistent with farmers having high
adjustment costs and low transferability of skills. In the extreme, if skills were perfectly transferable, a

33See Steckel (1983), Huffman (2001), and Huffman and Feridhanusetyawan (2007) for a discussion of location-specific skills in
agriculture.

34Van Der Eng (1994, p. 26) notes, for example, that “(t)here was a wide range of natural cross-bred varieties from which farm
households could choose. . .many (farmers) had managed to select varieties that suited their circumstances best through a
century-old process of trial and error. . .The quality of irrigation systems, altitude, soil conditions, planting time, crop rotation
schemes, the use of fertilizer, the preferences of local consumers or rice mills, rainfall, and the availability of labor could all
differ substantially from one area in Java to another.”
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migrant’s origin does not matter and hence γi = 0.
Economic proximity (Aij) is an important source of comparative advantage because it reflects com-

plementarity between a farmer’s location-specific knowledge and local farm characteristics. For a given
destination, farmers migrating from more similar origins will find it easier to transfer their farming skills,
compared to farmers from dissimilar origins. Therefore, farmers from similar origins are comparatively
advantaged relative to farmers from dissimilar origins. In this way, economic proximity proxies for a
key source of comparative advantage among farmers (the match quality or complementarity between
their location-specific knowledge and local agroclimatic endowments).35

As in Dahl (2002), we assume that location choice depends on productivity and preferences. That is,
the indirect utility of farmer i in location j is

Vij = yij + εij , (4)

where yij is as above, and εij is her individual-specific taste for living in location j. Productivity and
taste differences determine how farmers sort across locations.

The stylized example described in the Introduction is a simplified version of this model, where there
are only two types of farms (Highland and Lowland) and farmers are either born in highlands or low-
lands. There are four potential outcomes: YHH , YLL, YHL, YLH , where YHH and YLL are outcomes asso-
ciated with high economic proximity and YHL and YLH are farmers-to-farm matches that are associated
with low economic proximity. If farmers born in lowlands have a comparative advantage at growing
rice in lowlands (relative to farmers born in highlands) and vice versa for farmers born in highlands,
and if farmers sort into locations based on comparative advantage, then the econometrician would only
observe two of the four outcomes, namely those associated with high economic proximity only: YLL,
YHH . In this case of perfect sorting, there is no observed variation in economic proximity.

Returning to the multi-location Roy model, in equilibrium, farmers choose locations to maximize Vij ,
and we denote farmer i’s optimal location by j(i)∗. In this setting, each farmer i has J potential outcomes
for agricultural productivity, which we can write as yi1, yi2, . . . , yiJ . As shown by Heckman and Honore
(1990), it is difficult to identify the importance of comparative advantage because, as the theory of sorting
based on comparative advantage implies, we do not observe all the potential outcomes for each farmer
(we observe yij(i)∗ instead of all J of the y′ijs). A common solution is to identify instruments that affect
location choice but are excluded from the determination of productivity. The problem is that many
variables jointly affect both location choice (Vij) as well as productivity (yij). A second problem is related
to the fact that we have a multi-sector Roy model. Each individual has J potential locations, instead of
a binary choice (such as whether or not to work). In addition to needing an instrument that satisfies
the exclusion restrictions, we also need an instrument that has a strong “first stage” for each of the J
migration probabilities. With this in mind, we derive our key estimating equation and explain how the
Transmigration program facilitates identification.

35Gibbons et al. (2005) relate comparative advantage with a matching process (as in Jovanovic, 1979) between heterogeneous
people and heterogeneous places.
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3.2 Empirical Strategy

The empirical object of interest is an “assimilation elasticity” that relates the economic proximity between
migrant farmers’ origins and destinations to productivity at the destinations (we focus here on yield per
hectare). Our key regression is at the village level, but it is instructive to begin at the individual level and
then aggregate up. We derive the main estimating equation by augmenting the model above to allow
for observable and unobservable determinants of productivity. In particular, let γ be the mean γi and
write (γi − γ) as the individual-specific deviation from the mean. After collecting terms, we obtain an
individual-level equation:

yij = γAij + x′jβ︸ ︷︷ ︸
observable

+ (γi − γ)Aij + µuj + ωij︸ ︷︷ ︸
unobservable

, (5)

where µuj is unobserved natural advantages and ωij is an idiosyncratic error term.
As mentioned in Section 2, we observe productivity data at the village level. The difficulty is that

with sorting, our village-level estimating equation aggregates (5) over the non-random set of individuals,
Ij , whose optimal location is j: yj ≡

∑
i∈Ij yij(i). Our primary village-level estimating equation is:

yj = γAj + x′jβ +
∑
i∈Ij

(γi − γ)Aij + µuj + ωj︸ ︷︷ ︸
unobservable

, (6)

where the key regressor, Aj , is aggregated to the village level by averaging Aij over all Java/Bali mi-
grants living in j (using the πij migrant weights elaborated in equation (1)) and ωj is an idiosyncratic
error term.36

The key parameter of interest, γ, measures the causal impact of average agroclimatic similarity on
aggregate rice output per hectare for the village. Our regression conditions on observably identical
destination villages (such as Telang Sari and Nunggal Sari in Figure 2), and compares villages that have a
high share of Java/Bali migrants from similar origins (Telang Sari) against villages that have a high share
of Java/Bali migrants from dissimilar origins (Nunggal Sari). As shown in Figure 2, Telang Sari (high
Aj) has higher rice productivity (2.9 tons per hectare) compared to Nunggal Sari (2.0 tons per hectare).
This pair of outcomes reflects a positive relationship between agroclimatic similarity and productivity
(γ > 0).

The γ parameter also sheds light on the role of comparative advantage in shaping the spatial dis-
tribution of aggregate productivity. As described in Sattinger (1993), the theory of comparative advan-
tage describes the allocation of factor endowments (workers) to production units based on their relative
productivities. Absent the plausibly exogenous spatial labor allocation due the program, it is hard to
identify the operation of comparative advantage because factors are often allocated endogenously. In
our agricultural setting, migrant skills acquired in dissimilar origins may be a low quality match to the
production environment in the destination because skills are not perfectly transferable. Since higher
similarity reflects a better match quality, villages assigned a higher share of migrants from agroclimati-

36The fact that yj is a village-level outcome and our key, plausibly exogenous similarity measure, Aj , is potentially defined
over a subset of the total village-level population raises concerns about aggregation bias that we address below.
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cally similar origins experienced a “shock” of higher quality-adjusted labor endowments. Such villages
therefore have greater comparative advantage at farming than villages assigned a high share of migrants
from dissimilar origins.

The ability to quantify an observable source of comparative advantage is an important innovation of
our research design. In a recent study on population resettlement in Germany, Bauer et al. (forthcom-
ing), note that it is “notoriously difficult to measure” skill transferability between migrants’ origins and
(potential) destinations. We are able to do so because a wealth of agronomic research has identified and
collected data for (predetermined) agroclimatic characteristics that are vital to farm output. Moreover,
land and local climate characteristics change slowly, so that predetermined agroclimatic characteristics
measured in the 1970s are still highly predictive of productivity in 2000. All land attributes and eth-
nolinguistic homelands are predetermined and hence unaffected by settler farming activities and any
corresponding inflow of capital or labor. Hence, we can abstract from reverse causality concerns.

The key source of plausibly exogenous variation is the assignment of Java/Bali transmigrants to
Outer Islands. As discussed in Section 2, there are multiple sources of variation in the village-level
index Aj : (i) variation in the absolute differences between predetermined agroclimatic characteristics in
destinations versus origins, d (xi,xj), and (ii) variation in the share of Java/Bali migrants in destination
village j who are from origin district i, πij . Our regression conditions on xj and exploits variation in π’s
from origins with similar versus dissimilar x’s.

Threats to Identification. We first show that the distribution of agroclimatic similarity is different
among Transmigration villages compared to other villages in the Outer Islands. Panel A of Figure 5 plots
the kernel densities of village-level agroclimatic similarity, aggregated over all individuals (migrants
and natives). There is a mass at 1 because many natives are stayers (Aij = 1 for stayers). Panel B uses
π weights that include migrants only (both Java/Bali migrants and migrants born in other districts in
the Outer Islands). These plots show two things. First, absent the policy, individuals appear to sort in a
way that increases the economic proximity between origins and destinations. The distribution for non-
Transmigration villages is shifted to the right. Second, there is greater dispersion in realized similarity in
Transmigration villages. This is consistent with the discussion in Heckman and Honore (1990) that the
Roy model has “no empirical content.”37

To show how omitted variables could bias our estimate of γ, consider the case where a Transmigra-
tion village j has either low (L) or high (H) agroclimatic similarity. Then, we have γ = E(yj |xj ,Aj =

H)−E(yj |xj ,Aj = L). This equation clarifies why high and low proximity villages are not comparable in
a typical setting. First, they could be different due to omitted natural advantages (µuj ). Second, farmers
are likely to migrate only to locations where their skills are transferable so that the realized outcomes are
not random. This is the essence of the selection problem for a multi-sector Roy model. Here, the margin
of selection is not only whether or not farmers migrate, but also where they migrate to.

We use a quasi-gravity specification to test whether transmigrants endogenously sort in (out) of those
sites in which they (do not) have observable comparative advantage. The results help rule out concerns

37This is because workers sort into occupations based on comparative advantage, so that the realized distribution of wages is
endogenous in two ways. First, it is shifted to the right because workers select the occupation with the highest wage, and
hence we do not see the worker’s other potential outcomes. Second, the variance in log earnings is lower in a Roy economy
relative to an economy where workers are randomly assigned to jobs.
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that farmers are sorting based on unobservable sources of comparative advantage that are spuriously
positively correlated with similarity. In particular, we examine whether the stock of Java/Bali migrants
from ethnolinguistic group ` and origin district i residing in Transmigration village j in 2000 is increasing
in agroclimatic (Aij) and linguistic similarity (L`j) between i/` and j. The following equation

migrantsi`j = α+ χaAij + χ`L`j − χd ln distanceij + τi + τ` + υi`j , (7)

is estimated using nonlinear count data estimators—namely, Poisson and negative binomial—to ac-
count for over-dispersion (i.e., many zero migration i`j corridors). We also report OLS estimates with
ln(migrantsi`j) for villages with migrants in the given i`j cell. In all cases, we cluster standard errors
within i and restrict our definition of (trans)migrants in j to individuals born in Java/Bali.

In all specifications of equation (7) reported in columns 1-3 of Table 3, we can reject the null hypothe-
ses that χa > 0 and χ` > 0. This provides strong suggestive evidence that 12 to 20 years after the initial
wave of resettlement, migrants from Java/Bali did not endogenously sort in (out) of more (dis)similar
sites. Although migrant stocks tend to be somewhat higher in physically closer sites (−χd > 0), lin-
guistic and agroclimatic “distance” do not exhibit the same hypothesized gravity forces. Moreover, the
non-Transmigration villages in columns 4-6 exhibit considerably stronger sorting on distance as well as
linguistic similarity. We account for the relationship between distance and migrant stocks in Transmi-
gration by conditioning on (π weighted) distance to Java/Bali (origins) in our results below.

A related concern is that agroclimatically similar destinations are initially assigned or subsequently
attract different settlers along unobserved dimensions that are correlated with productivity. Although
transmigrants are negatively selected on average, there is some variation across settlements in average
schooling acquired by household heads before the program. We show in Table 4 that this variation
in schooling of Java/Bali migrants is not correlated with Aj and Lj . Neither similarity index has an
economically or statistically significant relationship with predetermined schooling acquired by eligible
individuals born in Java/Bali between 1930-1979. In Figure 6, we plot the kernel densities of individual-
level agroclimatic similarity for all Java/Bali-born migrants in Transmigration villages by schooling. The
distributions appear to be very similar across schooling levels.

Another concern is that destinations that are agroclimatically similar to Java/Bali may have unob-
servable natural advantages, which implies upward bias on γ because Java/Bali is known to be naturally
advantaged for rice production, Cov(µuj ,Aj) > 0. Our assumption is that the correlation between µuj and
Aj is zero, conditional on xj .

Using the planned but unsettled villages as counterfactuals, we show that the unweighted agroclimatic
similarity with Java/Bali (i.e., an index that compares characteristics in destination j, xj , to the average
characteristics of all villages in Java/Bali, xi) has weak predictive power for agricultural productiv-
ity within-island.38 Although the underlying agroclimatic endowments (xj) in A∗j explain considerable
variation in agricultural productivity across control areas (e.g.,R2 = 0.25 for rice output per hectare), the
differences between those endowments in j and the average district in Java/Bali (i.e., A∗j ) has much less
explanatory power. This provides (indirect) evidence against the concern that Cov(µuj ,Aj) > 0. Never-
theless, even if endowments are incidentally correlated with average endowments that predict produc-

38These results are available upon request.
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tivity in Java/Bali, our key measure of weighted agroclimatic similarity identifies the added productivity
effect of being assigned relatively more migrants from regions of Java/Bali with similar endowments
than from regions with dissimilar endowments (conditional on xj).

We can also rule out concerns that improved planning between Repelitas III and IV led to the selection
of more agroclimatically and ethnolinguistically similar sites towards the end of our study period. To
test this, we simply regress the year of settlement, t ∈ {1979, . . . , 1988}, on the weighted similarity indices,
conditional on xj . In OLS and ordered logit specifications, both indices have a negligible, statistically
insignificant relationship with t. The same null results hold for the unweighted similarity indices.

Overall, the evidence suggests that our main measures of economic proximity, agroclimatic (Aj)
and linguistic (Lj) similarity, are quasi-randomly distributed across Transmigration villages, even
as observed nearly two decades after resettlement. Endogenous sorting and selection on compara-
tive advantage matter in most migration contexts. However, the near-random initial assignment of
transmigrants across sites had persistent effects on location choices over subsequent decades. The
absence of long-run sorting is consistent with network effects, high costs of inter-island mobility, and
location-specific skills limiting migration to nearby cities in the Outer Islands.

Other Approaches to Identification with Comparative Advantage. Overall, our research design builds
upon existing approaches to comparative advantage in three ways. First, we show how to use quasi-
experimental variation in origin-by-destination match quality to identify the importance of comparative
advantage using a single cross-section. Other work in the literature uses panel data to compare stayers
across time (as in Moretti, 2004a), or focuses on switchers (as in Suri, 2011; Combes et al., 2008; Gibbons
et al., 2005). The key assumption then is that these sources of variation are orthogonal to sorting forces
based on unobserved comparative advantage.

Second, we characterize and measure the underlying sources of comparative advantage. Rosenzweig
and Zhang (2013) examine differences in comparative advantage with respect to skill and brawn between
men and women, using differences in birthweight between Chinese twins. We focus on the agricultural
context and argue that one can open the black box on comparative advantage and not only measure some
of its key components but also relate those components to aggregate productivity. Costinot et al. (2012)
also identify the sources of comparative advantage by crop and location (globally) using agronomic
models of potential productivity in a single cross-section. Although our underlying intuition is simi-
lar, we take a reduced form approach to causal identification based on observed productivity whereas
Costinot et al. take a structural approach allowing them to simulate how productivity (and welfare) will
evolve if farmers have no adjustment costs and behave optimally.

Third, we can directly test several of the key assumptions underlying our identification of the causes
of spatial productivity differentials. Recent studies propose to solve the identification problem in multi-
location Roy models by using instrumental variables that affect location choice but can be excluded from
a (Mincer) wage equation. Such instruments are often elusive because people consider their (expected)
income in choosing where to live (Kennan and Walker, 2011). Exclusion restrictions are typically difficult
to defend, and the proposed instruments in the literature are particularly invalid for our setting.39

39For example, Dahl (2002) argues that family status affects migration probabilities but not earnings and Bayer et al. (2011) argue
that birth location affects the nonpecuniary components of utility (and hence, location choice) but does not affect productivity.
For us, birth location fixed effects are not excludable from the income equation because comparative advantage is a function
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In sum, our empirical strategy offers a rich quasi-experimental design to a small but growing liter-
ature aimed at unpacking the causes and consequences of sorting based on comparative advantage in
Roy model settings. We turn next to a discussion of empirical results based on this strategy.

4 Empirical Results

In this section, we present our main empirical results. We begin by showing that economic proximity
matters for productivity over the long-run and provide evidence of heterogeneous effects consistent with
our conceptual framework. Then, we show how limited adaptation can explain part of the persistent
long-run effects of match quality that we observe in the data. Finally, we estimate the average treatment
effects of the program using planned but unsettled villages as controls. Ultimately, we argue that the
persistent, long-run effects of economic proximity in Transmigration villages may explain the limited
average impact of the program on local economic development in the Outer Islands.

4.1 Long-Run Effects of Economic Proximity

Table 5 reports our main results: estimates of γ ≡ (γa, γ`), the coefficients on economic proximity in the
following regression based on equation (6):

yj = α+ γaAj + γ`Lj + x′jβ + νj , (8)

where village-level agroclimatic (Aj) and linguistic similarity (Lj) are based on the Java/Bali migrant
weights; xj includes island fixed effects, the full set of predetermined controls elaborated in Section
2.2;40 and νj is a composite error term capturing all unobservables in equation (6). As a baseline, we
cluster standard errors using the Conley (1999) GMM approach allowing for arbitrary correlation in
unobservables across all villages within 75 kilometers of village j.

Columns 1 and 2 report results when each measure of proximity enters the regression separately,
while column 3 reports results with both measures included. The coefficient estimates are stable across
columns. This reinforces the notion that our similarity indices are uncorrelated and that the effect of one
similarity index, conditional upon the other, is similar to the unconditional effect.41 Column 3 reports
our preferred estimates and is the basis of the foregoing analysis. In all regressions, we rescale the
independent variables so that we can read a one standard deviation impact directly from the tables.

The top panel reports our main results on rice productivity (measured as log yield per hectare). The
estimation sample includes 600 Transmigration villages with non-missing data for rice productivity. A
one standard deviation increase in the agroclimatic similarity index leads to 21.5 percent increase in rice
productivity. This translates to a level effect of an additional 0.59 tons per hectare for the average village

of the proximity between origins and destinations. Moreover, a long line of research in development economics has shown
that family ties are a source of informal insurance that jointly determines both income and migration choices (see Morten,
2012; Munshi and Rosenzweig, 2013, for recent examples).

40The controls also include the physical distance to the closest point in Java/Bali, total land area, and log distance to the
subdistrict and district capital.

41This important given evidence in Michalopoulos (2012) that ethnolinguistic differences arise from spatial differences in agro-
climatic endowments over the very long-run. Our similarity indices have low overall correlation (< 0.04) due to the pro-
gram’s largely arbitrary assignment of heterogeneous people to heterogeneous places.
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(average rice productivity is 2.75 tons per hectare, see Table 2). Our results imply that Transmigration
villages with a higher share of Java/Bali migrants from origins with similar agroclimatic characteristics
exhibit greater yield per hectare compared to observably identical villages with a lower share of these
migrants.

We interpret these results as evidence that having a higher share of well-matched transmigrants
(in terms of similarity with growing conditions at their origins) leads to greater productivity. The sig-
nificance of the agroclimatic similarity coefficient implies barriers to transferring farming knowledge
uniformly across locations. Finding effects 12 to 20 years later suggests a high specificity of farming
knowledge to local growing conditions and high adjustment costs faced by farmers.

We also find that a one standard deviation increase in linguistic similarity improves rice productivity
by 12.9 percent or 0.36 more tons per hectare for the average village. The positive effects suggest that vil-
lages with a higher share of farmers from linguistically similar origins have higher productivity, perhaps
through learning from natives, as describe in several reports. Although we cannot reject the equality of
the coefficients on agroclimatic and linguistic similarity (p≈0.37), the smaller effects for linguistic simi-
larity point to smaller adjustment costs for farmers sent to linguistically dissimilar areas versus farmers
sent to agroclimatically dissimilar areas. Our results, taken together, are consistent with farmers being
credit constrained. Adapting to different growing conditions may entail purchasing new equipments,
whereas learning a language within 12 to 20 years does not entail large fixed costs.42

Although rice is, by far, the most important crop in Indonesia, and expanding rice production was
one of the program’s main goals, it may not adequately capture economic well-being in these villages. In
some of the Transmigration villages in our sample, rice production is not the primary economic activity.
We therefore investigate two broader measures of economic development in Table 5.

The first outcome is total yield per hectare, calculated as the revenue-weighted average yield across
crops grown in the village. If the Transmigration areas were poorly suited for rice production, farmers
could have chosen to grow other crops.43 Panel B of Table 5 shows that an increase of one standard
deviation in agroclimatic similarity increases overall agricultural yields by 7.4 percent. This translates
into an additional 0.1 tons/ha on average across all crops relative to a mean of 1.33 tons/ha. Linguistic
similarity meanwhile has a similarly positive albeit slightly smaller and less precisely estimated effect.

Our second outcome is growth in light intensity between 1992 and 2010. Panel C shows that a one
standard deviation increase in agroclimatic similarity raises long-run light intensity growth by 6.1 per-
cent or around 0.3 percentage points annually relative to a mean of around 16 percent. Although in-
significant, the standard errors fall substantially as we expand the spatial clustering radius beyond 100
kilometers (see below). Meanwhile, a one standard deviation increase in linguistic similarity increases
light intensity growth by 9 percent, or around 0.5 percentage points annually. Using an approach similar
to Henderson et al. (2012), Olivia and Gibson (2013) estimate that a one percent increase in annual light
intensity growth is associated with a 0.5 percent increase in district-level gross GDP. Hence, a one stan-
dard deviation increase in agroclimatic similarity increases village-level income by around 0.16 percent

42Unfortunately, there was insufficient local variation in the data to examine whether linguistic similarity could mitigate the
adverse effects of agroclimatic dissimilarity using an interaction term, Aj × Lj . In attempts to do so, we are unable to rule
out large positive or large negative effects. Below, we pursue an alternative, higher power approach to the question of where
agroclimatic similarity matters more than linguistic similarity (and vice versa).

43Appendix Table B.1 shows the ranking of top five crops in Transmigration villages in terms of potential revenue.
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annually according to this luminosity-based proxy for income growth. These effect sizes are not surpris-
ing given the limited degree of electrification in remote, rural areas of the Outer Islands where many of
these Transmigration villages are located.

In columns 4-6 of Table 5, we examine the impact of similarity on these outcomes for all villages
within 10 km of Transmigration sites. We do this because of potential uncertainty in geocoding the
locations of Transmigration villages and because the transmigrant population shock is not confined to
settlement village borders.44 Overall agricultural productivity and light intensity growth impacts be-
come weaker and less precise. However, the impacts on rice productivity remain economically and
statistically significant as we expand the sample radius around Transmigration villages.

One advantage of our diverse agricultural setting and rich data is that we can identify which aspects
of agroclimatic conditions are the main barriers to the transferability of skills. In Table 6, we repeat the
estimation in the previous table, but we decompose our main agroclimatic similarity index into three
sub-components of topographic, soil, and climate similarity indices. Topographic similarity is a key
determinant of rice productivity. This is consistent with research suggesting that adjustment to farming
in highlands could be quite difficult for migrant farmers from lowlands (Donner, 1987). Meanwhile, soil
similarity appears most important for total agricultural productivity across all crops, and climatic simi-
larity is an important determinant of broader economic development captured by light intensity growth.

Robustness. For our rice productivity results, we conduct numerous robustness checks, reported in Ta-
ble 7.45 Each row introduces a single change to the baseline specification in column 3 of Table 5, which is
reproduced in row 1 for reference. The results are robust to controlling for variables that capture demo-
graphic differences. This includes controlling separately for the gender, age, schooling and occupation
shares of Java/Bali and Outer-islands born residents in each village (row 2), controlling for the aggre-
gate origin mix by controlling directly for the π`j terms used to construct linguistic similarity in equation
(2) and four region-level aggregates of the (119) origin district i-specific πij terms used to construct Aj
(row 6), and controlling for the share of natives which (partially) addresses aggregation bias (row 16).
Additionally, rows 3 and 4 show that the results are not confounded by program features that could be
correlated with similarity, by controlling for the scale and timing of the initial transmigrant influx.

The results are also robust to controlling for variables that capture heterogeneity across locations,
including the log physical distance to Java/Bali-born migrants’ origins, weighted by the πij terms (row
5),46 a third-degree polynomial in the latitude and longitude of each village (row 7), dropping our nat-
ural advantage controls xj (row 14), and controlling for the share of farmland with irrigation (row 17).
Province fixed effects (row 8) reduce the coefficient on Aj by nearly half suggesting that some of the
identifying variation occurs across rather than within provinces. However, the results are statistically
indistinguishable from the baseline specification.

Rows 9-13 show that these results are robust to different ways of constructing the similarity indices.
In particular, row 13 uses population weights restricted to Java/Bali migrants who were at least 30 years

44We demonstrate this formally in Appendix Figure B.1, which estimates the local demographic impact of the program using
the placed-based evaluation approach developed in Section 4.3.

45The same robustness checks, applied to light intensity growth and with similar if not even more favorable findings, can be
found in Appendix Table B.2.

46This is important given the (weak) evidence of sorting on physical distance in Table 3.
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old (and hence eligible to be relocated through the program), which addresses concerns that our baseline
π′ijs that include all Java/Bali migrants (calculated using birth locations in the 2000 Census) may not
be capturing transmigrants. Finally, the results are also robust to trimming the top and bottom 1% of
observed rice productivity (row 15).

In Appendix Figure B.2, we show that inference is largely robust to expanding the spatial HAC
radius. If anything, our baseline choice of a 75 km radius is too conservative and leads to larger standard
errors, particularly for the light intensity growth outcome in Panel C of Table 5. The estimated impact
of agroclimatic similarity in column 3, for example, is statistically significant at the five percent level for
radii r ∈ [120, 320) km.47

We also address another concern with our main specification: aggregation bias. By regressing
village-level outcomes on key similarity regressors that only apply to a subset of villagers (transmi-
grants), we risk misinterpreting the relationship between economic proximity and productivity. In
Appendix Table B.3, we use the best available household-level survey data from a small random
sample of 74 Transmigration villages to show that the main productivity effects of economic proximity
that we identify in Table 5 are driven by (plausible) transmigrants rather than natives. Estimating an
individual-level analogue to equation (8), we find that agroclimatic similarity has a positive effect on
farm-level rice yields that is qualitatively and quantitatively very similar to the estimates of our main
estimates of γa.

Where Does Economic Proximity Matter (Most)? In Table 8, we explore the heterogeneous impacts of
agroclimatic and linguistic similarity across different types of Transmigration villages. We first examine
the hypothesis that the effects of similarity depend on the scope for learning from native farmers about
locally appropriate rice growing techniques. Linguistic similarity would likely be more important in
villages where the initial native population is large (relative to the number of transmigrants); in contrast,
agroclimatic similarity becomes more important when the initial native population was small.48

To test the hypothesis, we split the villages into two groups, based on whether they were assigned
above- or below-median number of transmigrants, and separately re-estimate equation (8). Although we
do not observe the initial native population size, the size of the initial transmigrant population is a good
proxy for relative group sizes. Under the assumption that program planners accounted for the native
population size when they calculated the carrying capacity, conditional on xj , a large (small) initial
transmigrant population is indicative of a small (large) initial native population. Using transmigrants
placed at the start of the program, as opposed to the actual numbers of Java/Bali-born in the village in
2000, is preferable given that it is not subject to any ex-post sorting that may have occurred (i.e., it is not
a “bad control”, Angrist and Pischke, 2009).

Indeed, Panel A in the table shows that agroclimatic similarity is positive and statistically significant
in villages with above median numbers of initial settlers placed in column 1. Meanwhile, linguistic

47We also cluster at the administrative district level and find similar results. However doing so introduces greater measurement
error given the high spatial correlation across district borders.

48Consider a stark example where 2000 transmigrants were placed in a remote area with no native Outer Islanders. In this
setting, there would be no scope from learning from local farmers. Hence linguistic proximity to natives would be irrelevant,
and agroclimatic similarity would be the main driver of economic success. On the other hand, in a village with 1500 trans-
migrants and 500 natives, linguistic similarity would be relatively more important and could render agroclimatic differences
less salient.
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similarity is positive and significant in villages with below median numbers of initial settlers placed
in column 2, but we cannot reject that agroclimatic similarity has a similar effect size. If transmigrants
encountered relatively few natives with whom to communicate, then agroclimatic similarity within their
initial cohort may have had a larger effect on long-run productivity.49

In Panel B, we examine how the effects of economic proximity on rice productivity vary with the
scope for matching to land types (and production systems) common in one’s origin as well as learning
from natives about new cultivation methods. We present a simple test of this matching hypothesis by re-
estimating equation (8) for three groups of Transmigration villages, with low, medium and high shares
of wetland (the most prevalent type of land used to farm rice in Java/Bali). This reduces an otherwise
high-dimensional vector of agroclimatic attributes into a single land quality measure that is particularly
informative about variation in rice cultivation methods.

We find that agroclimatic similarity has the largest effect in areas with more dryland: a one stan-
dard deviation increase in similarity leads to nearly 35% increase productivity. This translates into an
additional 0.7 tons/ha at the mean of 2.05 tons/ha in dryland areas. This large effect has two poten-
tial explanations. First, farmers from Java/Bali accustomed to wetland agriculture found it difficult to
adapt to the dryland approaches in the settlement area (see Section 2.2).50 Second, adaptation to wet-
land production is relatively easy even for farmers accustomed to dryland methods in Java/Bali. In this
context, agroclimatic differences can be easily overcome given the strong natural advantages of wetland
production systems.

Meanwhile, linguistic similarity has the largest effects in dryland areas. This is also consistent with
productivity being higher in villages where the largely wetland farmers from Java/Bali could more
easily communicate with and relate to the nearby indigenous population. That linguistic similarity
matters in wetland areas as well (column 3) is consistent with the possibility of learning being important
given that the irrigated wetland practices in Java/Bali may differ from the rainfed wetland practices
prevalent in the Outer Islands.

Summary. Overall, our results in Tables 5 and 8 are consistent with a small but growing literature in
development examining skills and preferences that may be specific to certain agroclimatic settings. Like
Michalopoulos (2012) and Atkin (2013), we find a high degree of specificity associated with farmers’ ori-
gins. Our key contribution is to identify a causal effect of economic proximity to origins on productivity
outcomes at the destinations. These results have important implications for the literature on the spatial
wage disparities and arbitrage opportunities for rural migrants. Farmers are potentially constrained in
where to move because their productivity and consumption are tied to human capital and preferences
acquired at the origin. One lesson for policymakers is that resettlement policies targeted at farmers
should either move people to places with similar growing conditions, or invest in retraining programs
that can help farmers adapt to and cope with unfamiliar environments.

Our findings are also consistent with several case studies of Transmigration sites referenced in Section
2. Donner (1987), among others, argues that the program’s long-run effects on agricultural productivity

49These findings are not driven by differences in average rice productivity either as each set of villages have identical mean
yields of around 2.75 tons/ha.

50Donner (1987) succinctly captures this possibility: “The Javanese transmigrants, mostly experienced in growing wet-rice,
were promised irrigated land in the new settlements, but found only dryland and had to change to rain-fed cultivation.”
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growth and development would be limited due to insufficient planning and hasty preparation of settle-
ment areas prior to the arrival of transmigrants. These authors often found that lack of familiarity with
local agricultural practices and difficulty learning from native farmers posed a serious challenge in the
early stages of the resettlement process. We show that these early indications of the importance of match
quality hold over the long-run.

4.2 Adaptation

The results above show that villages assigned relatively more dissimilar migrants exhibit weaker
economic outcomes, even after more than a decade. Given all of the potential margins for adjust-
ment and adaptation to new environments, it is surprising that similarity to Java/Bali characteristics
matters so much after so many years. Here, we investigate three potential margins of adjustment
to dissimilarity: switching occupations, switching crops, and switching locations.51 In each case, we
find that although some adjustment occurred, it was not large enough to offset the effects of dissimilarity.

Occupational Choice. The first margin of adjustment we consider is whether transmigrants assigned
to dissimilar villages switch occupations. Consider a simple Roy model with two skills, agricultural and
language, and two occupations, farming and trading/services. Farming is relatively more intensive in
agricultural skills while trading/services is relatively more intensive in language skills (given the need
to communicate with non-coethnics in the market). The theory of comparative advantage predicts that
individuals assigned to agroclimatically similar villages are more likely to remain as farmers (as they
were in Java/Bali) and those assigned to linguistically similar villages are more likely to switch into
trading and services.

We test these predictions in Table 9 using the universe of individual-level Population Census data
for Transmigration villages. We model binary occupational choices as a linear probability function of
individual-level demographic controls, village-level controls, year of settlement fixed effects, and indi-
vidual agroclimatic and linguistic distances. The flexible set of individual- and village-level controls
ensures that we are comparing the effects of economic proximity on occupational choices across other-
wise observably identical individuals in observably identical villages.52 Columns 1-3 report estimates
for the probability of being a farmer working in either food or cash crop production, while columns 4-6
report the probability of being involved in trading or services.53 The sample in columns 1 and 4 include
the Java/Bali-born population between the working ages of 15 to 65. Columns 2 and 5 (3 and 6) restrict

51We focus on these three salient modes of adaptation to dissimilarity. In a companion paper exploring the nation-building
aspect of the program, we find that linguistic dissimilarity may hasten adoption of the national language, Bahasa Indonesia,
as a means of interacting with non-coethnic neighbors. This possibility was noted by early observers such as MacAndrews
(1978): “Recent research in Sumatra, for instance, has shown that from economic necessity the transmigrants learn and use
Bahasa Indonesia as a lingua franca with the indigenous people and mix with them frequently on an economic level.”

52The individual-level controls include gender, married, years of schooling, residence five years ago (Java/Bali, other Outer Is-
lands province or district) and an indicator for belonging to a native Java/Bali ethnic group, and eight indicators for religious
affiliation. All but the last set of religious indicator variables are interacted with age. The village-level controls are the same
as those used in previous tables.

53Results including all agricultural occupations and not simply farming leaves the main conclusions of this subsection un-
changed. Appendix Table B.4 reports results for farming in specific crops (cash vs. food) and shows that agroclimatic sim-
ilarity leads to stronger sorting into cash crops among the young and food crops among the old. However, the results are
somewhat imprecise for the latter.
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to young (old) individuals who were less (older) than 10 years old in the year of initial settlement.
We find some adjustment in occupation choices, consistent with the theory of comparative advan-

tage. Across all ages, agroclimatic similarity increases the likelihood of farming and decreases the like-
lihood of trading. A one standard deviation increase in individual agroclimatic similarity leads to a 0.9
percentage point (pp) higher probability of an individual reporting farming as their primary occupation.
Meanwhile, a one standard deviation increase in linguistic similarity is associated with an imprecisely
estimated 1.5 pp lower probability of farming but a statistically significant 1.7 pp higher probability of
trading/services. This pattern is consistent with sorting into occupations based on comparative advan-
tage (as proxied by the complementarity of migrants’ skills acquired in the origin and the production
environment in the destination.)

Comparing across columns, we find no significant differences in the patterns of occupational choices
across the young and old generation of transmigrants. This is consistent with intergenerational persis-
tence in occupational choices.

Although the qualitative patterns in Table 9 suggest that dissimilarity encouraged some individuals
to switch occupations, the effects are quantitatively small. For example, the 0.9% agroclimatic similarity
effect in column 1 implies that only 5,104 individuals with low similarity (1 SD below the mean)
switched out of farming. This is quite a limited effect given that more than 350,000 individuals in
the sample are farmers. The effects of linguistic similarity are relatively larger. Overall, however,
intersectoral mobility seems to have been limited, presumably due to labor market frictions or other
adjustment costs. Such limited occupational sorting may explain in part why we find such large,
persistent negative consequences of dissimilarity on aggregate productivity.

Crop Choice. Another potential margin of adjustment would be for households to remain as farmers
but to switch the crops they grew. In Table 10, we examine the extent to which the Java/Bali migrants
bring their preferences for growing rice with them to Transmigration sites. Following Michalopoulos
(2012), we estimate the following regression for Transmigration villages,54

ricej
staplesj

= α+ ρ1

(
rice−j

staples−j

)
+ ρ2

(
ricej(i)

staplesj(i)

)
+ x′jφ+ νj ,

where ricej/staplesj is the fraction of rice paddy in total staples (rice, maize, cassava) planted in 2001;
rice−j/staples−j is the corresponding measure in neighboring villages (measured as the average share
in the district, excluding Transmigration villages); and ricej(i)/staplesj(i) is the corresponding measure
for Java/Bali-born migrants’ origin districts weighted by the usual πij term capturing the share of mi-
grants from different origins represented in j. After conditioning on the usual xj vector, ρ1 captures
the correlation in cropping patterns across nearby villages subject to the same unobservable ecological
constraints, and ρ2 captures the persistence of migrants’ growing preferences above and beyond the lo-
cal agroclimatic and ecological constraints (as reflected in the cropland allocation of longstanding native
farming communities). If ρ2 = 0, then transmigrants have fully adapted their cropping patterns to such
constraints.

54Michalopoulos (2012) shows that ethnic groups with noncontiguous homelands in Africa tend to employ agricultural meth-
ods prevalent in each others’ homelands regardless of local suitability.
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Table 10 demonstrates that Transmigration villages allocate cropland in a very similar manner to
their neighbors (ρ1 > 0 in all columns). However, columns 2 and 4 show that on average, the cropping
patterns in Transmigration villages depart from those in neighboring Outer Islands villages in a manner
reflecting the predominance in transmigrants’ origin regions (ρ2 > 0).55 Consistent with Michalopoulos
(2012), our results suggest that origin region cropping patterns explain about 15-20 percent of the pat-
terns explained by spatial autocorrelation. Overall, these results provide evidence that although crop
switching might have been possible, it was not fully embraced by transmigrants due to strong prefer-
ences for growing rice and replicating the basket of goods grown in their origin regions.

Table 11 provides more direct evidence on crop selection. We regress our similarity indices on binary
variables that measure whether villages grew any amounts of certain food (rice, cassava, maize) and
cash crops (rubber, palm oil, coffee, or cocoa). Maintaining the baseline specification in equation (8), we
find that greater agroclimatic similarity stimulated entry into rice production. A one standard deviation
increase in agroclimatic similarity increases the likelihood that farmers in the village grow any rice by
8.1 percentage points relative to a mean of 74 percent. However, agroclimatic similarity also induced
some entry into cash crop production, particularly for coffee and cocoa—both of which are grown in
several areas of Java/Bali. Hence, some of the productivity effects that we observe in Table 5 are due to
an increase in the extensive margin of rice production in settlement areas.

In other words, the results in Table 11 are indicative of revealed comparative advantage in villages
with a high share of transmigrants from agroclimatically similar origins. This is why we treat crop choice
at the village-level as a measure of adaptation and use the revenue-weighted agricultural productivity
measure in Table 5 to compare productivity outcomes across villages with potentially different patterns
of comparative advantage across crops.

(Non-)Selective Migration Patterns. Another way in which farmers may adapt to initial low quality
matches is by moving out of the village and perhaps returning to Java/ and Bali. While bias from return
migration has been shown to be important in the literature (e.g., Abramitzky et al., forthcoming), we
argue that this margin of adjustment is less important in our context.56 First, transmigrants are not
as mobile as the typical “spontaneous” migrants. Transmigrants volunteered to a program that would
assign them to an unfamiliar place because they were unable to migrate on their own due to credit,
information, or other constraints. Second, these transmigrants, previously (mostly) landless agricultural
laborers, were given land, and the property rights may play a role in tying them to the Transmigration
villages.57 Moreover, the property rights may have acted as a deterrent to subsequent large scale in-
migration to the settlements given constraints on land availability, which informed the planners’ initial
determination of the size of the transmigrant cohort in each location.

55Stronger evidence for this effect can be found in columns 3 and 4, where we estimate a linear probability model for whether
the fraction of farm acreage devoted to rice was greater than 50 percent.

56If return migration was greater in dissimilar villages and return migrants were more unproductive (which is why they re-
turned), the correlation between the probability of no return migration (so that we observe them in our data) and similarity
would be positive and the correlation between no return migration and productivity would be positive, so the bias is positive
(the true effect is weaker). Moreover, the high costs of unassisted inter-island migration (of an entire household) would have
been most burdensome for those most inclined to return (i.e., those that failed economically in the new environment).

57One possibility is for transmigrants to sell their land to finance their move back. However, land markets are extremely
illiquid in Indonesia. Most household surveys show land transaction rates below one percent at an annual time horizon, and
Indonesia ranks 107th out of 177 countries in terms of the difficulty of registering private transactions (World Bank, 2008a).
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We confirm that selective out-migration is indeed low. First, the 1998 Transmigration census reports
the number of individuals initially placed as well as the population size when a Transmigration village
was deemed independent enough that it no longer required official supervision (typically within 5-10
years of placement). We regressed the ratios of these two population sizes on our (weighted and un-
weighted) similarity measures and find statistically insignificant effects of similarity. If there were selec-
tive out-migration from dissimilar villages, these coefficients would be positive and significant. Second,
we used the 1985 inter-censal survey (Supas) to estimate an upper bound on the number of return mi-
grants to Java/Bali. Our calculations suggest there were 1,800,264 individuals in Java/Bali in 1985 who
reported being in a different district in 1980. Of these migrants, only 2 percent (36,000) reported living
in an Outer Island district that had transmigration villages. This upper bound indicates a low rate of
short-term return migration, compared to the roughly 1,298,000 transmigrants who were moved in this
period.58 Finally, recall that the gravity results in Table 3 showed that longer-term ex post sorting patterns
is not positively correlated with agroclimatic or linguistic similarity. We also show that these similarity
measures are uncorrelated with population size and the Java/Bali-born migrant share in Transmigration
villages in 2000.

4.3 Average Treatment Effects

In this section, we investigate the policy-relevance of our key findings on economic proximity by
linking them to new estimates of the long-term, average impact of the Transmigration program on local
economic development outcomes. Obtaining estimates of the overall treatment effects of the program
requires an alternative identification strategy based on a place-based evaluation approach. We first
develop that approach, then present key estimates of the average treatment effect (ATE) of the program,
and finally relate the weak ATE estimates to the above findings on match quality and adaptation.

Exploiting the Policy Discontinuity. In order to identify the ATE of the Transmigration program, we
make use of unanticipated budget cutbacks that left numerous planned sites (RDAs) across the Outer
Islands unrealized (see Appendix Figure B.3). We use these “almost treated” villages as counterfactuals
for what would have happened in Transmigration villages had the migrants and accompanying capital
never arrived. This setup lends itself to the following equation:

yj = α+ θTj + x′jβ + νj , (9)

where Tj is a treatment indicator equal to one for Transmigration villages and zero for planned but un-
settled RDAs, and xj is the usual vector of predetermined controls from equation (8). The key parameter
of interest is the ATE, θ, which measures the causal impact of being a Transmigration village.

A key concern with assigning θ a causal interpretation is that there are omitted place variables
correlated with treatment assignment that both influenced site selection and affect outcomes.59 Spatial
policies like the Transmigration program often target underdeveloped or distressed areas, which

58Donner (1987) cites an internal government report indicating that 2,000 households returned to Java/Bali over this period.
59Analogous to the decomposition of unobservables in Section 3, there are other sources of potential bias arising from the

correlation between ηi|i∈Ij and Tj as well as δuij |i∈Ij and Tj . These biases are more difficult to sign but nevertheless affect our
interpretation of θ. We revisit these below.
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can lead to downward bias in θ. We rule out first-order concerns with program placement bias by
restricting to the set of eligible areas—treated and planned but untreated villages—right around the
policy discontinuity in the mid-1980s. These eligible areas tend to be (i) larger in area, (ii) more remote,
(iii) situated on more rugged terrain, and (iv) have soils with slightly more carbon content and poorer
drainage than typical villages in the Outer Islands (see Appendix Table B.5). We also explicitly adjust
for potential ex ante differences between Transmigration villages and RDAs. We get closer to a causal
interpretation of θ by using a reweighting procedure akin to recent evaluations of place-based policies
(Busso et al., 2013; Kline and Moretti, forthcoming).

ATE: Long-Run Development. In Table 12, we report estimates of the ATE for demographic and eco-
nomic outcomes. Column 1 reports estimates based on comparing Transmigration villages to all other
Outer Island villages while columns 2-4 restrict to the set of treated and control villages. Column 2 con-
trols for the predetermined site selection (and agroclimatic) characteristics in xj . Column 3 additionally
reweights control villages according to their odds of treatment based on propensity scores estimated
using site selection variables.60 Column 4 employs the Oaxaca-Blinder type reweighting estimator de-
veloped in Kline (2011). All specifications include island fixed effects. Standard errors are clustered at
the district level, and column 3 uses a block bootstrap to account for the use of generated probability
weights. Sample sizes vary across outcomes (depending on data availability) and columns but include
as many as 31,185 villages in column 1, and 832 treated villages and 668 controls in columns 2-4.61 As
detailed in Appendix B.1, reweighting effectively rebalances the sample as if planners in 1979 randomly
chose half of the initial potential settlements.

Panel A reveals the large, long-run demographic change caused by the Transmigration program.
Focusing on the preferred Kline reweighting estimator in column 4, treated villages have substantially
higher population density (0.74 log points) than almost treated villages. Not accounting for endogenous
program placement in column 1 delivers the opposite conclusion. This is intuitive because planners
targeted underdeveloped areas—as is common in other place-based programs. This population shock
is driven largely by the influx of transmigrants a few decades prior. The Java/Bali-born population
increased from a base of 2 percent of the population in control villages to around 36 percent in treated
villages.The influx of migrants also caused a large increase in ethnic diversity in the Outer Islands. In
the average treated village, nearly 60 percent of individuals identify with ethnicities native to Java/Bali,
relative to a base of 6 percent in control villages.

Panel B shows that, on average, the Transmigration program had weak long-run effects on local
agricultural development and income growth. First, treated villages exhibit no difference in rice
productivity along the intensive margin of tons/ha. The same holds for total output, output/worker,
and output/capita (after reweighting control villages). This is not due to differential selection into
rice production. Rice is grown in 80 percent of villages, and the program did not lead to any changes
between treated and control areas. Nor are the null effects due to low power. Moreover, these null

60This double robust specification (Robins et al., 1995) augments the usual inverse probability weighting (IPW) specification by
controlling for the underlying terms used to estimate propensity scores.

61We exclude treated villages on the islands of Maluku and Nusa Tenggara because there is not sufficient within-island variation
(see Appendix Figure B.3). While Nusa Tenggara has five treated villages (and 57 controls), we cannot reliably map outcomes
and xj to these villages. We also exclude control villages that are within 10 km of Transmigration settlements to minimize
bias from spillovers.
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productivity effects are not specific to rice or to measures of agricultural productivity. The same holds
for both revenue-weighted average yields across all crops grown in the village as well as light intensity
growth. Controlling for predetermined schooling levels of transmigrants and natives in treated and
control villages leaves these results unchanged, suggesting that general human capital differentials do
not explain the weak program impacts.

Discussion. Initially, these ATE results may seem puzzling. First, rice is the most important agricultural
product in the rural areas of Java/Bali where the settlers worked as farmers before leaving for the Outer
Islands. Moreover, the Green Revolution had begun to transform Javanese rice agriculture but had yet
to reach much of the Outer Islands by the late 1970s. It was hoped that transmigrants would transfer
some of this know-how to the Outer Islands. Second, in many of the control villages, the agriculturally
suitable land had not yet been fully cleared and converted for farming purposes before the abrupt halt
in program funding in the mid-1980s.62

We argue that these weak average long-run productivity effects can be explained in part by our
results in the previous section showing the consequences of mismatch between settler skills and local
growing conditions as well as limited adaptation in Transmigration villages. In particular, complemen-
tarities between heterogeneous individuals and heterogeneous places can give rise to long-run spatial
productivity gaps. If labor is unable to sort optimally across locations, if there are frictions limiting oc-
cupational sorting within locations, or if preferences for growing certain crops are persistent, then the
potential gains from labor reallocation may go unrealized. In our setting, if these three forces are strong
enough and are not binding in control villages, then the positive long-run productivity gains of land
clearing and other non-labor inputs to production in treated villages could have been undone. In other
words, the low quality match and limited adaptation could have pulled down average productivity in
treated villages, leading to the null results we find in Table 12.

One way to see this possibility is by estimating a semiparametric version of equation (8):

yj = α+ g(Aj) + γ`Lj + x′jβ + νj

where g(·) is a partially linear function that relates agroclimatic similarity to the outcome yj using the
approach in Robinson (1988). Figure 7 shows the shape of g(·) for our key rice productivity outcome.
The steepest effect size is found in the bottom quartile of the index (Aj ≤ 0.55) after which the effects
of similarity kink and then level off with little difference in productivity between villages at the median
Aj = 0.63 and the 95th percentile Aj = 0.75. This suggests large productivity losses for Transmigration
villages with migrants of particularly low quality in terms of their agroclimatic origins.63

There are two ways in which the policy could have mitigated these long-run productivity losses seen
in the lower tail of Figure 7. First, more careful matching of transmigrants’ skills to destination growing

62Only 25 out of 668 control villages had reached phase three during which agricultural land was being prepared for utilization
by future settlers. Hence, our inclusion of all RDAs at earlier stages of preparation should bias us towards finding positive
ATEs for agricultural outcomes. Of course, one may ask whether a null effect on the intensive margin of agricultural pro-
ductivity is actually evidence of reaching the productivity frontier of the Outer Islands. We view this interpretation of the
alternative hypothesis as inapplicable. As discussed in Section 2, planners envisaged the program as a means of transfer-
ring Java/Bali’s supposedly superior agricultural technology to the less productive Outer Islands. The large public effort to
prepare underdeveloped yet viable agricultural land in treated villages was expected to yield productivity gains.

63The variation in linguistic similarity is too limited and clumpy to pursue an analogous partially linear approach.
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conditions may have pushed all villages into the portion of the figure where agroclimatic similarity has
little impact. The semiparametric results suggest that it is most important to avoid very bad matches
(roughly, Aj below the 30th percentile). Second, even in the absence of better matching (which may be
constrained due to available locations or technical expertise), greater investments in agricultural exten-
sion, retraining programs, and complementary capital inputs may have facilitated greater adaptation
and ultimately limited the long-run effects of initial match quality.

5 Conclusion

This paper used plausibly exogenous variation from the Transmigration Program in Indonesia to iden-
tify the importance of economic proximity and comparative advantage in determining the long-term
impact of spatial labor reallocation. We show that villages that were assigned a higher share of migrants
from agroclimatically similar origins in Java/Bali (migrants with greater comparative advantage) exhibit
greater economic development compared to villages that were assigned migrants from less similar ori-
gins. Additionally, we find suggestive evidence of learning between farmers in that linguistic similarity
is also an important determinant of rice productivity. These results can explain the small average treat-
ment effects on economic outcomes (in spite of the large treatment effects on population density) when
comparing Transmigration villages against planned but unsettled villages.

Our measures of agroclimatic and linguistic similarity relate to the core economic concept of com-
parative advantage. We shed light on the importance of comparative advantage in shaping the spatial
distribution of productivity. In our setting, farmers assigned to dissimilar areas have lesser comparative
advantage and appear to have difficulty adapting over time.

That comparative advantage still matters over the long-run raises several questions. First, if assigned
to a comparatively disadvantaged location, how did transmigrants adapt? Potential adaptation mech-
anisms include migration, crop switching and capital adjustments, language adoption and subsequent
learning from natives, or occupational switching. We explore a few of these mechanisms and find some
evidence of adaptation but the effects are small, suggesting farmers face high adjustment costs.

Second, given constraints in terms of the number and carrying capacity of Transmigration sites, could
planners have allocated transmigrants more effectively across settlements? What would the optimal
assignment have looked like if the objective was to maximize agricultural productivity? In future work,
it would be interesting to study population resettlement as an optimal assignment problem in the spirit
of Koopmans and Beckmann (1957).

Third, what are the policy lessons for future resettlement programs? Our results suggest that com-
plementary government inputs are crucial to help farmers mitigate the effects of dissimilarity. As noted
by Donner (1987), “. . . even sensitive soils can be used economically viabl(y) if the proper techniques are
applied. In many cases however, such techniques are either unknown to the transmigrants or require
too high an investment to be feasible.”

Finally, our paper focuses on economic outcomes only. In future work, it would be interesting to
study the effects of the program and agroclimatic and linguistic similarity on social outcomes including
language diffusion, interethnic marriage, and political preferences. Nation-building was an important
non-economic goal of the program which our quasi-experimental design is well suited to evaluate.
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Figures

Figure 1: Map of Transmigration Villages

Notes: Each green location on the map corresponds to a Transmigration village. The white areas outlined in grey are neither Transmigration nor control villages.
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Figure 2: A Case Study to Explain Our Empirical Strategy

Notes: Values in parentheses correspond to (destination village, origin district), where “origin district” is the district that
sent the largest share of transmigrants to the destination village. Both transmigration villages are in Musi Banyuasin
District, South Sumatera. For Telang Sari, 23% of its Java/Bali migrants were born in Kebumen, in Central Java. For
Nunggal Sari, 38% of its Java/Bali migrants were born in Karanganyar, in Central Java. The standard deviations are:
agroclimatic similarity (0.17), Elevation (268m), pH (0.73), Fine Texture (16.1%).
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Figure 3: Maps of Similarity Indices Across Transmigration Villages

(a) Agroclimatic Similarity

(b) Linguistic Similarity

Notes: Each colored location on the map corresponds to a Transmigration village. The agroclimatic similarity index for village
j, Aj , is constructed according to equation (1) and is standardized to lie on the unit interval.The linguistic similarity index for
village j, Lj , is constructed according to equation (2) and is standardized to lie on the unit interval.
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Figure 4: Transmigration Flows and Oil Prices
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Figure 5: Agroclimatic Similarity: Transmigration vs. Other Outer Islands Villages

(a) All Individuals (Natives and Immigrants)

(b) All Individuals (Immigrants Only)

Notes: Panel A shows kernel densities of village-level agroclimatic similarity computed over all individuals—natives and
immigrants—in the village separately for Transmigration settlements and all other Outer Islands villages. Panel B shows kernel
densities of village-level agroclimatic similarity computed over all immigrants in the village separately for Transmigration
settlements and all other Outer Islands villages. The agroclimatic similarity indices for village j,Aj , are constructed according
to equation (1) with πij in (a) being the share of the population in j from each origin district i including i = j, and in (b) being
the share of the immigrant population in j from each origin district i excluding i = j. All indices are standardized to lie on the
unit interval.
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Figure 6: Individual Agroclimatic Similarity by Schooling: Transmigration Villages

Notes: This figure shows the kernel densities of standardized individual-level agroclimatic similarity, Aij by level of
schooling for all Java/Bali-born individuals living in Transmigration villages and who are between the ages of 15 and
65 and were older than 10 years old in the initial year of settlement. The schooling levels are as reported in the 2000
Population Census.

Figure 7: Baseline Specification: Semiparametric Evidence for Rice Productivity

Notes: This is based on semiparametric Robinson (1988) extensions of the main parametric specification in column 3 of
Table 5 relating agroclimatic similarity to log rice productivity. The dashed lines correspond to 90% confidence intervals.
The local linear regressions use an Epanechnikov kernel and a bandwidth of 0.06. The histogram captures the distribution
of standardized agroclimatic similarity. The top 5 and bottom 5 villages are trimmed in each figure for presentational
purposes.
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Tables

Table 1: Agroclimatic Diversity in Java/Bali (Origins) and the Outer Islands (Destinations)

Villages in [. . . ]
Java/Bali Outer Islands

Mean
Std.

Mean
Std.

Deviation Deviation

Topography
ruggedness index 0.167 (0.169) 0.273 (0.159)
elevation (meters) 241.0 (316.8) 271.8 (376.9)
% land with slope between 0-2% 0.391 (0.358) 0.268 (0.296)
% land with slope between 2-8% 0.394 (0.270) 0.373 (0.245)
% land with slope between 8-30% 0.170 (0.237) 0.238 (0.238)

Soil Quality
organic carbon (%) 0.021 (0.017) 0.033 (0.043)
topsoil sodicity (esp, %) 0.014 (0.003) 0.015 (0.005)
topsoil pH (-log(H+)) 6.256 (0.686) 5.446 (0.748)
coarse texture soils (%) 0.045 (0.139) 0.060 (0.160)
medium texture soils (%) 0.528 (0.258) 0.699 (0.227)
poor or very poor drainage soils (%) 0.285 (0.315) 0.275 (0.335)
imperfect drainage soils (%) 0.076 (0.181) 0.135 (0.262)

Climate
average annual rainfall (mm), 1948-1978 198.8 (56.1) 205.2 (49.3)
average annual temperature (Celsius), 1948-1978 24.8 (2.8) 25.3 (2.8)

Water Access
distance to nearest sea coast (km) 27.3 (20.0) 37.2 (39.6)
distance to nearest river (km) 2.5 (5.6) 5.4 (12.0)

Notes: This table reports summary statistics for each of the variables included in our agroclimatic similarity index. The
mean and standard deviation for the given variable are computed over all villages in Java/Bali (Outer Islands) in columns
2-3 (4-5). Sample sizes vary slightly across measures, but the full coverage includes 40,518 villages in the Outer Islands
and 25,756 in Java/Bali. See Appendix A for details on data sources and construction.
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Table 2: Summary Statistics: Transmigration Villages

Std. No. of
Mean Deviation Villages

Demographic Characteristics
total population (2000) 2029 (1433) 974
population per square km (2000) 138 (610) 935
Java/Bali-born population share 0.372 (0.203) 974
Transmigrant ethnicity population share 0.657 (0.315) 974
average years of schooling 3.959 (0.957) 974
average years of schooling, Transmigrant ethnicities 5.484 (1.637) 924
average years of schooling, non-Transmigrant ethnicities 6.187 (1.943) 935

Economic Characteristics
farming employment share 0.686 (0.242) 974
any rice production in village 0.741 (0.438) 901
rice output per hectare (tons) 2.739 (4.794) 660
agricultural productivity, revenue weighted average 1.392 (6.510) 846
rice is highest revenue crop 0.286 (0.452) 901
log light intensity growth, 1992-2010 0.149 (0.603) 935

Similarity
Aj : agroclimatic similarity index ∈ [0, 1] 0.667 (0.136) 911
Lj : linguistic similarity index ∈ [0, 1] 0.593 (0.068) 915

Estimation Sample: Log Rice Productivity
rice output per hectare (tons) 2.754 (5.003) 600
Aj : agroclimatic similarity index ∈ [0, 1] 0.680 (0.133) 600
Lj : linguistic similarity index ∈ [0, 1] 0.588 (0.077) 600

Estimation Sample: Light Intensity Growth
log light intensity growth, 1992-2010 0.158 (0.634) 814
Aj : agroclimatic similarity index ∈ [0, 1] 0.667 (0.136) 814
Lj : linguistic similarity index ∈ [0, 1] 0.593 (0.071) 814

Notes: This table reports summary statistics for Transmigration villages. The number of villages varies across rows de-
pending on data availability. See Appendix A for details on data sources and construction. The similarity indices have
been standardized to lie between zero and one. All agricultural outcomes are as observed in the 2001-2 growing season.
The bottom two panels reproduce the main dependent variables and similarity indices used in our central results reported
in Table 5 below. The sample sizes vary based on the inclusion of key control variables.
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Table 3: Quasi-Gravity Regression of Migration from Java/Bali to the Outer Islands

Villages Included: Transmigration > 20 km from Transmigration

Dependent Variable: migrant`ij ln(mig`ij) migrant`ij ln(mig`ij)
Estimator: Poisson Neg. Bin. OLS Poisson Neg. Bin. OLS

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

agroclimatic similarity 0.036 -0.049 -0.015 -0.231 -0.134 -0.069
(0.040) (0.013)*** (0.016) (0.044)*** (0.028)*** (0.012)***

linguistic similarity 0.006 0.018 0.020 0.137 0.115 0.019
(0.085) (0.022) (0.014) (0.032)*** (0.012)*** (0.004)***

(-1)×log distance 0.311 0.542 0.079 1.482 0.929 0.371
(0.085)*** (0.030)*** (0.041)* (0.078)*** (0.044)*** (0.026)***

Observations 855,848 855,848 42,856 12,819,632 12,819,632 216,653
joint test β = 0, F stat 18.3 470.9 1.7 421.3 651.3 > 999
joint test β = 0, p-value [< 0.01] [< 0.01] 0.18 [< 0.01] [< 0.01] [< 0.01]
Dependent Variable Mean 0.61 0.61 1.25 0.10 0.10 0.83

Notes: */**/*** denotes significance at the 10/5/1 percent level. This table regresses the number of migrants from ethno-
linguistic group ` in origin district i in Java/Bali residing in Outer Islands village j in the year 2000 on the agroclimatic
similarity between i and j, linguistic similarity between ` and the linguistic group indigenous to j, and the log physical
distance between i and j. The unit of observation is an origin district i (of which there are 119), ethnolinguistic group ` (of
which there are 8), destination village j tuple. Columns 1-3 restrict to Transmigration villages, and columns 4-6 restrict
to villages that are more than 20 km from Transmigration villages. Columns 1 and 4 (2 and 5) use a Poisson (Negative
Binomial) Pseudo Maximum Likelihood estimator with the dependent variable being the number of migrants. The lat-
ter accounts for overdispersion but both are common in the empirical literatures estimating gravity models of trade and
migration. Columns 3 and 6 restrict to villages with any migrants from the given origin×ethnicity and estimates the in-
tensive margin of log migrants. All specifications include (Java/Bali) ethnicity fixed effects and birth district fixed effects.
Standard errors are clustered by birth district.

42



Table 4: Economic Proximity and Village-Level Demographics

Dependent Variable proximity measure
agroclimatic linguistic

(1) (2)
Male (%), Java/Bali Migrants 0.045 0.084

(0.069) (0.023)***
Male (%), Other -0.071 -0.028

(0.219) (0.062)
Avg. Age, Java/Bali Migrants 0.003 -0.001

(0.002) (0.001)
Avg. Age, Other -0.002 0.000

(0.003) (0.001)
No School (%), Java/Bali Migrants -0.018 0.060

(0.024) (0.024)**
No School (%), Other -0.033 -0.051

(0.070) (0.037)
Primary School (%), Java/Bali Migrants 0.015 0.043

(0.043) (0.018)**
Primary School (%), Other -0.001 -0.050

(0.145) (0.039)
Agriculture Employment (%), Java/Bali Migrants -0.005 -0.001

(0.054) (0.020)
Agriculture Employment (%), Other -0.002 -0.005

(0.062) (0.009)
Services Employment (%), Java/Bali Migrants -0.092 0.015

(0.063) (0.015)
Services Employment (%), Other -0.030 -0.012

(0.062) (0.017)
Trading Employment (%), Java/Bali Migrants -0.070 0.056

(0.080) (0.023)**
Trading Employment (%), Other -0.025 -0.019

(0.106) (0.047)
Employer (%), Java/Bali Migrants -0.065 0.036

(0.063) (0.032)
Employer (%), Other 0.028 -0.016

(0.050) (0.027)
Self Employment (%), Java/Bali Migrants -0.071 -0.032

(0.037)* (0.031)
Self Employment (%), Other -0.006 0.028

(0.040) (0.025)

Number of Villages 814 814
R2 0.498 0.482

Notes: */**/*** denotes significance at the 10/5/1 percent level. This table regresses our measures of economic proximity—
agroclimatic and linguistic similarity—on the demographic characteristics of Transmigration villages reported in the 2000
Population Census and broken down by Java/Bali-born and non-Java/Bali-born population. Both similarity measures are
standardized to lie between zero and one. Each regression includes the predetermined village-level control variables de-
tailed in Section 2.2 as well as island fixed effects. Standard errors in parentheses allow for unrestricted spatial correlation
between all villages within 75 kilometers of each other (Conley, 1999).
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Table 5: Economic Proximity and Long-Run Development Outcomes

< 10 km from
Transmigration Villages Transmigration Villages

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

Panel A: log rice productivity

agroclimatic similarity 0.198 0.215 0.128 0.139
(0.088)** (0.085)** (0.062)** (0.060)**

linguistic similarity 0.099 0.129 0.078 0.092
(0.053)* (0.050)*** (0.032)** (0.031)***

Number of Villages 600 600 600 2,224 2,224 2,224

Panel B: log revenue weighted agricultural productivity

agroclimatic similarity 0.068 0.074 0.025 0.026
(0.039)* (0.037)** (0.029) (0.028)

linguistic similarity 0.054 0.062 0.009 0.011
(0.042) (0.040) (0.021) (0.020)

Number of Villages 770 770 770 2,711 2,711 2,711

Panel C: log light intensity growth, 1992-2010

agroclimatic similarity 0.054 0.061 0.053 0.057
(0.046) (0.046) (0.036) (0.036)

linguistic similarity 0.085 0.090 0.048 0.052
(0.039)** (0.041)** (0.034) (0.034)

Number of Villages 814 814 814 3,001 3,001 3,001

Notes: */**/*** denotes significance at the 10/5/1 percent level. Within each panel, each column corresponds to a separate
regression of the given dependent variable on agroclimatic and/or linguistic similarity, predetermined village-level con-
trol variables, and island fixed effects. Log rice productivity is tons of output per hectare in the 2001-2 growing season. Log
revenue weighted agricultural productivity is an overall measure of agricultural output in tons per hectare that each crop
by the (potential) revenue of total output valued at national prices. Columns 1-3 are estimated on the set of Transmigra-
tion villages. Columns 4-6 are estimated on the set of villages within 10 kilometers of the boundary of a Transmigration
village. Both similarity measures are normalized to have mean zero and a standard deviation of one. Standard errors
in parentheses allow for unrestricted spatial correlation between all villages within 75 kilometers of each other (Conley,
1999).
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Table 6: Unpacking Agroclimatic Similarity

< 10 km from
Transmigration Villages Transmigration Villages

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

Panel A: log rice productivity

climatic similarity -0.060 -0.046 -0.013 0.001
(0.059) (0.062) (0.032) (0.036)

topographic similarity 0.136 0.142 0.112 0.122
(0.063)** (0.064)** (0.048)** (0.045)***

soil similarity 0.081 0.088 0.018 0.016
(0.105) (0.105) (0.061) (0.061)

linguistic similarity 0.106 0.092
(0.048)** (0.034)***

Number of Villages 600 600 2,224 2,224
R2 0.253 0.256 0.279 0.282

Panel B: log revenue weighted agricultural productivity

climatic similarity 0.011 0.017 0.015 0.017
(0.017) (0.016) (0.014) (0.013)

topographic similarity 0.021 0.023 -0.026 -0.026
(0.028) (0.027) (0.020) (0.020)

soil similarity 0.058 0.062 0.057 0.058
(0.037) (0.035)* (0.027)** (0.027)**

linguistic similarity 0.062 0.011
(0.040) (0.020)

Number of Villages 770 770 2,711 2,711
R2 0.241 0.246 0.215 0.215

Panel C: log light intensity growth, 1992-2010

climatic similarity 0.023 0.033 0.031 0.038
(0.016) (0.017)* (0.013)** (0.015)**

topographic similarity 0.025 0.027 0.030 0.034
(0.031) (0.029) (0.034) (0.034)

soil similarity 0.037 0.041 0.029 0.028
(0.033) (0.032) (0.022) (0.021)

linguistic similarity 0.093 0.057
(0.040)** (0.033)*

Number of Villages 814 814 3,001 3,001
R2 0.137 0.148 0.303 0.307

Notes: */**/*** denotes significance at the 10/5/1 percent level. Within each panel, each column corresponds to a separate regression of
the given dependent variable on agroclimatic and/or linguistic similarity, predetermined village-level control variables, and island fixed
effects. Log rice productivity is tons of output per hectare in the 2001-2 growing season. Log revenue weighted agricultural productivity
is an overall measure of agricultural output in tons per hectare that each crop by the (potential) revenue of total output valued at national
prices. Columns 1-3 are estimated on the set of Transmigration villages. Columns 4-6 are estimated on the set of villages within 10
kilometers of the boundary of a Transmigration village. Both similarity measures are normalized to have mean zero and a standard
deviation of one. Standard errors in parentheses allow for unrestricted spatial correlation between all villages within 75 kilometers of
each other (Conley, 1999).
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Table 7: Robustness: Rice Productivity and Economic Proximity

proximity measure
agroclimatic linguistic

1. Baseline Specification 0.215 0.129
(0.085)** (0.050)***

2. Java/Bali- and Outer Islands-born Demographic Controls 0.231 0.114
(0.105)** (0.047)**

3. Total Transmigrants Placed in Initial Year 0.216 0.127
(0.085)** (0.050)**

4. Year of Settlement Fixed Effects 0.214 0.130
(0.081)*** (0.052)**

5. Log Weighted Distance to Transmigrants’ Origins 0.215 0.128
(0.086)** (0.051)**

6. Transmigrant Ethnic Group and Origin Province Shares 0.252 0.121
(0.091)*** (0.051)**

7. 3rd Degree Polynomial in Latitude/Longitude 0.197 0.107
(0.107)* (0.079)

8. Province Fixed Effects 0.124 0.144
(0.077) (0.055)***

9. ψ = 0.05 in Linguistic Similarity Index 0.209 0.168
(0.086)** (0.038)***

10. Alternative Normalization of Agroclimatic Similarity Index 0.200 0.123
(0.078)** (0.049)**

11. Euclidean Distance in Agroclimatic Similarity Index 0.173 0.127
(0.088)** (0.052)**

12. Only pre-1995 Java/Bali Immigrants in Agroclimatic Similarity Index 0.221 0.135
(0.087)** (0.050)***

13. Only Java/Bali-born age >30 in Agroclimatic Similarity Index 0.223 0.131
(0.086)*** (0.050)***

14. Omitting the Predetermined Natural Advantage Controls 0.188 0.143
(0.050)*** (0.051)***

15. Trimming Top and Bottom 1% of log rice productivity 0.240 0.136
(0.082)*** (0.038)***

16. Controlling for Java/Bali-born Pop. Share and Overall Pop. Density 0.222 0.128
(0.086)** (0.049)***

17. Share of Farmland with Irrigation 0.220 0.152
(0.085)** (0.050)***

Notes: */**/*** denotes significance at the 10/5/1 percent level. Each row corresponds to a separate regression of log
rice productivity on agroclimatic and linguistic similarity, predetermined village-level control variables, and island fixed
effects unless noted otherwise. Both similarity measures are normalized to have mean zero and a standard deviation of
one. Row 1 is our baseline specification from column 3 in Table 5. In each subsequent row, we make the single change
in specification noted in the row description. Further details on these specification changes can be found in Section 4.1.
Otherwise, all other aspects of the estimating equation are as in the baseline. Standard errors in parentheses allow for
unrestricted spatial correlation between all villages within 75 kilometers of each other (Conley, 1999).
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Table 8: Where Does Proximity Matter (Most) for Rice Productivity?

Panel A: Size of the Initial Transmigrant Cohort (relative to natives)

Transmigrant Cohort Size: >median < median
(1) (2)

agroclimatic similarity 0.365 0.116
(0.104)*** (0.090)

linguistic similarity -0.024 0.151
(0.173) (0.051)***

Number of villages 297 303

Panel B: Fraction of Wetland (Sawah) in Total (Potential) Farmland
Tercile: bottom middle top

[0, .157] [.158, .660] [.665, 1]
(1) (2) (3)

agroclimatic similarity 0.380 0.006 0.129
(0.105)*** (0.090) (0.105)

linguistic similarity 0.240 -0.366 0.147
(0.120)** (0.256) (0.058)**

Number of villages 201 198 201

Notes: */**/*** denotes significance at the 10/5/1 percent level. This table examines how the effects of economic proximity
on rice productivity identified in column 3 of Table 5 vary across villages depending on the (A) the scope for learning
from natives, and (B) the distribution of farmland type. Panel A splits the sample of Transmigration villages above and
below the median initial number of migrants placed in the year of settlement as reported in the MOT 1998 Census. The
imbalanced split is due to ties within settlement year. Panel B splits the sample of Transmigration villages into terciles of
the fraction of total farmland area that is wetland (sawah) as reported in 2003. The tercile cutoffs are given at the top of
the columns. Both similarity measures are normalized to have mean zero and a standard deviation of one. All regressions
include predetermined village-level control variables and island fixed effects. Standard errors in parentheses allow for
unrestricted spatial correlation between all villages within 75 kilometers of each other (Conley, 1999).
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Table 9: Occupational Sorting within Transmigration Villages

Dependent Variable Pr(Occupation=Farming) Pr(Occupation=Trading/Services)
Age All Young Old All Young Old

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

individual agroclimatic similarity 0.009 0.012 0.008 -0.004 -0.005 -0.003
(0.005)* (0.006)** (0.005) (0.003) (0.003)* (0.003)

individual linguistic similarity -0.014 -0.015 -0.013 0.017 0.015 0.018
(0.016) (0.018) (0.016) (0.007)** (0.007)** (0.007)***

Number of Individuals 567,127 175,550 391,577 567,127 175,550 391,577
Dependent Variable Mean 0.622 0.489 0.681 0.099 0.089 0.103
Year of Settlement FE Yes Yes Yes Yes Yes Yes
Individual-Level Controls Yes Yes Yes Yes Yes Yes
Village-Level Controls Yes Yes Yes Yes Yes Yes

Notes: */**/*** denotes significance at the 10/5/1 percent level. This tables regresses the linear probability that a Java/Bali-
born individual living in a Transmigration village as recorded in the 2000 Population Census works in cash or food
crop farming (columns 1-3) or trading/services (column 4-6). Columns 1 and 4 include all Java/Bali-born individuals.
Columns 2 and 5 restrict to individuals who were less than 10 years old at the time of the initial settlement in their village.
Columns 3 and 6 restrict to individuals aged 10 years and greater at the time of the initial settlement. Both similarity
measures are normalized to have mean zero and a standard deviation of one. All regressions include: (i) fixed effects for
the year of settlement, (ii) predetermined village-level controls used in previous tables, (iii) age interacted with a male
dummy, married dummy, indicators for seven schooling levels, Java/Bali indigenous ethnic group dummy, immigrant
from Java/Bali within the last five years, immigrant from another Outer Islands province within the last five years, and
immigrant from district within the same (Outer Islands) province within the last five years, and (iv) indicators for seven
religious groups.
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Table 10: Against the Grain: Neighborhood vs. Origin Effects in Rice Land Allocation

Dependent Variable Rice/Staples Pr(Rice/Staples> 0.5)
(1) (2) (3) (4)

share of rice Ha in main staple Ha, neighbors 0.157 0.158 0.164 0.166
(0.028)*** (0.028)*** (0.021)*** (0.021)***

share of rice Ha in main staple Ha, Java/Bali origin 0.021 0.036
(0.012)* (0.016)**

Number of Villages 694 694 694 694
Dependent Variable Mean 0.684 0.684 0.707 0.707

Notes: */**/*** denotes significance at the 10/5/1 percent level. The dependent variable is farmland area planted with
rice as a fraction of area planted with the three main staples of rice, maize, and cassava. In columns 3-4, the share is
transformed into a binary outcome equal to one if the share of rice is greater than 50%. The “share of rice hectares (Ha) in
main staple Ha, neighbors” is the average share across all villages in the given district excluding Transmigration villages.
The “share of rice hectares (Ha) in main staple Ha, Java/Bali origin” is a weighted average of the shares prevailing in the
origin districts of Java/Bali with the weights being the share of Java/Bali-born immigrants in the given village from the
given origin district. Both variables have been normalized to have mean zero and standard deviation one. All regressions
include the usual predetermined village-level control variables and island fixed effects. Standard errors in parentheses
allow for unrestricted spatial correlation between all villages within 75 kilometers of each other (Conley, 1999).

Table 11: Crop Choice and Economic Proximity

proximity measure Dep. Var. No. of
agroclimatic linguistic Mean Villages

Dependent Variable
Panel A: Food Crops

any rice production 0.087 -0.016 0.737 814
(0.018)*** (0.048)

any cassava production 0.038 0.009 0.442 814
(0.033) (0.019)

any maize production 0.037 -0.000 0.441 814
(0.033) (0.024)

Panel B: Cash Crops
any rubber production 0.006 -0.043 0.410 814

(0.028) (0.018)**
any palm oil production 0.015 -0.028 0.382 814

(0.027) (0.022)
any coffee production 0.055 0.004 0.184 814

(0.019)*** (0.013)
any cocoa production 0.018 -0.022 0.154 814

(0.010)* (0.014)

Notes: */**/*** denotes significance at the 10/5/1 percent level. Each row corresponds to a separate regression for the given dependent
variable using the same baseline specification applied in column 3 of Table 5. All dependent variables are as observed in the 2001-
2 growing season. For each crop we report the extensive margin relationship between the two proximity measures and the (linear)
probability that the crop is grown in the village. Both similarity measures are normalized to have mean zero and a standard deviation of
one. All regressions include predetermined village-level control variables and island fixed effects. Standard errors in parentheses allow
for unrestricted spatial correlation between all villages within 75 kilometers of each other (Conley, 1999).
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Table 12: Average Treatment Effects of the Transmigration Program

Dependent Variable (1) (2) (3) (4)

Panel A: Demographic Outcomes
log population density -0.390 0.778 0.774 0.735

(0.118)*** (0.144)*** (0.209)*** (0.173)***

% born in Java/Bali 0.321 0.346 0.338 0.335
(0.017)*** (0.017)*** (0.020)*** (0.019)***

% transmigrant ethnicity 0.484 0.575 0.498 0.540
(0.027)*** (0.028)*** (0.046)*** (0.038)***

Panel B: Economic Outcomes
any rice production 0.013 -0.012 0.043 0.023

(0.037) (0.049) (0.069) (0.076)

log rice productivity -0.317 -0.221 -0.015 -0.140
(0.100)*** (0.132)* (0.168) (0.217)

log rice output per capita -0.614 -0.700 -0.265 -0.393
(0.193)*** (0.236)*** (0.400) (0.348)

log rice output per worker -0.755 -0.659 -0.294 -0.434
(0.190)*** (0.250)*** (0.377) (0.316)

log agricultural productivity, revenue weighted average 0.053 -0.016 0.005 -0.103
(0.046) (0.045) (0.089) (0.065)

log light intensity growth, 1992-2010 -0.316 0.021 0.040 0.028
(0.064)*** (0.043) (0.076) (0.064)

Treatment/Control Only No Yes Yes Yes
Geographic Controls No Yes Yes Yes
Reweighting No No Yes Yes
Blinder-Oaxaca No No No Yes

Notes: */**/*** denotes significance at the 10/5/1 percent level. Each cell reports the coefficient from a regression of the
given dependent variable on an indicator for whether the village is a Transmigration village. Panel A outcomes are as
observed in the 2000 Population Census. Panel B agricultural outcomes are as observed in 2001-2 growing season. Col-
umn 1 comprises all Outer Islands villages (with non-missing data). Column 2 restricts to our quasi-experimental design
including only Transmigration and control/RDA sites and conditions on the predetermined village-level characteristics
that explain (sequential) site selection. Column 3 is a double robust specification that (i) reweights controls by normalized
κ̂ = P̂ /(1− P̂ ) where P̂ is the estimated probability that the village is a Transmigration settlement and (ii) controls for the
predetermined village-level characteristics. Column 4 is a control function specification based on a Blinder-Oaxaca de-
composition developed in Kline (2011). All specifications include island fixed effects. Sample sizes vary across outcomes
(depending on data availability) and columns but include as many 31,185 villages in column (1), and 832 treated villages
and 668 controls in column 2-4. Standard errors clustered by district in parentheses and estimated using a block bootstrap
in column 3 to account for the generated κ̂ weights.
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