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Abstract 

My paper attempts to determine whether matching high-skill workers together at the regional 

level has an effect on returns to skill. Increasing returns to skill are identified using an 

interaction term between an individual’s education and the average state education. The 

Mexican Population and Housing Censuses for the years 1990, 1995 and 2000 are used to 

estimate the ordinary least squares wage regression. A nested logit discrete choice model of 

migration is used to correct for the endogeneity of the average state education. Exogenous 

environmental variables that induce migration are used as instrumental variables to estimate 

the exogenous supply of skilled labour for each state. My results show that high-skill workers 

earn increasing returns to skill when matched together, but only in urban settings. The results 

are consistent with the large income differences across regions and between urban and rural 

workers.   
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Section 1: Introduction  

As noted by many development economists and historians, economic development has tended to be 

localised in clusters. As a result, the requirements for the formation of cities have become an 

important area of study for economists and geographers alike. However, with large income 

differences and uneven development observed across countries, economists have begun to question 

why some regions develop while others do not. In Michael Kremer’s “O-Ring Theory of Economic 

Development” (1993), it is the imperfect skill matching that arises from imperfect observability and 

finite populations that cause differentiation in the development of regions.  

While the ‘O-Ring’ Theory’ is traditionally a macro-economic model, I intend to empirically 

explore the micro-foundations which are concerned with skill complementarities. In Kremer’s 

production function, errors in the production line cause bottlenecks that undermine the value of the 

final product. So that the work of a skilled worker is not undone by the work of an incompetent 

worker, productivity is highest when similarly skilled workers are matched together at the firm level. 

Perhaps this skill matching effect can also be extended to the regional level. Just as differences in skill 

within firms cause bottlenecks in production lines, differences in skill levels within regions might 

lead to inefficiency. This would give high-skill workers a reason to cluster within a region.  This self-

enforcing process leads to differentiation in regional development, in which regions with higher 

initial skill levels take workers away from poorer regions.  

My paper attempts to empirically determine whether high-skilled workers are more productive 

when matched together at the regional level. This is achieved by empirically identifying whether 

there are increasing returns to skill for high-skill workers when matched together. I identify 

increasing returns to skill with an interaction term which consists of the worker’s education and the 

average education of a state. These wage benefits exist when the skill matching effects on skilled 

labour demand outweighs the increased competitive forces from a larger skilled labour supply.  

The main obstacle of this research is the empirical identification of the demand curve from the 

supply curve. In order to deal with this endogeneity, I use a discrete choice model of migration to 
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estimate the exogenous skilled labour supply for each state. The first stage becomes a nested logit 

model which uses state environmental variables as instruments to predict skilled migrations flows 

within Mexico. The predicted skill composition of each state is then used in an ordinary least squares 

regression to estimate the wage effects of matching high-skill workers together. In further analysis, I 

interact the skill variables with the urban status, which helps determine whether skill-matching 

benefits are greater in urban environments.  

  This study primarily uses the Mexican Population and Housing Census, a dataset which 

contains comprehensive data on a variety of individual socio-economic, demographic and migration 

variables. As a census survey, the dataset provides a nationally representative sample of the 

population. State level time-varying environmental data are also obtained from the Mexican 

Migration Project (MMP) and DesInventar databases.  

 The findings for my study suggest that increasing returns to skill do exist for high-skill workers 

when matched together, but only in urban settings.  This finding suggests that productivity gains 

from skill matching in rural regions are not strong enough to overcome the impacts of a skilled labour 

supply driving down wages.  A major contribution of my paper is to show that the findings from 

Kremer’s O-Ring Theory can be extended to the regional level. The existence of increasing returns to 

skill in urban settings provides empirical evidence of how skill matching can create regional 

spillovers. These spillovers can be used to partially explain how industrial clusters emerge, as 

workers migrate to regions that complement their skillsets. Additionally, spillovers arising from skill 

complementarities can partially explain income differences across regions, as regions with lower 

levels of education decrease the marginal returns to skill. This gives rise to several policies that can be 

implemented in order to reduce development gaps across regions. For an example, small subsidies in 

education can have large multiplier effects, as small increases in total education levels encourage 

individuals to invest more in their own education.  
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Section 2: Literature Review  

I address three strands of previous literature in this section. I first address the literature on 

agglomeration, which is concerned with the determinants of industrial clustering and explains how 

regions become differentiated.  I then provide an overview of Kremer’s ‘O-Ring Theory of Economic 

Development’, which provides the intuitions for my expected findings. I then provide an overview on 

various wage structure theories and how the skill matching benefits from the O-Ring model fits in.   

2.1: Theories on Agglomeration 

The division of labour into specialised activities has led to a qualitative increase in productivity, 

allowing cities to become the primary source of economic development (Fujita & Thisse, 2002). 

Fujita reports than in 1990, with only 3.5% of the land mass and 7.9% of the population, Japan 

accounted for 72% of the Gross Domestic Product of East Asia.1 As noted by Hall and Jones (1999), 

high-income countries have their economic activity concentrated in small industrial cores, with 

productivity per worker decreasing with distance.  It is easy to see how industrial clustering, or 

agglomeration, is a key requirement for development.  

 Theories of agglomeration all seem to recognise externalities as the source of clustering. For 

Alfred Marshall (1890), it is the positive knowledge spillovers that workers of the same trade get 

from neighbouring each other that cause them to cluster. This seemingly vague idea captures the 

essence of the centripetal forces that cause firms, workers and consumers alike to congregate around 

a geographic location.  Scitovsky (1954) differentiates between different types of externalities, 

categorising them as either ‘Technological’ or ‘Pecuniary Externalities.’ Technological externalities 

relate to non-market interactions which directly affect agents either through their utility or 

production functions. These technological spillovers can affect production by the diffusion of ideas 

and affect utility through the interaction of like-minded individuals. Pecuniary externalities on the 

other hand, are by-products of market interactions associated with demand and supply linkages.     

                                                             
1 Here East Asia is comprised of Japan, Republic of South Korea, Taiwan, Hong Kong, Singapore, Philippines, 
Thailand, Malaysia, Indonesia and China.  
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 Traditionally, theories of agglomeration have focused on pecuniary externalities as drivers of 

industrial clustering. Thünen (1826) describes the centripetal and centrifugal forces that affect an 

industrial firm’s decision to locate itself in a major city. More than 150 years later, Paul Krugman’s 

‘Increasing Returns and Economic Geography’ (1991) takes these foundations and creates a model 

which demonstrates how regions within a country can endogenously become differentiated into 

either an industrialised core or agricultural periphery. Krugman’s core-periphery model shows that 

once some index associated with transportation costs, economies of scale and the share of non-

agriculture workforce exceeds a critical threshold, regions start a self-propagating process of 

differentiation.  The model mimics the historical process of urbanisation over the last 150 years, in 

which breakthroughs in transportation technology have broken the traditional bonds to the land and 

allowed agglomerations to develop.  

 However, the core-periphery model is mostly concerned with manufactures, a model that was 

created circa 1990 when the high-income countries accounted for 84% of the world’s manufacturing 

value-added (Krugman, 2011).  The existence of specialised regional clusters has since frayed away, 

with industry becoming a lot more diversified within regions. Instead, specialised within region 

districts have begun to emerge, in which technological spillovers play a larger role. This notion is in 

line with the increasing prevalence of tertiary industries within advanced economies, in which the 

information spillovers required for innovation become very important. High-technology firms cluster 

in regions to take advantage of productivity gains from technological spillovers.  

My paper attempts to empirically identify skill matching as a source of technological spillovers, 

in which proximity to other higher skilled workers can lead to productivity gains for workers and 

firms alike.   

2.2: O-Ring Theory of Economic Development 

Michael Kremer’s ‘O-ring Theory of Economic Development’ (1993) also demonstrates how different 

regions can become endogenously differentiated. The model uses skill complementarities to explain 

why there is a predominance of small firms in poor countries and how large income differences across 



13 
 

regions occur. The skill complementarities occur because under this model, the quality of worker 

cannot be substituted with quantity. The imperfect observability of skill leads to imperfect matching 

and thus the formation of specialised cities. Kremer uses the following production function to explain 

these O-Ring effects, in which B denotes output per worker and y denotes total output.  

 ( )    (    
   )   

Kremer proposes that all the tasks, n, in a production process must be jointly executed in a 

proficient matter in order to produce goods of high value. This production function suggests that a 

single mistake in the production process can severely impair the value of the entire product. The skill 

of a worker, q, is defined as the probability of completing a task without errors. As faulty products are 

not valued highly, high skilled workers cannot be substituted with more of the lower skilled workers. 

Firms face the following profit maximising problem, with wage, w, being a function of skill, q.  

   
      

  (    
   )   ∑ (  )    

 

   

 

 After solving for competitive equilibrium, Kremer finds that productivity is highest when 

workers of the same skill are matched together. He also finds that higher skilled workers are more 

productive and earn higher wages when matched together at the firm level. This finding 

demonstrates how a worker can earn more performing the same task but in a different firm. Kremer 

then modifies the model to allow firms to choose the complexity (number of tasks) of their products.   

   
      

  (    
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In this model, more complex goods are assumed to be valued higher. Firms are now faced with a 

trade-off between the value added from more complex products and the increased risk of a part of the 

production process going wrong. As the number of tasks for producing a good increase, so do the 

costs of making errors. As a result, workers that make fewer mistakes become more desirable for 

firms that have more complex production. As errors create bottlenecks in production, firms will only 
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hire workers with similar levels of skill. Consequently, firms determine the complexity of their 

products relative to the availability of skilled workers. This finding is consistent with the tendency 

for rich countries to specialise in high technology industries while poorer countries have larger shares 

of primary industries. With a larger supply of skilled workers, firms in richer countries find it feasible 

to produce more complex goods. This increases the demand for skilled workers which then drives up 

their wages. This is the mechanism in which I expect skill matching at the regional level to lead to 

increasing returns to skill.  

  Endogenising the level of skill can have interesting effects on regional development. When there 

is a continuum of workers and perfect observability of skill, workers are perfectly matched and 

choose a unique level of skill. However, relaxing those two assumptions create conditions that can 

cause regions to become differentiated. For an example, imperfect observability of skill can lead to an 

underinvestment in skill and to strategic complementarities in this investment. Working from the 

previous O-Ring conclusions, high-skilled workers know that they can earn more if they work with 

high-skilled co-workers. As a result, workers choose how much to investment in skills relative to the 

population’s level of skill. However, as the true level of skill is never observed, workers will not invest 

at the social optimal level. This strategic complementarity allows for multiplier effects, in which a 

small education subsidy can lead to large differences in the skill composition of a region. 

 When skill is endogenously determined by education and random error term in a finite 

population, workers will not be able to match perfectly. The limited availability of workers of a 

particular skill can lead to the formation of specialised cities, where workers with niche skills 

congregate. Since skill is specific, large populations are needed for people to find close matches, 

creating incentives for workers of a particular type to cluster together. With imperfect matching 

arising from finite populations, the marginal productivity of skill is higher in larger populations, 

where there is a greater chance of finding co-workers with closer skills..  
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2.3: Wage Structure Theory  

Increasing returns to skill and productivity gains arising from matching may have implications on 

skill premiums. In traditional labour theory, the labour demand curve is based on the marginal 

product of labour. If high-skill workers are more productive when matched together, then the 

demand for skilled labour increases, as well as the skill premium. However, if there are higher 

concentrations of skilled workers in a particular region, then a greater supply of skilled workers 

would drive down skill premiums. As both the supply and demand of workers of a particular level of 

skill can impact wage skill premiums, skill matching may have ambiguous results. 

  This tension is not a unique theme in wage structure research. The wage structure in most 

countries has changed quite dramatically in the last 50 years. For an example, the returns to 

education in the United States fell dramatically in the 1970s as a response to a large increase in the 

supply of educated workers. However, despite large increases in the supply of educated workers, skill 

premiums in the 1980s and 1990s  increased dramatically (Freeman & Katz, 1995).  This trend also 

appears to hold true for many other OECD countries, such as the United Kingdom, Sweden and 

Japan (Freeman & Katz, 1994). 

 There are a number of possible explanations for why skill premiums have increased since the 

1980s despite increases in the skilled labour supply (Alscher & Faist, 2010). Skill-biased 

technological change is seen as the dominant explanation for the change in wage structure between 

the 1970s and 1990s.  Griliches (1994) first formalised a model that illustrated capital-skill 

complementarities, in which capital stocks increase the marginal productivity for skilled labour but 

decrease it for unskilled. This suggests that the elasticity of substitution between capital equipment 

and skilled labour is lower than between capital and unskilled labour, as low-skilled jobs can be more 

easily replaced by machines. Krusell et al (1995) use the accelerated decline in equipment prices in 

the late 1970s to account for increases in the relative demand of skilled labour. In this case, the 

productivity gains and lack of substitutability of skilled labour led to increases in skill premiums 

despite the increased supply of educated workers. This finding is somewhat similar to the intuitions 
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made from the O-Ring Theory, in which the lack of substitutability of skill leads to wage increases for 

skilled workers.  

Another possible reason for the increased skill premiums is globalisation pressures. 

Globalisation has opened up the world’s labour markets, allowing domestic firms to outsource tasks 

overseas. As a result, many firms in developed countries started to outsource lower-skilled tasks to 

developing countries, where lower-skilled labour is cheaper and more abundant. The outsourcing 

decreases the domestic demand for low-skilled labour, further widening the wage gaps between 

skilled and unskilled workers (Schwartz & Notini, 1994). Naturally, one would expect the opposite 

effect for wage premiums in developing countries, as outsourcing would lead to increases in the 

demand for lower-skilled labour. This would result in unskilled wage rises within developing 

countries. Globalisation pressures can potentially explain why skill matching might not lead to 

increasing returns to skill in developing countries such as Mexico.  
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Section 3: Institutional Setting  

Due to its long history of domestic and international migration, Mexico is one of the most widely 

used case studies in migration studies. Mexicans living in rural areas have been escaping poverty for 

decades in order to seek better opportunities in Mexican cities and the United States (Shwartz & 

Notini, 2009). Both domestic and international migrations tend to be deeply rooted with economic 

trends on both sides of the border. ‘Import Substitution’ policies in the mid twentieth century 

brought about industrialisation and large productivity gains in Mexican cities. This led to large 

income disparities between urban and rural workers, leading to high degrees of urbanisation as rural 

workers migrated to the cities in search for better opportunities.  These income and productivity 

differences were even larger when compared to the United States, inducing many rural Mexicans to 

cross the border.  

Economic events such as the deregulation of the Mexican economy and the ratification of the 

North American Free Trade Agreement (NAFTA) made it difficult for Mexican agricultural workers 

to earn a living, as they were unable to compete with cheap American imports. This further amplified 

the level of migration from rural areas to larger Mexican cities, where they have mostly settled into 

slums due the inability of cities to absorb them. Being unable to cope with the new migrants, these 

cities act as platform to migrate to the US (Flores Alansco and Barrera Chavira 2003).  

Hicks (1932) suggests that the differences in net economic advantages are the chief 

determinants of migration.  A common tendency of gross migration studies is to model migration in 

terms of individual utility maximisation (Greenwood, 1975). According to Greenwood, most of these 

studies use “gravity-models”, in which migration is directly related to size of the destination 

population and inversely related to distance. Modified ‘gravity-models’ also take other factors into 

consideration. For an example, the expected lifetime income that a potential migrant receives in a 

given location will matter in his migration decision. Psychological costs of migration such as being 

separated from one’s social networks can also impact migration decisions.  Destination information 

can also affect migration decisions, with lack of information creating uncertainty, making migration 

less attractive. Finally, personal characteristics such as gender, education, language and age can 
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significantly affect destination decisions. For an example, older individuals are less likely to migrate 

as they have shorter expected working lives to realize the advantages of migrating.  Another example 

is how higher educated individuals are less deterred by the physical and psychological distance from 

home.  

There are also environmental factors that play an important in role in migration. Humans have 

always historically used migration as a mechanism for coping with changing adverse environments 

(McLeman & Smit, 2006). Taylor links environmental degradation with migration within Mexico, in 

which declining land productivity puts migration pressures on rural families (1987) .Medellin found 

that approximately 600,000 Mexicans abandoned their rural livelihoods due to their inability to 

subsist on the land. (Medellin-Leal, 1978). Schwartz and Notini find that states that undergo the 

highest rates of desertification are also the states with the highest accelerating migration rates (1994). 

Alscher’s (2010) study also finds that gradual degrading environmental conditions such as changing 

rainfall patterns and soil erosion serve as push-factors for migration. He also finds that natural 

disasters such as floods work citas ‘trigger effect’ for migrants who have previously contemplated on 

leaving. These environmental push factors tend to have stronger impact on the migration decisions of 

the poor and less educated. These individuals usually have their means of subsistence tied to the land, 

which is more affected by natural disasters and degradation than other forms of production.  The 

degradation or depletion of natural resources reduces the future income expectations of rural 

Mexicans, causing them to migrate.  
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Section 4: Empirical Model 

4.1: Empirical Identification 

My empirical strategy consists of identifying a causal relationship between skill matching at the 

regional level and an individual’s income. The earnings can be estimated using the following ordinary 

least squares equation:      

                  ̅     (    ̅  )                                  

I use Mincer’s earnings regression as a starting point for my model, in which education and 

experience cause variations in an individual’s earnings.  In this model, education is used as a proxy for 

skill. The log of monthly earnings,       , is the left hand variable for this regression, which is 

indexed by the individual, i, state of residence, j, and year, t. The log form of earnings is not only used 

for convenience, but also because of the multiplicative effect of education on earnings (Mincer, 2008).  

There is some debate on whether years of schooling,   , should also be expressed in a non-linear form, 

as the later years of high school might be more important for earnings. Card and Krueger (1992) 

estimate a non-parametric form of education and find that years of schooling have an approximately 

linear effect on earnings. As I intend to interact years of schooling with a number of other variables, I 

use the linear functional form for convenience.  

 I introduce the state average education level,  ̅  , into the model to account for benefits 

associated with working in a more educated state, regardless of the individual’s own level of skill. The 

reasoning is that states with higher levels of skill are more likely to have larger firms and better jobs. 

By interacting    and  ̅   together, I create a skill matching variable that captures wage benefits 

associated with skill complementarities. This variable captures the effect on wages when both 

individual and state levels of skill are high. A positive sign on    implies that productivity gains from 

skill matching at the state level are large enough for increasing returns to skill. However, a negative 

   implies that productivity gains (if any), are not sufficient enough to offset the negative effect of 

larger supplies of skilled labour (resulting in decreasing returns to skill).  
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However, it is entirely possible that the benefits from matching counteract the wage effects from 

increased competition. To help clear up this ambiguity, I interact the education and skill matching 

variables with the urban status of the individual. The urban interaction terms help explain the 

different skill matching effects under different environments. These urban interaction terms are 

contained in the vector     . The urban skill matching interaction term demonstrates whether skill 

matching benefits are more prominent in urban settings, which contain greater supplies of skilled 

labour.  

The vector     contains individual specific covariates such as gender and age.  I also include 

census year dummy variables to account for unobserved differences across the years. General 

nationwide macroeconomic conditions would be captured in these dummy variables. I also include 

state dummy variables to account for any unobserved differences in states that may influence wage. 

There are large differences in the institutional, legal and economic settings of states within Mexico. 

The state dummy controls are a good way to capture the qualitative aspects of each state that might 

influence earnings. Being the poorest state, Tlaxcala is chosen to be the base for the state dummy 

variables. This makes interpretation of results easier and generally makes all state coefficients one 

sign.  

The error term,      , reflects the unmeasured differences in individual ability, state 

characteristics and census periods. The zero conditional mean assumption is not likely to be satisfied, 

as the state average education variable is likely to be endogenous with the individual’s education. The 

years of schooling and state education variables are likely to be codetermined, with each affecting the 

other. This simultaneity causes the state education variable to be correlated with the error term.   

This is Manski’s (1994) classic ‘reflection problem’, in which the researcher tries to infer 

whether the average behaviour of some group influences the behaviour of its members. Manski lists 

three ways in which individuals of the same group behave similarly.  The first way is through 

endogenous effects, in which the propensity of an individual to behave a certain way varies with the 

average behaviour of the group. The second is through exogenous effects, in which the behaviour of 
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an individual varies with exogenous characteristics of a group. The third is through correlated effects, 

in which individuals and groups tend to share behaviours because of similar institutional 

environments. To overcome this endogeneity, my empirical strategy requires an exogenous source of 

variation in the state education variable.  

4.2: Empirical Strategy 

4.2A: Exogenous Variables   

 To properly identify the effect of the skill matching on expected wage, I need to generate an 

exogenous source of variation in the supply of skilled and unskilled labour. This is achieved by using 

an instrumental variable in a discrete choice model of migration. Using the nested logit framework, I 

use exogenous environmental shocks as instruments to predict migration inflows and outflows 

across states. The environmental variables consist of rolling averages of rainfall and property damage 

from natural disasters. As mentioned previously mentioned, natural disasters and land degradation 

have been shown to induce migration (Alscher & Faist, 2010). The exogeneity of the environmental 

variables are relatively uncontroversial, as it is unlikely that the variables such as rainfall are 

codetermined with lagged wages.   

Environmental events may also affect different sectors of the population differentially. 

Consequently, I interact the environmental variables with the individual’s level of education to 

capture heterogeneity in the skill composition of migration flows.  For an example, the effect of 

decreasing rainfalls on migration should be greater for workers employed in the agriculture sector, as 

it more directly affects their means of subsistence. This differential effect may be captured using a 

rainfall and education interaction term, as agricultural workers are generally less educated. These 

interaction terms are important because simply capturing migration does not help account for the 

endogeneity of average state education levels.  The environment and education interaction terms give 

an important source of skill differentiation in migration flows, which is essential in predicting the 

exogenous component of skill compositions in each state.  
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Most of the environmental drivers of migration do not have an instantaneous effect on migration 

decisions. Environmental events such as desertification and droughts often have a gradual effect on 

migration decisions, with migration occurring only with prolonged hardship. To capture this, I use 

rolling averages of environmental effects over 10 year periods. Another problem is that the year of 

migration is not identified in the dataset used. In the Mexican census data, migrants can only be 

identified as individuals who have moved states in the last five years or individuals that have moved 

out of their state of birth. I estimate a separate migration model for lifetime and recent migrants.  Due 

to ambiguity of the year of migration, it is important to determine a time window in which 

individuals are likely to migrate and then append the environmental rolling averages to that year. For 

the lifetime migration model, I use the median age of first migration to append the rolling averages.2 

For the recent migration model, I append the rolling averages to 5 years before the census year.  

Additionally, the regressors used to estimate the migration model must also be exogenous. Any 

variable that may vary from the choice to migrate must be either dropped or at least modified. The 

education variable can be endogenous, as many individuals migrate to wherever their college of 

choice is located. To deal with this, I truncate the years of schooling at twelve years.  

4.2B: Migration Model  

 I assume that there is a two-level migration decision making process, with the individual first 

deciding on whether to migrate and then where to go. To model this two-level process, I use the 

nested logit framework. The nested logit model is chosen over the hierarchal logit model as the 

overall probability of out-migration does not depend exclusively on the state of origin, but also the 

conditions of all other states. Another benefit to the nested logit model is that it allows individuals to 

value the characteristics of their state of origin differently from the characteristics of their destination. 

This is useful as it allows for the separation of the push and pull factors of migration. The nesting 

structure for this model is displayed in Figure 1.  

                                                             
2 The median age of first migration is obtained from the Mexican Migration Project dataset, which contains 
more detailed migration variables. 



23 
 

Figure 1  

 

The utility that individual, i, receives from living in state, j, is:  

                      

    and      represent the observed utility forms for in-migration and out-migration.  The nested logit 

model is obtained by assuming that the vector of error terms has a General Extreme Value (GEV) 

cumulative distribution. The marginal distribution of each      is univariate extreme value. These 

error terms are correlated within nests   , but are uncorrelated across them. The probability of 

migrating to state, m, becomes:  

    
        (∑  (            

)
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Or when decomposed:  

          
     

 

These probabilities are weighted by the inclusive value    , which is a measure of independence in 

the alternatives’ error terms in nest, k. To be consistent with the Random Utility Maximisation 

Nested Logit (RUMNL) framework, the inclusive value must be between zero and one.  

 

State  

Migrate  Do not migrate 

1, 2, 3…32 33 
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The first level of the nested logit is a binary logistic regression which predicts the probability of an 

individual migrating out of their state. The observed utility form for out-migration is: 

      
      

      
        

The vector    includes individual specific variables such as gender, age, age squared and years of 

schooling. The vector     contains state specific variables which relate to the state of origin and vary 

by the individual. Vector     contains the environmental variables that act as instruments for 

migration.  The vector     contains the environment and education interaction terms.    

The indirect utility form for in-migration is: 

       
       

        

This step of the nested logit model contains the pull factors for migration. The Vector    contains a 

set of alternative specific variables that describe the geographic characteristics of the destination 

state. This may include dummy variables such as whether the state borders the United States, has a 

coast or borders Guatemala (or Belize).  

The vector     contains interaction variables between the destination and origin. This vector 

includes the migration distance and state adjacency. The migration distance not only reflects the 

physical obstacles to migration, but also acts as a proxy for the psychological costs associated with 

moving away from one’s social networks (Greenwood, 1975). The migration distance also acts as a 

proxy for lack of information of the destination, with individuals less likely to have information on 

more distant states. Migration distance is then interacted with the education of the respondent in 

order to capture the different migration flows of differently skilled individuals. I also include a 

dummy variable which is equal to one when the alternative is the same as the state of origin. This is 

to ensure that once an individual has migrated in the first stage, he doesn’t rechoose his origin state as 

the destination.  



25 
 

4.2C: Generating Predicted State Education Averages   

The nested logit model provides the predicted probability of residing in a particular state. The non-

migration nest alternative provides the probability of an individual staying in their current state. The 

migration nest then provides the probability of migrating to a particular state conditional on the fact 

that they have already decided to migrate. Using the predicted probability of residing in a particular 

state, I predict the population and education level for each state.   

 The state population is predicted by finding the average probability of residing in a particular 

state and then multiplying it by the number of cases. I perform the calculation separately for each 

state and census year. To obtain the predicted state education average, I multiply the predicted 

probabilities by the education level for each case. I then sum the product for each year and state and 

then divide that number by the number of cases.  

4.2D: Bootstrapping Standard Errors  

Once the average education,  ̅   , for each state has been predicted, the value is plugged back into the 

original OLS wage equation. However, as  ̅   is a predicted value, its standard errors are likely to be 

underestimated. As a result, any inferences made about the significance of  ̅   may be misleading.  

 To obtain the true sampling distributions of the OLS estimates, I perform a non-parametric 

bootstrap routine. This routine bootstraps the statistics by re-sampling observations with 

replacement from the original dataset. I write a bootstrap program that encapsulates the nested logit 

estimations, the prediction of migration probabilities, generation of predicted state education levels 

and the OLS regression. The bootstrap routine then uses the matrix of coefficients from the OLS 

regression for each repetition to estimate the correct standard errors. An obstacle in the otherwise 

simple process is the inclusion of the nested logit model in the bootstrap routine. The nested logit 

model takes an average of one hour to converge, which makes the bootstrapping process a lengthy 

process. As each routine can take several days to run, I use 200 repetitions for my bootstrap routine, 

which is enough to obtain parameters that are close to their true value.  
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Section 5:  Data  

As my empirical strategy makes use of both individual and state level characteristics, I use a 

combination of both micro and aggregated datasets. Most of my data come from the Mexican 

Population and Housing Censuses for the years 1990, 1995 and 2000. These datasets were obtained 

using the Integrated Public Use Microdata Series (IPUMS), which is administered by the Minnesota 

Population Centre. The IPUMS dataset come from a 10% sample of the full census.3 While the census 

is administered to households, the IPUMS dataset is organised at the individual-level.  The census 

data describe various individual level characteristics such as age, gender, family size, education, 

income, hours worked and sector of employment. Additionally, the census contains region-specific 

data for the individual such as size of municipality and urban status.  

5.1: Migration Variables 

 The IPUMS data contain several variables that help construct the migration history for each 

respondent. Some of the migration variables include the current state of residence, previous state of 

residence, state of employment, state of birth and country of prior residence. In my model, I define 

recent migrants as individuals who have moved states in the last five years and lifetime migrants as 

individuals that have moved out of their state of birth.   

Table 1 summarises both the recent and lifetime migration flows for each state and year. On 

average, lifetime migrants make up about 23% of the state population while recent migrants make up 

only about 6%. Although expected, the recent migration percentage is quite small, which makes 

estimating precise parameters for the migration model difficult. While there are approximately four 

times as many lifetime migrants as recent migrants, the lifetime migration model is not without 

limitations. The window in which people make their migration decisions is a lot smaller in the recent 

migration model, as we know that they have migrated in the last five years. However, the migration 

window for lifetime migration is literally their entire life. The broadness of this migration window 

makes appending environmental shock variables difficult, as these variables must be appended to a 

period in which the migrant is likely to make the move.  

                                                             
3 The 1995 census contains a much smaller sample than 10% sample used in the other censuses.  
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Table 1 

Percentage of Migrants in each State for the years 1990, 1995 and 2000 

  Percentage of Lifetime Migrants Percentage of Recent Migrants 

State 1990 1995 2000 1990 1995 2000 

Aguascalientes 27% 28% 25% 8% 10% 5% 

Baja California 60% 54% 58% 19% 9% 15% 

Baja California Sur 43% 45% 46% 12% 9% 15% 

Campeche 28% 30% 26% 8% 6% 7% 

Coahuila 19% 15% 17% 4% 3% 4% 

Colima 33% 31% 32% 8% 12% 8% 

Chiapas 5% 3% 4% 2% 1% 2% 

Chihuahua 21% 22% 21% 8% 5% 6% 

Distrito Federal 32% 32% 27% 5% 8% 7% 
Durango 13% 12% 12% 4% 6% 4% 
Guanajuato 11% 9% 12% 3% 5% 3% 
Guerrero 9% 12% 8% 3% 4% 3% 
Hidalgo 12% 18% 16% 5% 4% 6% 
Jalisco 21% 18% 18% 5% 2% 3% 
Mexico 52% 44% 45% 11% 10% 8% 
Michoacán 11% 16% 11% 4% 3% 3% 
Morelos 39% 35% 33% 11% 8% 6% 
Nayarit 17% 21% 18% 5% 3% 4% 
Nuevo León 31% 28% 28% 4% 3% 5% 
Oaxaca 9% 13% 7% 4% 6% 3% 
Puebla 13% 10% 11% 4% 4% 4% 

Querétaro 27% 28% 30% 11% 8% 8% 
Quintana Roo 80% 78% 78% 30% 15% 23% 
San Luis Potosí 14% 11% 12% 5% 4% 3% 

Sinaloa 17% 15% 17% 6% 2% 5% 

Sonora 21% 25% 20% 6% 6% 5% 

Tabasco 16% 15% 15% 6% 3% 3% 

Tamaulipas 30% 29% 29% 7% 6% 9% 

Tlaxcala 16% 18% 15% 6% 4% 6% 

Veracruz 13% 12% 9% 4% 2% 3% 

Yucatán 7% 9% 6% 4% 2% 3% 

Zacatecas 9% 16% 11% 4% 6% 4% 

Average 24% 23% 22% 7% 6% 6% 

Source:  Mexican Population Household and Censuses 1990, 1995 and 2000. 
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To determine this period, I construct migration age windows which reflect when most 

individuals make their migration decisions. The Mexican Migration Project (MMP) is a collaborative 

research project between the Princeton University and University of Guadalajara, which gathers 

economic and social information about Mexican migration. This dataset contains more detailed 

migration information than the census data. One of the variables included in this dataset is the age of 

first migration, which I use to construct age windows in which the majority of migration occurs. The 

25th, 50th and 75th percentile ages of first migration are 16, 21 and 29.  Figure 2 displays the frequency 

distribution of the age of migration.  

Figure 2 

 

 

Using these age windows, I am able to construct rolling averages of state of origin specific 

environmental variables and append them to the year in which an individual turned 21. As mentioned 

earlier, these environmental variables act as instruments for migration. I use two different types of 

environmental data, rainfall and disaster data. The rainfall data were obtained from a supplementary 

file to the MMP dataset. It has monthly rainfall data for each Mexican state from as far back as 1940.  

Environmental disaster data are obtained from ‘Des-Iventar’, an online national disaster data 

inventory. This online inventory has state level disaster data for a wide range of disasters from 1970 to 

Age of first migration histogram 
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2010. The types of disasters available include floods, storms, droughts, volcanoes, epidemics and 

earthquakes. I sort the disaster data into different types of damage, for an example; hectares of crop 

destroyed, houses damages and number of people hospitalised from medical epidemics. However, 

some disasters have considerably more data cards than others, which raised suspicions about the 

completeness of the data. There were also concerns about the state of Zacatecas being over-

represented in the data, with it having suspiciously more complete and timely disaster data.  Due to 

these concerns, rainfall is used as the primary instrumental variable for the main migration models, 

with the disaster data only used for sensitivity analysis.  

5.2: Sample Selection and Data Preparation  

Several steps were taken to obtain the desired sample for this study. While the IPUMS dataset 

contains only a 10% sample of the actual census, it still contains approximately 28 million 

observations. While not a major obstacle for the OLS regression, the sheer size of the dataset along 

with the large number of alternatives makes estimating the nested logit computationally difficult. To 

make estimation more manageable, I take another 1% random sample from the total IPUMS dataset.  

As my research question is concerned with increasing returns to skill, I exclude any unemployed 

respondents. After dropping these observations, approximately 9% of the remaining observations still 

report having zero income. As a result, I also exclude any observations with no income. Further 

analysis of these observations reveals that it is mostly the agricultural workers that are reporting no 

income. This has the potential to underestimate the effects of skill matching on wages, as lower 

skilled agriculture workers are being underreported in the population. However, this does not pose a 

major issue as the focus of this study is on the skill matching of high-skilled workers in agglomerated 

regions.  

The earnings from 1990 and 1995 have been adjusted to be in line with 2000 price levels. Income 

values from 1995 have been divided by 1000 to account for the 1994 Mexican Peso devaluation. Also, 

the top 5th percentile of income earners make significantly more than top 6th percentile, which 

overestimates the average income of the respondents. To account for the effect of outliers, I truncate 
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the reported income at the 5th percentile. As mentioned in the empirical model section, tertiary years 

of schooling are likely to be endogenous with the decision to migrate. As a result, I truncate years of 

schooling at 12 years.  

I also restricted my sample to respondents aged between 15 and 60 years old to reflect the ages 

in which most respondents are economically active. Another reason for this restriction is that 

including respondents over the age of 60 creates problems in appending environmental disaster data 

for the lifetime migration model. As the disaster data in the model must be appended to the year in 

which the respondent turns 20, any respondent who turned twenty before 1975 will not have 

available disaster data. I also restrict my sample to individuals that have lived in Mexico their entire 

life, as my empirical strategy is concerned with only domestic migration. I also drop any missing 

values for the birth state, state of origin, years of schooling and age variables. The missing values for 

each of these variables consisted of an immaterial number and did not appear to have any systematic 

nature to them. 

Migration distances between destination and origin states were calculated using their latitude 

and longitude coordinates and the Haversine formula.4 As municipal level data were unreliable, I use 

the coordinates of the respective major cities of each state. Additionally, the northern states of 

Mexico have been known to act as intermediary destinations for Mexicans hoping to cross the border 

over to the United States. Consequently, dummy variables representing whether the destination state 

shares a border with the United States are included.  

  

                                                             
4 The Haversine formula allows the calculation of the distances between two points on a sphere..  



31 
 

 

5.3: Sample Summary Statistics 

Table 2 summarises the demographic, social and economic characteristics for lifetime migrants, 

recent migrants and the total population.  

Table 2 

Sample Summary Statistics  

  Lifetime Migration Recent Migration    

  Migrants Non-Migrants Migrants  Non-Migrants Total 

Male 69% 72% 69% 71% 71% 

Age 35 32 30 33 33 

Urban Status 91% 72% 87% 76% 77% 
Years of Schooling 

     25th Percentile  6 5 6 5 5 

50th Percentile 9 8 9 8 8 

75th Percentile 12 10 12 10 11 

Monthly Earnings  
     25th Percentile  1907 1286 1800 1457 1500 

50th Percentile 2861 2154 2724 2316 2357 

75th Percentile 5143 4000 5069 4087 4087 

Sample Size          47,415 

Source:  Mexican Population Household and Censuses 1990, 1995 and 2000. 

 

As we can see from the table, males make up 70% of the sample. As the selected sample only 

includes employed respondents, you would expect to see more males in the sample. However, there 

doesn’t appear to be any material differences between the number of male migrants and non-migrants. 

The average age is 33, with the lifetime migrants typically being older than the typical population and 

recent migrants being younger. Both lifetime and recent migrants are more likely to be urban dwellers 

than the average population. 

 Migrants also appear to be more educated than the rest of the population. The median 

education level is higher for both recent and lifetime migrants. This finding appears to hold for all 

points of the distribution, with the top and bottom quartiles for both types of migrants being more 

educated than non-migrants.  
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 Finally, monthly earnings also appear to be higher for migrants than the rest of the population. As 

migrants are generally more educated, it would make sense that migrants also earn more. 

Furthermore, migrants move to locations that best complement their skills, meaning that they can 

earn more with the same level of education.  
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Section 6: Results 

6.1: Nested Logit Migration Results    

6.1A: Out-Migration  

The results from the logistic regressions for out-migration are presented in Table 3. The results 

contain estimates for both lifetime and recent migration models. The standard errors reported are 

clustered at the state of origin.  

Table 3 

Estimation Results for Predicting Out-Migration in Mexico  

  Lifetime Migration Model Recent Migration Model  

  Coefficient  Standard Errors  Coefficient  Standard Errors  

Individual Characteristics  

    Male -1.382** (0.072) -0.059 (0.062) 

Age 0.060*** (0.011) -0.005 (0.023) 

Age Squared 0.000*** (0.000) 0.000 (0.000) 

Education -0.334** (0.146) -0.440*** (0.123) 

State of Origin Characteristics  

    Log(Rainfall) -0.320*** (0.107) -0.323** (0.138) 

Log(Rainfall) x Education 0.062*** (0.018) 0.076*** (0.020) 

Census Year Dummy 

    1990 0.289 (0.088) 0.193** (0.088) 

1995 0.201 (0.164) -0.016 (0.161) 

2000 (base year)  - - - - 

Chi Squared 299   1290 

Sample Size 47415     47406 

Note: * P-value < 0.10, ** P-value < 0.05, *** P-value < 0.01 

 

The estimates show that rainfall and its education interaction term are highly correlated with 

the probability of migrating out of a state. Both the log of state rainfall and its education interaction 

term are highly statistically significant for both the recent and lifetime migration models. The 

negative coefficient on the rainfall variable supports the notion that sustained periods of low rainfall 

induce out-migration. The intuition behind this is that lower rainfall means lower yields in the 
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agriculture sector, which may also have flow on effects for surrounding villages. The economic 

significance of the rainfall coefficient appears to be strong, which gives support for it being a strong 

instrument. The rainfall’s education interaction term is positive, which suggests that low rainfall has 

a smaller effect on higher educated individuals. Both the rainfall variable and its interaction term 

appear to have similar signs, magnitudes and statistical significance for both migration models. 

The education coefficients also appear to be consistent across the two models. The education 

coefficient is statistically significant with a negative sign. A possible reason for the negative sign is 

that positive effects of education on migration are captured by the rainfall’s education interaction 

term. To test this, I run two logistic regressions for the out-migration model, one with the rainfall’s 

education interaction term and one without. Running the logistic regression without the interaction 

term makes the education coefficient become positive. To ensure that the model is better with the 

interaction term, I perform a log-likelihood test between the unrestricted and restricted model. As 

expected, the model is found to have a better fit with the interaction term included.  The results for 

these two logistic models and the log-likelihood test can be found in Appendix A.  

The individual specific characteristics are not as consistent across migration models. While 

being a male makes you less likely to migrate in both migration models, the coefficient is only 

significant in the lifetime model. The age variable appears to provide different effects for each type of 

migration. Age makes one more likely to migrate in the lifetime model and less likely to migrate in the 

recent migration model. In the lifetime model, living longer increases the window for migrating at 

least once in one’s life, explaining the positive age coefficient. However, the propensity to make a 

recent migration decreases with age as one has to leave behind their accumulated social networks. At 

any rate, only the age coefficient for the lifetime migration model is statistically significant. The 

coefficient on age squared is zero for both models, which suggests that age’s effect on migration has a 

linear functional form.     

The census year dummy variables are mostly insignificant. As the window of migration is much 

larger in the lifetime migration model, I expect that the year dummy variables are less important. The 

positive sign of the 1990 year dummy in the recent migration can be attributed to Mexico’s severe 
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recession in 1982, in which its effects lasted till around 1988. The middle of this crisis was around 

1985, which is close to the period in which he recent migrants would have made their decision to 

migrate.  

6.1B: In-Migration 

Table 4 

Estimation Results for Predicting In-Migration in Mexico  

  Lifetime Migration Model Recent Migration Model 

  Coefficient  Standard Errors  Coefficient  Standard Errors  

Geographic Characteristics 
    Log(Migration Distance) -0.303* (0.180) -0.263 (0.277) 

Adjacent State 0.446 (0.317) 0.480 (0.326) 

Borders United States 0.431* (0.264) 0.376 (0.300) 

Education Interactions 
    Log(Migration Distance)  -0.007 (0.008) -0.005 (0.006) 

Adjacent State -0.025 (0.018) -0.024 (0.017) 

Borders United States -0.007 (0.006) -0.003 (0.007) 

Chi Squared 299   1290 

Sample Size 47415     47406 

Note: * P-value < 0.10, ** P-value < 0.05, *** P-value < 0.01 

 

Table 4 contains the results for the in-migration estimations for the two migration models. Most of 

the coefficients are initially statistically significant when using unclustered errors. However, using 

clustered standard errors results in most of the coefficients becoming statistically insignificant.  All 

the variables in the recent migration model are statistically insignificant. However, the log of 

migration distance and the US border dummy variable are both significant at the 10% level in the 

lifetime migration model. A possible reason for why these two variables are significant only for 

lifetime model is that there is a lot less variation in the recent migration model. Lifetime migrants 

make up about 20% of the total population while recent migrants account for only 5%. None of the 

education interaction terms are significant either.  

Despite this, the coefficients for all the variables appear to have intuitive signs. The coefficient of log 

of migration distance is negative for both migration models. This is intuitive as you would expect the 
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chances of moving to a particular state to decrease with distance, as it becomes both physically and 

psychologically more difficult. The coefficient of the adjacent dummy is positive, suggesting that you 

are more likely to migrate to a state which is adjacent to your own. The positive sign on the US 

border dummy is also intuitive, as the northern Mexican states often act as a transitory destination 

for Mexicans who want to cross the border to the US. The education interaction terms also mostly 

have intuitive signs. Less educated Mexicans have a higher propensity to cross the border, which 

would correspond with the negative coefficient of the US border interaction term. The migration 

literature has tended to find that more educated individuals are less deterred by migration distance, 

which would explain the negative sign for the adjacent state interaction term, but not the migration 

distance interaction.  

It is possible that the reason for the statistical insignificance of these variables terms could be because 

they explained in the in-migration model. In the Random Utility Maximising Nested Logit 

(RUMNL), the expected utility of the in-migration can be affected by the out-migration model 

through the weighting from the inclusive values. I run non-normalised versions of these models later 

as sensitivity check and to see whether it affects the predicted skill composition of states. Regardless, 

this should not pose a major issue as lot of variation in the skill composition of migration flows will 

still come from the out-migration model.   

6.1C: Inclusive Value Parameters  

The Inclusive Value parameter, τ, is the weight accorded to each of the nesting branches. The 

inclusive value parameter gives us a measure of the correlation of unobserved factors within each nest. 

A value of one suggests there is no correlation and the model becomes a standard logit. To be 

consistent with the RUMNL framework, the τ parameters for all nests should ideally be between 

zero and one. 

Table 5 contains the τ coefficients and robust standard errors for both the lifetime and recent 

migration models. The non-migration nest is a degenerate nest, which is not defined in the RUMNL 

model. Consequently, I have constrained the non-migration τ values to one. The migration τ values 
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for both migration models are between zero and one, which makes it consistent with utility 

maximising model framework.  

Table 5 

Inclusive Values for Each Nest 

  Recent Migration Model Lifetime Migration Model 

  Coefficient  Standard Errors  Coefficient  Standard Errors  

Inclusive Values 
    Migration Tau 0.330 (0.224) 0.343 (0.213) 

Non-Migration Tau 1.000 Constrained 1.000 Constrained  
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6.2: Main Results  

Table 6 contains the results for the OLS wage regressions for both migration models.  The coefficients 

represent percentage changes in the income and the standard errors are bootstrapped standard errors.  

Table 6 

Estimation results for the OLS wage regression 

  Lifetime Migration Model Recent Migration Model 

Log(wage) Coefficients  Standard Errors Coefficients  Standard Errors 

Male 0.239*** (0.010) 0.238*** (0.012) 

Age 0.058*** (0.003) 0.047*** (0.003) 

Age Squared -0.001*** (0.000) 0.000*** (0.000) 

Education 0.103*** (0.030) 0.122*** (0.029) 

Average State Education 0.052 (0.052) 0.157*** (0.040) 

Skill Matching Interaction -0.004 (0.004) -0.006 (0.004) 

Urban Status 1.259*** (0.238) 1.036*** (0.273) 

Urban Status Interactions 
    Education -0.090*** (0.032) -0.060* (0.035) 

Average State Education -0.150*** (0.033) -0.118*** (0.038) 

Skill Matching Interaction 0.014*** (0.004) 0.010** (0.005) 

Cenus Year Dummies 
    1990 0.234*** (0.034) 0.287*** (0.022) 

1995 0.177*** (0.039) 0.218*** (0.041) 

2000 - - - - 

Chi-Squared 2401.2 
 

2304.87 
 R-squared 0.1562 

 
0.1499 

 Observations 47416   47433   

* P-value < 0.10, ** P-value < 0.05, *** P-value < 0.01 

Standard errors are bootstrap standard errors 

 

As expected, the results for both migration models show that education increases the expected 

earnings of an individual. The estimates show that an extra year of study increases the individual’s 

earnings by approximately 11%. The predicted state education levels generated from the first stage 

appear to have a strong positive effect on income, with an additional year of average state education 

increasing income by 15% in recent migration. The large magnitude of this coefficient is likely to be 

attributable to unobserved state characteristics such as GDP per capita that have been intentionally 
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left out of the equation. These state controls have been left out due to their correlation with the state 

average education variable. However, the state education variable is not statistically significant in the 

lifetime migration model.  The skill matching interaction term (individual’s education multiplied by 

the state average) is statistically insignificant for both models. The economic significance of this 

interaction is also very low, with its confidence interval lying between -0.6% and 0.8%. However, the 

statistical insignificance of this interaction term does not necessarily mean that there are no effects 

from skill matching at the regional level. It is entirely possible that the skill matching does increase 

the demand for skilled labour, but is offset by increases in the skilled labour supply. 

  To determine whether this is the case, I include variables that interact the urban status with the 

other education variables. If any skill matching benefits exist at the regional level, then I expect them 

to be more prominent in urban settings. By interacting the urban status with the three education 

variables, I am able to identify whether these effects are stronger or weaker in urban settings.  The 

urban status of the individual increases their income by over 100% in both models, which is 

consistent with the literature on large income disparities between urban and rural workers. The 

individual’s education and urban status interaction term is statistically insignificant for both models. 

However, this interaction seems to have a negative effect, which means an additional year of 

schooling in urban settings has less of an effect on wage than the average effect across the population. 

This captures the reductions in skill premiums from working in a region with high supply of skilled 

workers. The interaction term between the urban status and state education average is statistically 

significant at the 1% level.  The negative coefficient of this interaction term implies that living in an 

urban area decreases the effect of the state’s education level on wages. This is consistent with the idea 

that greater supplies of skilled labour in cities reduce skill premiums.  

The interaction term between the skill matching variable and urban status is the variable of 

interest, as it determines whether skill matching benefits are more prominent in urban regions. The 

skill matching interaction is statistically significant and has a positive sign. This suggests that wage 

benefits from matching high skilled workers together exist only in urban areas. As previously 

hypothesised, increases in skilled labour demand from skill matching are offset by increases in skilled 
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labour supply, cancelling out any wage benefits. However, as demand for skilled labour is greater in 

urban areas, increases in skilled labour demand arising from skill matching should also be greater in 

urban areas.  

  The other control variables appear to be all statistically significant. Being a male appears to 

increase earnings by around 24%, which is in line with the typical gender income inequality. Both age 

and age squared are strongly statistically significant, with wage increasing with age but at a 

diminishing rate. This positive effect is conventional as older workers typically hold more senior 

positions and have accumulated more experience. Both the year 1990 and 1995 dummy variables are 

statistically significant. The two variables both increased earnings by 23% and 17% relative to the 

year 2000 (the base year). Prior to the OLS estimation, the income levels had been adjusted for 

inflation and the Mexican currency devaluation in 1993. These positive signs on these year dummy 

variables could be attributed to the 1994 ‘Tequila Crisis’, which was an economic crisis triggered by 

the sudden devaluation of Mexican peso on December 1994. The Mexican economy was experiencing 

high growth rates in the year 1990, which would explain why it had the most positive coefficient. The 

state dummy variables results were mostly statistically significant and had intuitive signs. I chose the 

poorest state, Tlaxcala, as the base state to make interpretations of the signs easier. The estimation 

results for the state dummies are available in Appendix B.  
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6.3: Sensitivity Analysis  

6:3A: Choice of Instrumental Variables  

As earlier mentioned, there are several available environmental variables that could be used as 

instruments for migration. To ensure that rainfall is the best choice for the instrument, I run the 

previous binary logistic regression for out-migration using three environment variables.  The two 

additional environmental variables are rolling averages of hectares of crops damaged and houses 

damaged from natural disasters. The results for this regression are presented in Table 7.  

Table 7 

Results from out-migration binary logistic regression with three instrumental variables 

  Lifetime Migration Model Recent Migration Model 

  Coefficients  Standard Errors Coefficients  Standard Errors 

Male -0.139** (0.070) -0.046 (0.067) 

Age 0.066*** (0.021) -0.003 (0.022) 

Age Squared -0.001*** (0.000) 0.000 (0.000) 

Education -0.300** (0.130) -0.302** (0.129) 

Log(Rainfall) -0.325 (0.250) -0.172 (0.214) 

Log(Crop Damage) 0.001 (0.026) -0.041 (0.027) 

Log(House Damage) 0.070*** (0.030) 0.080*** (0.019) 

Education Interactions 
    Log(Rainfall) 0.054*** (0.019) 0.053*** (0.019) 

Log(Crop Damage) -0.003*** (0.001) 0.000 (0.001) 

Log(Houses Damaged) -0.001 (0.003) -0.002 (0.002) 

census Year Dummies 
    1990 0.308** (0.134) 0.178 (0.130) 

1995 0.193 (0.173) -0.041 (0.192) 

2000 - - - - 

Wald Chi -Squared 424.5 
   Pseudo R-Squared 0.027 
   Observations 47415       

* P-value < 0.10, ** P-value < 0.05, *** P-value < 0.01 

Standard Errors are clustered at the state of origin 

 

The rainfall variable’s negative coefficient is intuitive, as more rain leads to higher yields, giving 

agriculture workers less reason to migrate. However, while the rainfall coefficients appear to have 

strong economic significance, they don’t appear to be statistically significant. A possible reason for 
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this is that the effect of rainfall on migration is better explained in its education interaction term. 

Intuitively, deviations in rainfall would not affect all types of workers equally. You would expect the 

effect of rainfall on lower skilled agriculture workers to be disproportionately large compared to 

other better educated workers. This is reflected by the interaction’s positive coefficient, which 

suggests that lower rainfalls have less of an effect on the more educated.  

  The results for the crop damage coefficient are both statistically insignificant. The crop damage 

interaction term is statistically significant for the lifetime migration model, but is of very little 

economic significance. However, the house damage variable is statistically significant for both 

migration models. The coefficients positive sign reflects the notion that higher damaging natural 

disasters should make one more likely to migrate. While the economic significance of the house 

damage coefficients appear to be stronger than the crop damage coefficients, they are still have much 

less of an effect on migration than rainfall. However, the house damage interaction term is both 

statistically and economically insignificant. This result is relatively uncontroversial, as damages to 

residential buildings are likely to affect all class of workers equally within a state.  

 These results support the choice of using rainfall as an instrumental variable for migration. The 

rainfall variable and its education term have by far the strongest effect on the probability of migration. 

The crop damages variable and its interaction term appear to be least appealing instrument, as they 

have lowest economic and statistical significance. While the house damage variable is more 

significant on its own, its interaction term is both economically and statistically insignificant. This 

makes it a poor instrument in generating migration flows with different compositions of skill. As the 

rainfall’s education interaction term has both statistical and economic significance, it makes for a 

better instrumental variable. Ideally, it would be preferable to include both the rainfall and house 

damage variables into the nested logit model, as it allows partial exogeneity tests to be carried out. 

However, this increases convergence time significantly, which poses a real obstacle when the 

estimation must be repeated 200 times for bootstrapping. As discussed earlier, the rainfall data is a 

lot more complete than the disaster data.  
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6:3B: Comparison between Normalised and Non-Normalised Nested Logit  

As mentioned in the main results section, the statistical significance of the in-migration education 

interaction terms is likely to have been affected by the weighting of the inclusive values. To test 

whether this is the case, I re-run the two migration models in a non-normalised nested logit, which 

does not scale using the inclusive variables. As the non-normalised version should only affect the in-

migration model, I do not present the results for the out-migration models (which were essentially 

the same). The results for the RUMNL and non-normalised nested logit for in-migration model are 

presented in Table 8 on the next page.  

Immediately, we can see that the coefficients in the non-normalised models are more 

statistically significant than in the RUMNL. With the exception of the migration distance in the 

recent migration non-normalised model, all the geographic characteristics appear to be statistically 

significant at the 1%. The signs of the coefficients in the non-normalised model seem to perfectly 

correspond to the signs of the RUMNL model. However, notice that the magnitudes are substantially 

smaller in the RUMNL model while the standard errors remain the same. This is attributable to the 

scaling of the inclusive values in the RUMNL model and essentially explains why those variables are 

statistically insignificant in the RUMNL model. However, most of the education interaction terms 

remain statistically insignificant. The exception is the adjacent education interaction term, which has 

a small negative effect on the expected probabilities of in-migration. The negative coefficient reflects 

the fact that educated individuals are less effect by physical (and arguably psychological) distance, 

meaning that the positive effect of a state being adjacent is smaller for higher educated individuals.  
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Table 8 

Comparison of RUMNL and Non-Normalised Results for In-Migration 

  Lifetime Migration Model Recent Migration Model 

  RUMNL Model Non-normalised Model RUMNL Model Non-normalised Model 

  Coef. SE Coef. SE Coef. SE Coef. SE 

Non-migration dummy - - -23.543*** (1.100) - - -28.298*** (1.129) 

Geographic Characteristics 
        Log(Migration Distance) -0.303* (0.180) -0.871*** (0.215) -0.263 (0.277) -0.719** (0.319) 

Adjacent State 0.446 (0.317) 1.316*** (0.326) 0.480 (0.326) 1.407*** (0.400) 

Borders United States 0.431* (0.264) 1.262*** (0.201) 0.376 (0.300) 1.066*** (0.191) 

Education Interactions 
        Log(Migration Distance)  -0.007 (0.008) -0.021 (0.015) -0.005 (0.006) -0.016 (0.024) 

Adjacent State -0.025 (0.018) -0.074* (0.016) -0.024 (0.017) -0.073** (0.032) 

     Borders United States -0.007 (0.006) -0.021 (0.013) -0.003 (0.007) -0.007 (0.018) 

Chi Squared 299.0  
10456.5 

 
1290.0 

 
19374.8 

 Sample Size 47415.0   47415.0 

 

47406.0   47406.0   

* P-value < 0.10, ** P-value < 0.05, *** P-value < 0.01 

    Standard Errors are bootstrapped errors         
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However, the difference in these in-migration estimates is only important if they materially 

impact the predicted skill composition of each state. To determine whether the differences affect the 

main OLS wage results, I re-run the OLS regressions using the non-normalised nested logit predicted 

values. The comparison of the two nested logit models is presented in Table 9.  

For both migration models, all the significant coefficients for the RUMNL model are also 

significant for the non-normalised model. The magnitudes are also almost exactly the same across 

models, with the only differences being minor rounding issues. These results show that using either 

the RUMNL or non-normalised nested logit model in a first stage, does not impact the results in the 

OLS wage regressions.   
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Table 9 

OLS wage regression comparison for RUMNL and Non-Normalised Models 

  Lifetime Migration Model Recent Migration Model 

  RUMNL Non-Normalised RUMNL Non-Normalised 

Log(wage) Coef. SE Coef. SE Coef. SE Coef. SE 

Male 0.239*** (0.010) 0.239*** (0.010) 0.238*** (0.012) 0.238*** (0.010) 

Age 0.058*** (0.003) 0.058*** (0.003) 0.047*** (0.003) 0.047*** (0.003) 

Age Squared -0.001*** (0.000) -0.001*** (0.000) 0.000*** (0.000) 0.000*** (0.000) 

Education 0.103*** (0.030) 0.103*** (0.030) 0.122*** (0.029) 0.122*** (0.027) 

Average State Education 0.052 (0.052) 0.053 (0.052) 0.157*** (0.040) 0.158*** (0.040) 

Skill Matching Interaction -0.004 (0.004) -0.004 (0.004) -0.006 (0.004) -0.006 (0.004) 

Urban Status 1.259*** (0.238) 1.263*** (0.239) 1.036*** (0.273) 1.037*** (0.292) 

Urban Status Interactions 
        Education -0.090*** (0.032) -0.091*** (0.030) -0.060* (0.035) -0.060* (0.034) 

Average State Education -0.150*** (0.033) -0.150*** (0.033) -0.118*** (0.038) -0.118*** (0.040) 

Skill Matching Interaction 0.014*** (0.004) 0.014*** (0.004) 0.010** (0.005) 0.010** (0.005) 

Cenus Year Dummies 
        1990 0.234*** (0.034) 0.234*** (0.036) 0.287*** (0.022) 0.287*** (0.023) 

1995 0.177*** (0.039) 0.177*** (0.033) 0.218*** (0.041) 0.218*** (0.045) 

2000 - - - - - - - - 

Chi-Squared 2401.2 
 

8207.09   2304.87 
 

7012.31 
 R-squared 0.1562 

 
0.1562 

 
0.1499 

 
0.1499 

 Observations 47416   47416   47433   47433   

* P-value < 0.10, ** P-value < 0.05, *** P-value < 0.01 
  

  Standard errors are bootstrap standard errors         
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6:3C: Comparison of the 2-staged and Endogenous Models 

As already mentioned, the purpose of the nested logit is to exogenously predict the skill composition 

of each state. The first stage is essentially a way of dealing with the reflection problem associated 

with the individual’s education and state average education variables. To see whether this first stage 

is warranted, I run an endogenous single staged OLS with the actual state education levels. The 

estimation results for the two-staged models (recent and lifetime migration) and the endogenous 

model are presented in Table 10.  

Table 10 

Comparison of Exogenous and Endogenous Models 

  Lifetime Migration Model Recent Migration Model Endogenous Model 

Log(wage) Coef. SE Coef. SE Coef. SE 

Male 0.239*** (0.010) 0.238*** (0.012) 0.239*** (0.016) 

Age 0.058*** (0.003) 0.047*** (0.003) 0.058*** (0.004) 

Age Squared -0.001*** (0.000) 0.000*** (0.000) -0.001*** (0.000) 

Education 0.103*** (0.030) 0.122*** (0.029) 0.012 (0.025) 

State Average Education 0.052 (0.052) 0.157*** (0.040) -0.053 (0.049) 

Skill Matching Interaction -0.004 (0.004) -0.006 (0.004) 0.010*** (0.003) 

Urban Status 1.259*** (0.238) 1.036*** (0.273) 0.227*** (0.033) 

Urban Interaction Terms 
      Education -0.090*** (0.032) -0.060* (0.035) 0.027* (0.016) 

State Education -0.150*** (0.033) -0.118*** (0.038) -0.003 (0.002) 

Skill Matching  0.014*** (0.004) 0.010** (0.005) (Omitted) - 

Census Year 
      1990 0.234*** (0.034) 0.287*** (0.022) 0.236*** (0.054) 

1995 0.177*** (0.039) 0.218*** (0.041) 0.176*** (0.057) 

2000 (base year) - - - - - - 

Chi-Statistic 2401.2 
 

2523.3 
 

1556.840 
 R-squared 0.1562 

 
0.1499 

 
0.1549 

 Observations 47416   47433   47415   

* P-value < 0.10, ** P-value < 0.05, *** P-value < 0.01 

  Standard Errors are bootstrap standard errors      
 

From the Table 10, it is immediately apparent that the endogenous model produces substantially 

different results for all the education and urban variables. Firstly, both the education and state 
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education variables are statistically insignificant in the endogenous model, while they are both 

significant in the two-staged models. However, the coefficients for these two variables are similar in 

sign and magnitude to the two-staged models. This result provides evidence for the existence of a 

reflection problem, as the two education variables are endogenously codetermined. While the skill 

matching interaction is insignificant for the two-staged models, it is significant at the 1% level for the 

endogenous model. Furthermore, it appears that the coefficient for the endogenous model appears to 

have the opposite sign to the two-staged models. This sign remains positive, even after re-running the 

model with the urban interactions. Consequently, a likely cause for this result is that the effects of 

education and state education are manifested in this skill matching interaction term. These odd 

results reflect identification problems that may arise from estimating endogenous variables.  

The urban status related variables also seem to be different in the endogenous model. Firstly, the 

effect of living in an urban area is substantially less in the endogenous model.  The education and 

urban interaction term is statistically significant, has the opposite sign of the two-staged models. As 

the education variable on its own in the endogenous model is statistically insignificant, it is possible 

that education and urban interaction term is accounting for regular education’s effect on wages.  The 

state education and urban interaction term is statistically insignificant. However, the urban and skill 

matching interaction term has been completely omitted from the endogenous model due to 

collinearity. This provides further evidence of the presence of reflection problem in this model.  

While, the urban and education estimates appear to be substantially different in the endogenous 

model, the rest of the covariates do not. The coefficients on the age, age squared, gender and year 

dummies all appears to have similar statistical significance, signs and magnitudes for both models. 

However, the unintuitive results from the education and urban variables are sufficient in confirming 

the inadequacy of the endogenous model and the need of a first stage to account for the endogeneity. 
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Section 7: Conclusions 

As predicted, there does appear to be productivity gains for matching high skilled workers together 

at the regional level. However, whether or not these translate to increasing returns to skill is more 

ambiguous. In non-urban settings,  the effect of more skilled workers in the labour supply appear to 

be larger than the positive productivity gains from skill matching, leading to decreasing returns to 

skill. The effect is reversed for workers in urban settings, where productivity gains from skill 

matching are more prominent, leading to increasing returns to skill. This demonstrates the existence 

of regional spillovers as a result of productivity gains from skill matching, which impact the 

agglomeration processes in different regions in Mexico.  

 The existence of productivity spillovers arising from skill complementarities can have several 

policy implications for reducing inequality across regions. For an example, as workers realise that 

their returns to education are higher with more educated individuals in the region, they will invest 

more in their education if everyone else does. As a result of this feedback loop, small subsidies in 

education can have large multiplier effects on average education in a region. Governments may also 

try to implement policies that improve labour mobility and allow individuals to migrate to regions 

which better complement their own skill-sets. Improvements in labour mobility may ease the 

constraints which individuals face when making education investment decisions. If individuals can 

move more freely, then their region’s level of education becomes less important in deciding how much 

to invest in their own education. This would particularly be relevant for individuals who wish to 

invest in a specialised skillset. While improvements in labour mobility might improve the overall 

level of education in Mexico, it might cause further inequality across regions. If workers can more 

easily move across regions, then there is incentive for all the skilled workers to leave the poorer 

regions, leaving those regions with even less skilled workers.  

 While the results for these skill matching benefits were relatively robust, there were some 

limitations. The biggest limitation is related to the method in which the average state education is 

predicted. The state may be too large a level to analyse the skill composition of regions. As these skill 

matching spillovers are more prominent in urban settings, it would make more sense to find separate 
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average education levels for the urban and rural areas in each state. For an example, one could split 

the migration nest into two separate branches, rural and urban migration. However, splitting the 

migration nest also doubles the amount of alternatives, as each rural and urban branch will contain 

32 states. This makes estimating the nested logit model even more computationally difficult. As a 

result, the simpler migration model is used. Another limitation of this study is the treatment of the 

missing wage values. While the proportion of missing values is relatively small, the composition of 

the missing values did not appear to be random. Agricultural workers appeared to make up a 

disproportionate percentage of the missing wage values. A possible way to overcome this is to re-run 

the model using the National Survey of Occupation and Employment (ENOE), which contains more 

complete wage data. However, I was not able to perform this check due to time constraints.  

An area of future research is to have more detailed look into the difference in productivity gains 

from skill matching in urban and rural settings. Choosing a smaller country with less states could 

allow one to re-run a similar model but with the skill composition being predicted at the city level 

instead of the state level. Another possible extension is to see whether the results from this study 

hold for developed countries such as the United States. This is because the effect of globalisation has 

had different effects for developed and undeveloped countries in terms of skill premiums. 

Furthermore, as developed countries specialise more in high-technology industries, perhaps skill 

matching benefits are greater in those countries. A final area of future research is to empirically 

explore the firm side of this ‘O-Ring’ story. Determining the effects of matching high-technology 

firms with high-skill regions can help better explain how skill matching spillovers can affect 

agglomeration processes.  
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Appendices 

Appendix A 

Table 11 

Comparison of lifetime out-migration model with and without an education interaction term 

  Restricted Model Full Model 

  Coefficient  Standard Errors  Coefficient  Standard Errors  

Individual Characteristics  

    Male -0.103*** (0.008) -0.106*** (0.008) 

Age 0.069*** (0.002) 0.069*** (0.002) 

Age Squared -0.001*** (0.000) -0.001*** (0.000) 

Education 0.054*** (0.001) -0.341*** (0.014) 
State of Origin Characteristics  

    Log(Rainfall) 0.127*** (0.008) -0.302*** (0.017) 

Log(Rainfall) x Education - - 0.058*** (0.002) 

Chi-Squared 9109.32  
9867.04 

 Pseudo R-Squared 0.0176 
 

0.0191 
 Sample Size 474122   474122   

Note: * P-value < 0.10, ** P-value < 0.05, *** P-value < 0.01     

Log Likelihood-Ratio Test 
    LR Chi-Squared 757.72 

   Prob > Chi-Squared 0.0000       
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Appendix B 

Table 12 

Full OLS wage regression results (with state dummies) 

  Lifetime Migration Model Recent Migration Model 

  Coefficient Standard Errors Coefficient  Standard Errors  

Male 0.239*** (0.010) 0.238*** (0.012) 

Age 0.058*** (0.003) 0.047*** (0.003) 

Age Squared -0.001*** (0.000) 0.000*** (0.000) 

Education 0.103*** (0.030) 0.122*** (0.029) 

Average State Education 0.052 (0.052) 0.157*** (0.040) 

Skill Matching Interaction -0.004 (0.004) -0.006 (0.004) 

Urban Status 1.259*** (0.238) 1.036*** (0.273) 

Urban Status Interactions  
    Education -0.090*** (0.032) -0.060* (0.035) 

Average State Education -0.150*** (0.033) -0.118*** (0.038) 

Skill Matching Interaction 0.014*** (0.004) 0.010** (0.005) 

Census Year Dummies 
    1990 0.234*** (0.034) 0.287*** (0.022) 

1995 0.177*** (0.039) 0.218*** (0.041) 

2000 - - - - 

State Dummies 
    Aguascalientes 0.355*** (0.060) 0.305*** (0.046) 

Baja California 0.707*** (0.063) 0.612*** (0.043) 

Baja California Sur 0.549*** (0.080) 0.511*** (0.065) 

Campeche 0.166** (0.067) 0.113 (0.085) 

Coahuila 0.293*** (0.048) 0.266*** (0.048) 

Colima 0.279*** (0.069) 0.446*** (0.070) 

Chiapas -0.125 (0.104) 0.018 (0.081) 

Chihuahua 0.487*** (0.047) 0.475*** (0.038) 

Distrito Federal 0.366*** (0.077) 0.252*** (0.046) 

Durango 0.264*** (0.062) 0.306*** (0.050) 

Guanajuato 0.309*** (0.065) 0.450*** (0.056) 

Guerrero 0.216*** (0.074) 0.231*** (0.060) 

Hidalgo 0.107* (0.059) 0.107* (0.064) 

Jalisco 0.400*** (0.054) 0.398*** (0.046) 

Mexico 0.304*** (0.041) 0.250*** (0.038) 

Michoacán 0.323*** (0.072) 0.363*** (0.056) 

Morelos 0.233*** (0.058) 0.231*** (0.050) 

Nayarit 0.381*** (0.070) 0.269*** (0.081) 

Nuevo Leon 0.409*** (0.052) 0.309*** (0.049) 

Oaxaca 0.031 (0.088) 0.126* (0.069) 

Puebla 0.044** (0.066) 0.137*** (0.051) 

Queretaro 0.399*** (0.056) 0.411*** (0.047) 
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Quintana Roo 0.500*** (0.066) 0.402*** (0.061) 

San Luis Potosi 0.148** (0.072) 0.154*** (0.055) 

Sinaloa 0.367*** (0.051) 0.360*** (0.049) 

Sonora 0.400*** (0.048) 0.406*** (0.042) 

Tabasco 0.149*** (0.066) 0.188** (0.059) 

Tamaulipas 0.379*** (0.052) 0.276*** (0.050) 

Tlaxcala - - - - 

Veracruz 0.052** (0.076) 0.187*** (0.059) 

Yucatan -0.170** (0.080) -0.029 (0.068) 

Zacatecas 0.218*** (0.073) 0.309*** (0.077) 

Constant 5.016*** (0.404) 4.372*** (0.312) 

R-squared 0.1562 
 

0.1499 
 Observations 47416   47433   

* P-value < 0.10, ** P-value < 0.05, *** P-value < 0.01 

Standard errors are bootstrap standard errors 

 


