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ABSTRACT 

 This dissertation delves into the socio-economic impact of migration in Mongolia and 

Mexico, focusing on urbanization and demographic shifts. The first two chapters assess 

Mongolia’s urbanization, examining the environmental degradation from informal settlements 

and human capital accumulation influenced by in-migration. The environmental implications of 

these slum areas are explored via a unique demographic dataset, synthesized using a deep 

learning model and high-resolution satellite imagery. In the second chapter, the impact of in-

migration on local students’ education is investigated, analyzing the balance between the crowd-

out and crowd-in effects in education and labor markets. In the last chapter, we have focused on 

the international migration’s effects on children’s welfare in Mexico’s agricultural households. 

This study probes the correlation between cash transfers, children’s health, and migration 

decisions, aiming to address the heterogeneity between cash transfer beneficiaries and non-

beneficiary’s households.  

This dissertation underscores the correlation between the number of Mongolia’s ‘ger’ 

settlements and pollution levels, providing insights into urbanization’s environmental impact. It 

reveals the nuanced relationship between in-migration and educational investment in Mongolia’s 



youth, suggesting higher immigration rates generally enhance human capital development. The 

final chapter elucidates the intricate interplay of migration, cash transfer programs, and children's 

nutritional status in rural Mexico. Overall, this research highlights the complex environmental 

and socio-economic effects of migration, offering invaluable insights for future policy 

development and research. It employs unconventional datasets and computational 

methodologies, paving the way for future explorations of migration in developing nations. 
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CHAPTER 1 

INTRODUCTION 

This dissertation provides a comprehensive analysis of the complex implications of both 

internal and external migration on natural and human capital within developing countries. 

Previous migration studies have largely focused on the influence of international migration or 

remittances on economic improvement or poverty reduction within migrants’ origin countries 

(Acosta et al., 2007; Adams et al., 2008; Amuedo-Dorantes & Pozo, 2006; Cox-Edwards & 

Rodríguez-Oreggia, 2009; López Córdova, 2018; Semyonov & Gorodzeisky, 2008; Yang & 

Choi, 2007). However, there has been a recent shift towards the study of internal migration, now 

exceeding international migration volumes (Lucas, 2015; Selod & Shilpi, 2021). These shifts 

often result not only from traditional migration patterns seeking better economic opportunities, 

but also from factors such as conflict, violence, or natural disasters. 

As a result, the urban population has grown rapidly, with the percentage of the global 

population residing in urban areas increasing from 43% in 1990 to an estimated 60% by 2030, 

concentrating about 90% of future urban growth in low- and middle-income countries (UN-

HABITAT, 2016, 2018). This rapid urban expansion, often unplanned, has triggered various 

environmental and socio-economic issues that affect both original residents and immigrants, thus 

emerging as a primary concern for government long-term urban planning and economic growth 

strategies. 

To address the multifaceted natural and human capital impact of demographic changes, 

this study focuses on Mongolia, thereby broadening our understanding of the implications of 

accelerated urbanization in developing nations. The first two chapters of this dissertation 
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highlight environmental degradation and human capital accumulation in response to rapid influx 

of migrants to urban areas within a Mongolian context. 

The first chapter investigates the influence of urbanization, specifically the proliferation 

of informal settlements, on air quality. Using advanced computational image processing 

technologies and unconventional satellite imagery data, we generated a detailed demographic 

dataset at the sub-district level. This enabled us to accurately estimate the causal relationship 

between the number of informal settlement households near the 14 monitoring stations and six 

major air pollutant concentration levels, highlighting potential health risks posed by increased 

informal settlements. 

The second chapter explores the impact of immigration rates on the educational 

investment decisions of native youth across 22 urban areas in Mongolia, including Ulaanbaatar 

and 21 provincial capitals. It considers the complex interplay between the educational resource 

market and labor market, influenced by immigrant students and low-skilled immigrant workers 

respectively, addressing the intricate trade-off between the crowd-out effect driven by increased 

educational demand and the crowd-in effect due to changes in wage and unemployment rates. 

In the final chapter, we return to the conventional perspective of migration studies, 

examining the international migration of household members from Mexico to the US. We assess 

the indirect welfare effects resulting from labor loss in agricultural households due to migration, 

investigating whether the migration of one or more household members has positive or negative 

effects on children from agricultural households in Mexico. 

Each of these chapters has been meticulously and strategically designed to estimate the 

causal impact of internal and external migration on natural and human capital in developing 

countries. This enriches the academic discourse on human mobility and demographic dynamics 
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by emphasizing their complex relationship. Moreover, the empirical results provide potential 

policy suggestions and propose strategies to mitigate the negative effects of rapid urbanization. 
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CHAPTER 2 

THE IMPACT OF URBAN SPRAWL ON AIR QUALITY: THE CASE OF ULAANBAATAR, 

MONGOLIA1 

1 Yoon, T., Filipski, M., Ferreira, S., and Hashida, Y. To be submitted to Ecological Economics 
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Abstract 

 The process of rapid urbanization, driven by both voluntary and involuntary factors, is 

particularly pronounced in less-developed countries. This rapid urban expansion is fueling the 

growth of informal settlements. These incoming migrants often suffer from restricted access to 

basic services, serving as catalysts for environmental degradation and various health hazards. Air 

pollution stands out as the primary concern linked to these living conditions in Mongolia. In an 

attempt to better understand this issue, this study harnesses cutting-edge image processing 

techniques. They have been employed to create high-frequency demographic data, representing 

informal settlements, and to delineate study areas at the neighborhood level by integrating deep 

learning and satellite images. The focus of this investigation is the relationship between the slum 

population and air pollution levels in Ulaanbaatar, the capital city of Mongolia. For this purpose, 

a fixed-effect regression model was applied. This model treats six air pollution indicators (PM2.5, 

PM10, CO, SO2, NO2, O3) as dependent variables, and the number of ‘gers’ (traditional 

Mongolian herder’s portable tents) within a half-mile radius of a monitoring station as an 

independent variable. The empirical findings of the study shed light on the relationships between 

the number of informal settlers in Ulaanbaatar and levels of air pollution concentration. 

Specifically, there is a positive association with PM2.5, PM10, SO2, and CO, a negligible 

association with NO2, and a negative association with O3.  
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Introduction 

In 1990, urban areas were home to 43% of the global population, accounting for 

approximately 2.3 billion people. This figure rose to 54% by 2015, which represented roughly 4 

billion people. Forecast suggests that by 2030, the proportion of the worldwide population living 

in urban regions will reach 60%, with approximately 90% urban growth expected to take place in 

low- and middle-income countries (UN-HABITAT, 2016, 2018). 

Conventional economic theory posits that the concentration of economic activities in urban 

areas induces the migration of the workforce from rural to urban regions in search of job prospects 

and improving living standards such as access to higher income, education, and healthcare 

services. However, in recent decades, especially in developing countries, the growth of urban 

population has been driven not only by voluntary migration in searching better economic 

opportunities, but also by the involuntary migration of people who has been forced to move due to 

income shocks resulting from such as violent conflicts or natural disasters, and migration has 

become a direct adaptation strategy for rural communities affected by the impact of climate change  

(Mastrorillo et al., 2016; McLeman & Smit, 2006; Selod & Shilpi, 2021). As a result, around 7 

million people have been displaced from their homes due to natural disasters since the end of 2020 

(Environmental Migration, 2021).  

The rapid urbanization and population growth rates resulting from the significant influx of 

migrants and higher fertility rates in developing countries have created a situation where the 

available adequate and affordable housing is being outpaced. As a result, low-income population, 

mostly migrants from rural areas, often have limited financial resources, have been finding it 

challenging to access adequate housing, leading to a substantial increase in the number of 

individuals living in slum or informal settlements. In 2019, over 1 billion people reside in informal 
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settlements, implying that roughly one in every eight people in the world lives in inadequate 

environments, enduring harsh living conditions and lacking access to basic infrastructure. This 

situation is deeply concerning as the United Nations predicts that the number of individuals 

residing in informal settlements will rise to three billion by 2050 (GSG, 2022; López et al., 2019; 

UN-HABITAT, 2016; UNSD, 2019; West et al., 2021). 

The proliferation of slums and informal settlements in developing countries, which are 

often lacking in basic infrastructure and services, such as heating, sanitation, clean water, sewage, 

electricity, cooking fuels, and public transportation, has led to environmental degradation and 

health hazards among urban populations. One of the most pressing issues that arises from 

unplanned urban sprawl is air pollution, which poses an unavoidable threat to public health (GSG, 

2022; López et al., 2019; Pandey et al., 2018; Porio, 2011; UN-HABITAT, 2018). In 2016, 90 % 

of urban dwellers were exposed to polluted air that failed to meet the World Health Organization’s 

(WHO) air quality guidelines, with low- and middle-income countries being disproportionately 

affected. Of the cities with population over 100,000 inhabitants, 97 % of those in low- and middle-

income countries failed to meet air quality standards, compared to only 49 % in high-income 

nations. The WHO estimates that outdoor air pollution is responsible for seven million deaths 

worldwide annually, with more than 90 % of fatalities caused by air pollution occurring in low- 

and middle-income countries (UNEP, 2019; UNSD, 2019; WHO, 2021a). The households, 

primarily located in slums or informal settlements, that burn wood, charcoal, or other inappropriate 

fuels for cooking, heating, or lighting purposes are significant contributors to both indoor and 

outdoor pollution. Consequently, the harmful effects of environmental pollution caused by 

population growth disproportionally affect the well-being of impoverished households in 

developing countries (UNEP, 2019). The rapid expansion of urban areas, characterized by the 
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emergence of slums and informal settlements, resulting in heightened air pollution levels, has 

evolved into a significant concern for both local communities and policymakers.  

This research aims to add to the current knowledge and help in policy making by exploring 

the connection between recent trends in internal migration, the increase in informal settlements, 

and environmental degradation, specifically air pollution. This study constructs and utilizes the 

innovative dataset on informal settlements in Ulaanbaatar, Mongolia. Specifically, the study 

examines the causal relationship between the concentration of slum population in urban areas of 

developing countries and six major air pollutant concentrations, PM2.5, PM10, SO2, NO2, CO, O3, 

at the sub-district level. While previous research has primarily focused on examining the 

relationship between population or immigrant growth and environmental degradation at broader 

scale, such as the global, national, or city levels, this study focuses on the neighborhood level, 

providing a more nuanced understanding of how informal settlements contribute to local air 

pollution. The study’s findings have potential implications for policy interventions aimed at 

improving the living conditions and health outcomes of slum residents while mitigating 

environmental damage. It is particularly important because many megacities in developing world 

suffer from exceptionally high levels of air pollution, which is highly associated with the health 

conditions of residents, and this adverse effect disproportionately falls on poor people.  

Furthermore, another significant contribution of this research lies in its innovative data 

collection methodology. For the first time, state-of-the-art image processing techniques are being 

applied to quantify demographic factors within the current global migration trend, particularly in 

the developing world. This research focuses on Ulaanbaatar and identifies the number of ’gers’, 

which are considered informal settlers in the scope of this study. The number of informal settlers 

is measured at the neighborhood level, with the count of ’gers’ within a half-mile radius of each 
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of the 14 monitoring stations scattered throughout Ulaanbaatar, encompassing both non-slum 

urban centers and slum areas. Using high-resolution satellite imagery combined with cutting-edge 

deep learning techniques, we have quantified the number of informal settlements. This approach 

not only distinguishes informal settlers from urban areas but also estimates the demographic 

impact on environmental degradation over time, with special focus on the human migration trends 

mostly seen in developing countries.  

Unlike previous studies that have primarily relied on infrequent data collection methods 

that cover larger areas, like census or household surveys, our methodology allows for the 

construction of more accurate and frequent dataset, even for smaller study regions. Between 

September 2015 and May 2019, we gathered 172 observations for the 14 monitoring stations. We 

factored in both high-density and low-density ’ger’ areas within a half-mile radius of each 

monitoring station to effectively represent Ulaanbaatar, a city noted for its rapid immigration and 

significant pollution levels. Leveraging this accurate dataset, the findings from the fixed effect 

econometric specification for ‘gers’ within a half-mile radius of 14 monitoring stations in 

Ulaanbaatar and six air pollution sources (PM2.5, PM10, SO2, CO, NO2, and O3) indicate a 

significant relationship. The empirical results show that on average, the presence of one additional 

‘ger’ in Ulaanbaatar was found to significantly increase the levels of PM2.5, PM10, SO2, and CO 

by 0.0517 µg/m³, 0.140 µg/m³, 0.0215 µg/m³, and 0.989 µg/m³, respectively. However, we did not 

find a significant association between the number of informal settlers and the levels of NO2. 

Interestingly, there was a negative relationship between the number of informal settlement 

households and O3 levels. However, it is important to note that this negative relationship does not 

imply that informal settlers reduce O3 levels. Instead, it is highly plausible to explain that O3 levels 

can be influenced by various external factors and chemical reactions with other air pollutant 
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sources, such as nitrogen oxides (NOx) or volatile organic compounds. These pollutants can be 

increased by incoming population from rural areas, especially under the influence of heat and 

sunlight.  

The structure of this paper is organized as follows: Section 1 provides an introduction, 

while Section 2 describes the study areas, Ulaanbaatar, the capital city of Mongolia. In Section 3, 

we review previous literature, considering three main aspects related to the relationship between 

immigration and environmental degradation. Section 4 describes our data, including the 

introduction of the new and innovative demographic dataset created using satellite images and 

deep learning-based image processing techniques. In Section 5, we present our empirical strategies 

and results, which involve various specifications to ensure the reliability and consistency of our 

results. Finally, in Section 6, we conclude the paper and provide further discussion points for future 

research.  

 

Study Area 

Mongolia has experienced a significant rise in its urban population in recent years, largely 

driven by rural to urban migration. This trend was initiated by a series of policy reforms that were 

implemented after the fall of the Soviet Union in 1989, which fostered the movement of individuals 

from rural areas to urban centers in search of improved economic prospects. Additionally, extreme 

climate shocks such as ‘dzud2’, have been a significant contributing factor to this migration trend. 

For instance, during the winter of 2009-2010, the nation lost almost 22 % of its livestock, which 

has been the primary livelihood source of Mongolian herders, due to the extreme weather event, 

resulting in many herders seeking refuge in urban areas, Ulaanbaatar(UB), the capital city of 

 
2 A compounded weather shock of severe cold and snowy winter followed by drought in summer kills animals on a massive scale 

in Mongolian terms. 
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Mongolia (Byambadorj et al., 2011; Cui et al., 2019; Dore & Nagpal, 2006; Mayer, 2016; Park et 

al., 2019; Xu et al., 2021). As a result, the urbanization rate in Mongolia has increased 

significantly, with 70 % of the total population residing in urban areas, exceeding the Asian 

average urbanization rate of 50 % (ADB, 2018). Furthermore, the issue of informal settlement in 

Ulaanbaatar is compounded by the migration of rural populations who bring with them the use of 

’gers’ – portable felt tent commonly used as dwelling by Mongolian nomads – which they continue 

to inhabit in urban centers.  

However, the large-scale migration of people from rural areas to UB has raised concerns 

as most individuals live in large-scale informal areas, locally known as the ‘ger district 3’, that lack 

planning and regulation. In contrast to other countries that experience increasing slum areas, 

residents of Mongolia’s ‘ger districts’ are able to legally obtain ownership of land due to the 

country’s Law on Land and Law on Allocation of Land to Mongolia Citizens for Ownership, which 

allows citizens to privatize land for residential purposes. For example, when migrants move to 

Ulaanbaatar, they can legally acquire 0.07 hectares of land for a cost of $2 and install their portable 

traditional nomadic houses, known as ’ger’ (Bauner & Richter, 2006; Jun, 2021; Miller, 2017; 

Park et al., 2019). Therefore, informal settlements in Ulaanbaatar are considered legally formalized 

under these laws. However, it is important to note that the definition of slums and informal 

settlements is not only determined by land tenure, but also other operational and conditional 

factors. 

In line with SDG Target 11.1, which seeks to ensure access to affordable, safe, and 

adequate housing and basic services for all individuals, UN-Habitat defines slums and informal 

settlements as areas where residents face one or more following difficulties. First, slum households 

 
3 The ‘ger’ is a traditional Mongolian round-shaped portable house used for a nomadic life on the steppe. The 'ger district' means 

the informal settlement of multiple ‘gers’ characterized by large areas without public services and infrastructures. 
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are identified by operational criteria such as lack of access to improved water sources, sanitation 

facilities, sufficient living space, stable housing, or tenure security. Also, informal settlements are 

characterized by high population densities and low-quality physical housing. Additionally, areas 

can be considered informal settlements if inhabitants lack security of tenure, basic services, and 

formal city infrastructure or housing that does not adhere to present planning and construction 

rules, situated in hazardous areas, and lack a municipal permit (Fekade, 2000; Park et al., 2019; 

UN-HABITAT, 2018).  

The expansion of these small migrant parcels has led to the creation of extensive ‘ger 

districts.’ These areas primarily established by ‘gers’ located in Ulaanbaatar’s outskirts, are 

characterized as slums or informal settlements according to the UN-Habitat’s definition. These 

districts currently cover 75 % of Ulaanbaatar’s territory, with 65 % of the city’s residents living in 

informal areas as of 2018. The current population of 1.5 million city residents in Ulaanbaatar is 

nearly three times its original capacity of 500,000. As a result, at least two out of three residents 

are excluded from basic infrastructure and public services, pointing to the serve lack of essential 

amenities in the city’s informal settlements (Jun, 2021). 

The present study focuses on the context of Mongolia’s internal migration, which provides 

unique opportunities to explore the causal relationship between informal settlements and air 

pollutant concentration in developing countries. This study offers two distinct advantages in 

identifying informal settlement variables. Firstly, in contrast to other countries where the precise 

identification of informal settlements can be challenging, the use of portable traditional housing 

known as ’ger’ in Mongolia allows for a more accurate measurement of informal settlement 

population. Since ’gers’ have a consistent size and shape, they can be more precisely identified 

and measured using satellite imagery and deep learning object detection modeling.  
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Secondly, in other countries, it can be difficult to determine whether informal settlers have 

moved back to rural areas and abandoned their housing or are still residing in urban slum areas. 

However, in Mongolia, residents have a long nomadic history and often move with their housing, 

either within urban areas or back to rural areas. As a result, measurement error can be minimized, 

and the population of informal settlements can be more accurately determined using Mongolia’s 

conventional lifestyle.  

 

Literature Review 

Three primary arguments support the question of whether increased migration rates can 

exacerbate environmental degradation of host communities. Firstly, some researchers have 

proposed that population growth and urban expansion, driven by an influx of newcomers, directly 

contribute to local environmental harm. This debate revolves around the potential significant 

impact of a rise in migrant influx rate at city, state, or national levels on local environmental 

conditions. Numerous researchers contend that a substantial increase in migration can boost 

population growth beyond an urban areas’ sustainable limit, consequently straining local 

infrastructure and natural resources. These resources may be inadequate to sustain increased 

demands for water and food, manage congestion and pollution, and handle waste production  

(Bartlett & Lytwak, 1995; Daily et al., 1995; Dedeoğlu et al., 2021; Price & Feldmeyer, 2012). 

Various studies have examined the impact of migration, both internal and international, on 

environment degradation and found a significant negative relationship between immigration and 

air pollution. Qin and Liao (2016) and Rafiq et al. (2017) conducted an empirical investigation 

into the relationship between internal migration and environmental degradation in China, 

concluding that internal migration was positively correlated with increased levels of air and water 
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pollution. Meanwhile, Alola and Kirikkaleli (2019) and Dedeoğlu et al. (2021) focused on the 

relationship between international immigration and CO2 emission in the United States, finding a 

significant causal relationship and consistent evidence that increased incoming population elevates 

CO2 emissions.  

Secondly, other researchers argue that the population growth induced by incoming migration 

can lead to more damaging ecological effects compared to other types of population growth. 

Incoming settlers tend to cluster geographically based on ethnic networks or economic conditions, 

with informal settlements serving as an example. These situations lead to a disproportionate 

increase in local population density, consequently intensifying environmental issues (Dedeoğlu et 

al., 2021; Price & Feldmeyer, 2012). For instance, Komatsu et al. (2013) investigated the effect of 

internal migration on residential energy consumption and CO2 emissions in Hanoi, Vietnam’s 

capital city. Their study found that while migration between urban areas had no significant impact 

on CO2 emissions, rural-to-urban migration was positively and significantly associated with air 

pollution. Similarly, in the context of high urbanization rates in China, the study conducted by 

Long et al. (2022) revealed that internal migration had a positive impact on national carbon 

emissions, and magnitude of internal migration effects on emission was greater than emissions 

caused by net population growth.  

Lastly, contrary to the second argument, some studies have suggested that incoming 

migrants exert a minimal impact on local environmental degradation. This theory's justification 

stems from the ecological footprint perspective, which proposes that although population influx 

contributes to local population growth, it could result in lesser ecological damage compared to 

other forms of local population growth. This is attributed to the fact that incoming settlers, 

particularly those from rural or less developed regions, usually have smaller ecological footprints 
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than native-born residents and adopt lifestyles that are less consumptive and place a lesser burden 

on the environment  (Dietz & Rosa, 1997; Price & Feldmeyer, 2012). Squalli (2010) examined the 

link between immigrants and air pollution in the United States and found that states with a larger 

proportion of US-born residents had higher levels of polluted gas emissions, whereas states with a 

greater proportion of foreign-born residents had lower levels of levels of NO2 and SO2 emissions. 

In a similar vein, Price and Feldmeyer (2012) also study employed spatial panel analysis to 

examine the relationship between population dynamics and air pollution in the United States. The 

study found that international immigration, mainly from developing countries, was not associated 

with air pollution levels in the U.S. In contrast, other forms of population growth, such as domestic 

migration and natural population growth, had significantly negative effects on air quality. 

Despite thorough research exploring the impact of the incoming population on urban 

environmental degradation from three unique theoretical viewpoints, a definitive consensus 

remains elusive concerning whether the influx of people contributes to adverse environmental 

outcomes. Furthermore, there is a notable dearth of research studying the relationship between the 

rising count of households in informal settlement zones and their effect on air pollution in 

developing countries context. Past studies have yielded conflicting outcomes, suggesting that a 

surge in informal settlers could either significantly exacerbate or marginally affect air pollution. 

On the one hand, settlers residing in slum areas could potentially contribute to environmental 

degradation due to their inadequate resources and population pressure. However, it is also feasible 

that inhabitants of informal settlements, who often consume less and exert less pressure on the 

environment, could potentially have a smaller ecological footprint than established urban residents.  

The current study aims to estimate that relationship between the number of ’gers’ at the sub-

district level in Ulaanbaatar and air pollution concentration. By identifying and counting the 
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number of ’gers’ within a half-mile radius of each of the 14 monitoring stations, covering not only 

slum district but also urban center, in Ulaanbaatar and analyzing data using a deep learning 

technique with high-resolution satellite imagery, we explore the causal relationship between 

informal settlements and air pollution. Through our analysis, this study contributes to narrowing 

the knowledge gap in the field of environmental research, particularly in the context of the impact 

of informal settlements on air pollution concentration in developing countries. 

 

Data 

To investigate the impact of the influx of inhabitants, specifically the quantity of ‘gers’ in 

Mongolia’s context, on the air quality of Ulaanbaatar, we compiled three essential datasets: (1) 

air pollution concentration levels collected from 14 monitoring stations in Ulaanbaatar, sourced 

from the OpenAQ API4; (2) meteorological data retrieved from the World Weather Online API5; 

and (3) the number of ‘gers’ located around the 14 monitoring stations in Ulaanbaatar. These 

data sources allowed us to explore the connection between the population of informal settlements 

and air pollution concentration of 14 monitoring stations in Ulaanbaatar, thus providing a more 

thorough understanding of the problem. 

 

Emission Data 

We obtained subdistrict-level hourly concentration of six key air pollutant sources (PM2.5, 

PM10, CO, SO2, NO2, O3) for 14 monitoring stations in Ulaanbaatar between 2015 and 2019 using 

the OpenAQ platform. OpenAQ is non-profit organization that publicly shares air quality data. 

Given that all six air pollution concentration data were not available for each of the 14 monitoring 

 
4 https://openaq.org/ 
5 https://www.worldweatheronline.com/ 
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stations throughout the entire study period, we collected an unbalanced panel dataset, utilizing as 

much data as was accessible for each monitoring station.  

The dependent variables in this study are six air pollutant concentrations, namely 

particulate matter ≤2.5 mg (PM2.5), particulate matter ≤10 mg (PM10), sulfur dioxide (SO2), 

nitrogen dioxide (NO2), Carbon Monoxide (CO), and Ozone (O3), all measured in micrograms per 

cubic meter (mg/m3). PM2.5 and PM10 are types of airborne particulate matter consisting of small 

solid and liquid droplets containing acid, organic chemicals, metals, soil particles, dust, and 

biological elements like pollen and fungal spores. While PM10 has been commonly used as an air 

pollution indicator in developing countries, researchers have increasingly focused on PM2.5 due to 

its more severe impact on respiratory health (Sanbata et al., 2014). Inhalation of PM2.5 can lead to 

respiratory diseases, asthma, chronic bronchitis, and other lung-related illnesses, as it can penetrate 

the bronchial and alveolar regions of the human body. The primary sources of particulate matter 

are vehicle emissions, biomass burning, combustion-derived carbon containing ultrafine nitrates 

and sulfate, air dust, and endotoxins from biological particles (Pires et al., 2008a, 2008b; Rahman 

et al., 2019; WHO, 2021b). Additionally, Carbon monoxide (CO), Sulfur dioxide (SO2), Nitrogen 

dioxide (NO2), and Ozone (O3) are hazardous atmospheric gases. The primary anthropogenic 

sources of these emissions predominantly result from the combination of fossil fuel combustion, 

domestic heating, power generation, and transportation (Sharma et al., 1999). Traffic, specifically 

from cars, trucks, and buses, is the primary contributor to CO and NO2 emissions, while electricity 

generation and coal combustion represent the largest sources of SO2 emissions.  

Airborne pollutants, comprising both particulate matter and gases, can be produced either 

through direct emission from sources or as a result of chemical reactions involving other pollutants. 

For example, nitrogen dioxide (NO2) can be generated by a chemical reaction between nitrogen 
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monoxide (NO) and Ozone (O3). Conversely, nitrogen dioxide (NO2) can react with oxygen (O2) 

to generate ozone (O3). For instance, during weekends when traffic volume and industrial activities 

decrease, the level of nitrogen monoxide (NO) declines, leading to an increase in ozone (O3) levels 

due to a reduced production of nitrogen dioxide (NO2). Table 2.1 presents the specific emission 

sources of these major air pollutants and their associated health impacts within the context of 

Mongolia. 

 

Weather Data 

The meteorological data includes temperature, wind speed, wind direction, precipitation 

levels, and atmospheric pressure. We then matched the subdistrict-level hourly pollution data with 

the city-level hourly meteorological data to create a comprehensive dataset for our analysis. The 

air quality in urban areas is primarily determined by the quantity and chemical composition of 

emissions, as well as meteorological factors that can impact the concentration and dispersion of 

pollutants. The dispersion of pollutants can be influenced by wind velocity and direction, while 

chemical reactions of pollutants may be influenced by temperature, precipitation, and pressure 

(Buchholz et al., 2010; Chen et al., 2008). However, a challenge arises as weather conditions may 

also be associated with population density and air pollution levels. Moreover, the effect of weather 

on observed air pollution trends may not follow a linear pattern and could be subject to interaction 

effects (Cole et al., 2020). As a result, our empirical model incorporates quadratic terms of 

meteorological factors to account for these complexities.  
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Identifying informal settlements in Ulaanbaatar 

In this study, we measure and quantify the number of ‘gers’ within a half-mile radius of 

monitoring stations by integrating data from very high-resolution (VHR) remote sensing images 

with advanced deep learning technology. 

Typically, studies identify migration based on census or household survey data, although 

the availability of such data can be inconsistent. The use of these data sources is subject to several 

limitations. Firstly, household surveys are resource-intensive and time-consuming, making them 

infrequent, especially in developing countries. Secondly, survey data generally represent national 

or regional levels rather than local or subdistrict levels. Lastly, while georeferenced data is 

collected during surveys, the release of geographic information typically lags, creating a gap in 

real-time data for identifying information of interest (Burke et al., 2021). 

In recent years, geospatial data and advanced image processing technologies have gained 

popularity across various research fields, offering new opportunities for researchers to overcome 

limitations imposed by data constraints. Remote sensing data, in particular, provides several 

advantages over traditional data collection methods. For example, satellite images offer consistent 

spatial and temporal coverage, enabling real-time, dynamic, cost-effective monitoring of the 

Earth's surface over extensive areas at a relatively low cost. Furthermore, this allows researchers 

to compare different regions at different times more effectively. Consequently, using remote 

sensing data can significantly reduce the cost of measuring targets and creating datasets more 

efficiently (Paganini et al., 2018; Persello et al., 2022). 

Deep learning, a breakthrough technology inspired by the structure of the human brain, has 

significantly improved image classification and object detection tasks in image data. A subset of 

machine learning and artificial intelligence algorithms, deep learning methods, particularly 
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Convolutional Neural Networks (CNNs), are widely recognized as highly successful architectures. 

They offer numerous advantages for analyzing satellite images, enabling the identification of 

spatial, spectral, and temporal patterns hidden within image data. Researchers have successfully 

applied CNNs to a variety of tasks, including the detection of palm oil trees and vehicles in satellite 

images, demonstrating high levels of accuracy and reliability. These successful applications have 

motivated us to develop a deep-learning-based model for our research, aiming to leverage the 

power of advanced technologies to detect and quantify the number of ‘gers’ in a given area using 

remote sensing data. 

Many studies have used deep learning techniques for predicting and quantifying the 

number of oil palm trees in satellite imagery, with some achieving exceptional performance. These 

studies demonstrated that their model could detect palm oil trees with an accuracy level of over 90 

% when compared to ground truth data (Aliero et al., 2014; Mubin et al., 2019; Srestasathiern & 

Rakwatin, 2014). Vehicle detection and counting, a more challenging task due to the small size 

and varied types and orientations of vehicles, has also achieved significant accomplishments with 

high levels of accuracy (Liu et al., 2010; Sang et al., 2018; Tayara et al., 2017).  

The process of building object detection models using Convolutional Neural Networks 

(CNNs) involves identifying key patterns of the target object through iterative training. Initially, 

the detection model requires an annotated reference for training, consisting of sample images 

labeled with ground truth objects. During training, the CNNs optimize the model based on the 

gradient descent algorithm, minimizing the loss function by comparing the parameterized model 

with the annotated training samples. This process involves updating the model weights and biases 

based on gradient, evaluating the model performance and facilitating its improvement. Eventually, 
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the model achieves a global minimum of the loss function in the high-dimensional feature space 

(Kattenborn et al., 2021). 

To develop a CNN model for the detection of ‘gers’, high-resolution satellite images were 

obtained from the Google Earth Pro platform and a manually annotated reference was created. Due 

to the iterative learning nature of the model, based on various features of ‘gers’ such as size, shape, 

color, and other characteristics, it was necessary to provide an adequate number of labeled images 

with informative features. Consequently, we manually created image chips of the training samples 

containing more than 50,000 labeled objects. The optimized object detection model demonstrated 

a globally minimized loss during the training process. 

In order to ensure temporal consistency with the available air pollution concentration data, 

we collected all available satellite images for 14 monitoring stations in Ulaanbaatar, covering a 

period from the second half of 2015 to the first half of 2019. Our study areas, as depicted in Figure 

2.1, include both urban centers—specifically non-ger districts—as well as slum areas identified as 

'ger-districts' within Ulaanbaatar. For this study, we obtained 172 observations of unbalanced panel 

data for the number of ‘gers’, which represents the number of informal settlements across the 14 

monitoring stations. To align this variable with the hourly air pollution concentration and 

meteorological data, we operated under the assumption that the number of ‘gers’ around the 14 

monitoring stations remains constant for a 20-day window, and we matched this data from 10 days 

prior to 10 days after the reference date of the immigrant data obtained from the specific dates of 

satellite images. 

Table 2.2 presents the average number of detected ’gers’ and available air pollution 

concentration data for the 14 monitoring stations. The number of informal settlement household 

variable reflects the number of detected ’gers’ within a half-mile radius of each monitoring station. 
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Among the 14 stations, the Bayankhoshuu monitoring station has the highest density of detected 

’gers’, with an average of 1248 ‘gers’ over time, while the Bukhiin urguu monitoring station has 

the lowest density with an average of 35.8 ‘gers’ over time. Notably, Bayankhoshuu is typical ‘ger 

district’ located far from the urban center, while Bukhiin urguu is situated in the urban center of 

Ulaanbaatar.  

 To facilitate a straightforward comparison of statistics across different areas, we employed 

a method whereby the 14 monitoring stations were evenly divided based on the density of 

immigrants. Specifically, seven monitoring stations were located in high-density areas with an 

average of more than 600 ’gers’, while the other seven monitoring stations were situated in low-

density areas with an average of less than 600 ’gers’. However, it should be noted that the density 

of ’gers’ in a particular area does not necessarily indicate whether it is a slum or non-slum area 

defined by UN-Habitat. For instance, the Urgakh naran areas, despite a relatively low average 

number of ‘gers’ within a half-mile radius from the monitoring station (less than 40 ‘gers’), is 

distanced from the urban center and lacks public infrastructure. In contrast, the 100-ail monitoring 

station is located in the urban core where high-rise buildings and public facilities, which could 

potentially emit pollutants, are found. This area also presents a dense concentration of over 600 

‘gers’. 

Table 2.3 presents statistics for six air pollutant sources, categorized by year and ‘ger’ 

density. The values in parentheses represent the average month of available datasets for each year 

and variable. However, please note that only half a year's data is available for 2015 and 2019, as 

denoted by the numbers above nine (from September to December) and below two (January to 

April), respectively. Analysis of the average air pollution concentration data for 2016, 2017, and 

2018 reveals that areas with a higher density of ‘gers’ tend to experience higher levels of air 
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pollution, with the exception of Nitrogen Dioxide (NO2). Prior studies have suggested that NO2 

emissions are closely linked to traffic emissions. During the winter season, residential heating 

sources may combine with these traffic emissions, contributing to NO2 levels. As Figure 2.5 

illustrates, the difference in NO2 levels between areas of low ‘ger’ density and high ‘ger’ density 

has remained relatively constant over the years, even during the winter season. However, the 

discrepancy in levels of other air pollutants between areas of low ‘ger’ density and high ‘ger’ 

density appears to be influenced by seasonality. This suggests that NO2 is predominantly generated 

by traffic emissions, a source that remains consistent throughout the year (Briggs et al., 2000; 

Enkh-Undraa et al., 2019; Huang et al., 2013; Meng et al., 2008).  

Table 2.4 presents the pairwise correlations among ‘ger’ density, air pollution 

concentrations, and weather factors. The results suggest that ‘ger’ density is positively associated 

with PM2.5, PM10, SO2, and O3, but negatively associated with NO2 and CO. In addition, the six 

variables measuring air pollution concentration levels display strong positive correlations with one 

another, except for O3 which shows a negative correlation with the other pollutants. As previously 

discussed, certain air pollutants can form as a result of chemical reactions involving other 

pollutants. For example, when the level of Nitric Oxide (NO) decreases during weekends, it reacts 

less with Ozone (O3) to form Nitrogen Dioxide (NO2). Consequently, more O3 remains unreacted, 

leading to an increase in its concentration. This could explain why the weekday patterns of O3 

show a trend opposite to the other five pollutants. Table 2.4 also reveals that meteorological factors 

generally have negative associations with air pollution concentration levels, while atmospheric 

pressure displays a positive correlation. 
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Empirical Strategies and Results 

Fixed-Effect Identification Strategies 

Our study constitutes the first empirical exploration into the impact of informal settlements, 

specifically the number of ‘gers’ around monitoring stations, on air pollution concentration levels 

in Ulaanbaatar, a city known for having one of the highest levels of air pollution worldwide. 

 

𝑌𝑖,𝑦,𝑚,𝑡 = 𝛽1𝐺𝑖,𝑦,𝑚,𝑡 + 𝛽2𝑊𝑦,𝑚,𝑡 + 𝛿𝑖 + 𝜃𝑦 + 𝜋𝑚 + 𝜀𝑖,𝑡     (1) 

 

𝑌𝑖,𝑦,𝑚,𝑡, as the dependent variable, denotes the six air pollution indicators, namely PM2.5, 

PM10, CO, SO2, NO2, and O3, measured in micrograms per cubic meter at monitoring station 𝑖, 

during year 𝑦 , month 𝑚 , and at time 𝑡 . The independent variable 𝐺𝑖,𝑦,𝑚,𝑡  reflects the number 

of ’gers’ located within a half-mile radius from the 𝑖 monitoring station, matched correspondingly 

for the 𝑌𝑖,𝑦,𝑚,𝑡 . The variable 𝑊𝑦,𝑚,𝑡  indicates the weather conditions in Ulaanbaatar, including 

temperature, wind speed, wind direction, precipitation, pressure. We also account for location, 

year, and month fixed effects through  𝛿,  𝜃 and 𝜋, respectively. Figure 2.4 shows a monthly trend 

of the six dependent variables. PM2.5, PM10, CO, SO2, and NO2 reveal a decrease during the 

summer season and an increase during the winter season, likely due to increased coal burning for 

heating purposes. In contrast, O3 concentrations increase during the summer season due to the 

crucial role played by heat and sunlight in the chemical reaction that generates this pollutant.  
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𝑌𝑖,𝑦,𝑚,𝑡 = 𝛽1𝐺𝑖,𝑦,𝑚,𝑡 + 𝛽2𝑊𝑦,𝑚,𝑡 + 𝛿𝑖 + 𝜃𝑦 + 𝜋𝑚 + 𝜇𝑤 + 𝜆𝑡 + 𝛿𝑖 ∙ 𝜆𝑡 + 𝜀𝑖,𝑡     (2) 

 

In equation (2), we incorporate weekday variables and interaction terms of location and 

time. Figures 2.6 and 2.7 depict the levels of air pollution concentration by weekday and the 

number of ‘gers’ in Ulaanbaatar. The figures indicate that, excluding ozone, the levels of the other 

five air pollutant concentrations tend to decline sharply on weekends due to reduced industrial and 

traffic activities. Figures 2.8 and 2.9 illustrate the variations in air pollution concentration by time 

of day and ‘ger’ density. These figures reveal that, except for ozone, the pattern of air pollution 

concentration level movement is similar, while the rate of fluctuation differs according to ‘ger’ 

density. For instance, during peak hours, the concentration of SO2 in areas with high ‘ger’ density 

exceeds that in areas with low ‘ger’ density, while at the bottom line, they are lower. Consequently, 

to account for time-of-day fixed effects heterogenous by locations, interaction terms between time 

and location (e.g., location 1 * 03:00:00) are also included. 

 

 

𝑌𝑖,𝑦,𝑚,𝑡 = 𝛽1𝐺𝑖,𝑦,𝑚,𝑡 + 𝛽2𝑊𝑦,𝑚,𝑡 + 𝛽3𝑊𝑦,𝑚,𝑡
2 + 𝛿𝑖 + 𝜃𝑦 + 𝜋𝑚 + 𝜆𝑡 + 𝜇𝑤 + 𝛿 ∙ 𝜆𝑖𝑡 + 𝜀𝑖,𝑡     (3) 

 

Equation (3) extends equation (2) by introducing quadratic terms for weather variables. 

The concentration of air pollution is jointly influenced by both population growth and 

meteorological conditions. However, accounting for the effects of weather on air pollution 

concentration can be complex as these effects are unlikely to follow a linear pattern. To tackle this 
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challenge, we conducted a regression analysis of hourly air pollution concentration data on hourly 

weather data, incorporating a broad array of weather variables and their interaction terms. 

Specifically, the equation includes variables for temperature, precipitation, wind speed, wind 

direction, atmospheric pressure, and quadratic terms for these factors—temperature, wind speed, 

and precipitation—considering their potential non-linear relationship with air pollution 

concentration. 

Results 

We present the results of our fixed-effect models for six dependent variables in Table 2.5 

to 1.10. Column (1) displays the estimated results for the random-effect specification model with 

controlling meteorological variables. Column (2) reports the regression results of equation (1), 

which controls for location, year, and month fixed effects. Column (3) shows the results of 

equation (1) with the inclusion of weekday and time-of-day dummies. Column (4) presents the 

estimated results of equation (2), which includes location by time-of-day interaction terms. Finally, 

column (5) displays the results of equation (3), which includes quadratic terms for weather effects.  

A glance at the results indicates that all four fixed-effect specification models, from column 

(2) to column (5), demonstrate a consistent pattern of coefficients for PM2.5, PM10, SO2, and CO, 

indicating a statistically significant positive association with the number of ’gers’ at a 1 % level 

of significance. Conversely, the relationship between the number of ’gers’ and NO2 shows a 

statistically insignificant effect and relatively smaller magnitude of coefficients. Additionally, our 

analysis reveals a negative and statistically significant relationship between the number of ’gers’ 

and concentration of Ozone level in Ulaanbaatar, also at a 1 % level of statistical significance.  

The results of this study suggest that the number of ’gers’ has a significant positive effect 

on the average levels of PM2.5, PM10, SO2, and CO in Ulaanbaatar. Specifically, the addition of a 
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single ’ger’ within a half-mile radius from one of the 14 monitoring stations increases the average 

air pollution concentration level of Ulaanbaatar by 0.0517 µg/m³, 0.140 µg/m³, 0.0215 µg/m³, and 

0.989 µg/m³ for PM2.5, PM10, SO2, and CO, respectively, at a statistically significant level of 1%. 

However, the relationship between the number of ’gers’ and average NO2 level in Ulaanbaatar is 

statistically insignificant, indicating a negligible effect of informal settlements on this air pollutant. 

Moreover, the findings indicate that the addition of one ’ger’ within a half-mile radius from one 

of the 14 monitoring stations leads to a decrease in the average level of ozone in Ulaanbaatar by 

0.0491 µg/m³. This result is consistent with previous studies that suggest a negative association 

between population growth and density and Ozone growth (Borck & Schrauth, 2021; Cramer, 

1998).  

According to the American Cancer Society, an increase of 10 µg/m³ in PM2.5 

concentration corresponds to a 4%, 6%, and 8% increase in overall mortality, cardiopulmonary 

disease mortality, and lung cancer, respectively (Xing et al., 2016). A straightforward extrapolation 

from these findings and our own results reveals the significant health implications of additional 

'gers' in Ulaanbaatar. Our research shows that each additional 'ger' households contributes to an 

increase of 0.00517 µg/m³ in PM2.5. Consequently, every addition of 2,000 ger households can 

potentially lead to a 4%, 6%, and 8% increase in the probability of overall mortality, 

cardiopulmonary disease mortality, and lung cancer, respectively. 

In addition, research conducted in China indicates that for every 10 µg/m³ increase in PM10 

concentration, there is a 3.4% to 13.6% increase in lung cancer mortality (Zhou et al., 2017). 

Considering our own findings, where the coefficient of the relationship between PM10 

concentration and the number of 'gers' in Ulaanbaatar is 0.14 µg/m³, it can be inferred that the 
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addition of every 60 'gers' potentially leads to an increase in the probability of lung cancer 

mortality by 3.4% to 13.6%, considering the context of China. 

Given these potential health risks related to the number of 'ger' population in Ulaanbaatar, 

it is critical to consider policy implications, particularly in the context of Ulaanbaatar's ‘ger 

districts.’ Currently estimated to house 800,000 inhabitants—a 70% increase over the last 20 

years—these districts are likely to continue expanding due to ongoing rural-to-urban migration 

trends. 

Furthermore, the, the negative relationship between the number of informal settlers and 

ozone concentration does not necessarily indicate that increased ’ger’ households reduced air 

pollution concentration in Ulaanbaatar. Ozone is considered a secondary pollutant that is formed 

by chemical reactions between nitrogen oxides (NOx) and volatile organic compounds (VOC) with 

heat and sunlight. In contrast, the O3 is chemically decomposed into NO2 and Oxygen (O2) by 

photochemical reactions with Nitrogen oxides (NO) (Wang et al., 2020). For this reason, if the 

number of ‘gers’ is highly correlated with NO concentration, it is possible to decrease O3 level, 

resulting in negative causation between O3 and the number of ‘gers’ (Wang et al., 2020). Hence, 

if the number of ’gers’ is highly correlated with NO concentration, it is possible that the increase 

in ’ger’ households lead to a decrease in O3 level, resulting in negative association between O3 

and the number of ’gers’. 

 

Conclusion and Discussion 

In conclusion, this study sought to investigate the relationship between the number of 

informal settlements, referred to as ‘gers’, and air pollution, characterized by six major air 

pollutant concentrations prevalent in developing countries. Our focus was on the rapidly 
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urbanizing city of Ulaanbaatar, Mongolia. Using sophisticated deep learning techniques and high-

resolution satellite imagery, we obtained more precise and accurate data regarding the number of 

‘gers’. These traditional Mongolian dwellings, commonly inhabited by herders, were counted 

within a half-mile radius of each of the 14 monitoring stations in Ulaanbaatar. 

The findings of this research demonstrate a positive correlation between air pollution 

concentration levels and the number of ‘gers’ for PM2.5, PM10, SO2, and CO, while the effect on 

NO2 is negligible. Furthermore, we found a negative correlation between ‘ger’ population and O3. 

This study offers unique insights into the causal impact of informal settlements on air pollution in 

developing nations, thereby filling a significant gap in existing literature. The results indicate that 

an increasing number of households in slums or informal settlement areas can contribute to 

environmental degradation, thus necessitating policy interventions aimed at improving living 

conditions and health outcomes for residents, while mitigating environmental damage. 

Moreover, these findings should serve as a warning of the potential human cost of 

unplanned expansion of informal settlements in Ulaanbaatar, particularly in light of the rapid rural-

to-urban migration. It is imperative to devise and implement policies that address this emerging 

health crisis regarding the large influx of incoming migrants. There is a critical need for urban 

planning strategies that mitigate increased air pollution concentration levels attributable to ‘ger’ 

proliferation. These may include planning for cleaner energy solutions, improving infrastructure 

to reduce slum expansion, and fostering greater public awareness about the health risks associated 

with increased air pollution. 

This study contributes significantly to our understanding of the impact of slum and 

informal settlement expansion on environmental degradation and potential health implications in 

developing nations, with a particular focus on air pollution in Ulaanbaatar, Mongolia. The findings 
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provide a nuanced understanding of the phenomenon, emphasizing the importance of addressing 

the living conditions of slum dwellers, representing the health risks regarding the increased number 

of informal settlements. This study's relevance extends to policymakers, urban planners, and 

researchers, providing insights and guidance for future research and policy interventions aimed at 

creating more sustainable and livable cities in developing nations. 

In this study, we employed fixed-effect models by adding location and time dummy 

variables to control unobserved heterogeneity across the study areas and time periods. This model 

allows us to capture the effects of location-specific factors over constant time effects and those of 

time-specific factors over constant location effects. Despite our data being more robust than 

previous studies that relied on less frequent survey data at the provincial or national level, fixed-

effect models are still subject to potential omitted variable bias that may arise from time-varying 

confounding factors that are correlated with both the dependent and independent variables. 

Nevertheless, Mongolia's unique historical and political context reduces the likelihood of 

endogenous migration decisions by immigrants, thus minimizing potential omitted variable bias 

in our research. By law, immigrants from rural regions possessing portable tents have the right to 

acquire land parcels at equal prices, regardless of their proximity to urban centers in Ulaanbaatar. 

If economic opportunities were the primary driver for internal movement within Ulaanbaatar, our 

study area, households would prefer to settle closer to the city center. Moreover, the growth of 

informal settlements in Ulaanbaatar has been documented to occur progressively from the city 

center to its peripheries. Given these factors and this assumption, potential omitted variable bias 

can be minimized due to Mongolia's immigrant policy. 

However, we did not collect satellite imagery during winter due to the potential for 

measurement error and the issue of reverse causality. Image quality inconsistencies during winter, 
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caused by snow, diminish the accuracy of ‘ger’ detection, leading to measurement errors. 

Moreover, the consumption of coal and other unsuitable fuel sources intensifies during colder 

months, exacerbating air pollution concentration levels. As air pollution worsens in winter, 

Ulaanbaatar residents, who mostly live in 'ger districts', might reconsider urban living and decide 

to return to rural areas, either temporarily or permanently (Kuo, 2018). Although we used 

temperature and monthly dummies to control for seasonal effects, the potential for residual omitted 

variables and measurement errors necessitated the exclusion of winter data when estimating the 

marginal effect of an additional informal settler on average air pollution concentration levels. By 

omitting winter data, this study seeks to mitigate the risks of reverse causality and potential omitted 

variable bias, thereby enhancing the reliability and accuracy of the results. In addition, these 

considerations strengthen the internal validity of our research design and its findings. 
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<Table 2.1. Description of Sources and Health Effects of Six Air Pollutants>6 

Pollutant 

(µg/m³) 
Source Effects 

Particulate 

Matter≤2.5mg 

(PM2.5) 

• Traditional low-efficiency stoves (incomplete 

combustion) 

• Coal combustion, biomass burning, and motor 

vehicle emissions and brick industry  

• Forest fires 

• Power plant ash ponds 

• Dry ground conditions 

• PM10 Source Contribution: Soil > Road Dust > 

Combustion 

• PM2.5 Source Contribution: Combustion > Soil > 

Road Dust > Motor Vehicles > Biomass Burning 

• Annually in Mongolia, approximately 3,010 

deaths occur due to disease linked to indoor 

air pollution, and another 1,123 due to outdoor 

air pollution-related illnesses, including heart 

diseases, stroke, lung cancer, pneumonia, and 

COPD. 

 

 

• In Ulaanbaatar in 2011, outdoor air pollution 

was responsible for 29% of heat and lung 

disease deaths and 40% of lung cancer deaths. 

 

 

• The prevalence of asthma among children in 

Ulaanbaatar exceeds both global and Asia 

Pacific averages.  

 

• A study in 2011 revealed that the rate of 

spontaneous abortions was 3.6 times higher in 

December, when air pollution levels peak, 

compared to May. 

Particulate 

Matter≤10mg 

(PM10) 

Sulfur Dioxide 

(SO₂) 

• Ger stove combustion 

• Traffic and power plant emissions 

• Increase in fuel consumption requirements in cold 

weather (coal combustion) 

• Ger area sites (higher concentrations compared to 

non-ger areas) 

Nitrogen 

Dioxide (NO₂) 

• Emissions from old vehicles 

• Higher concentrations detected at roadside sites 

compared to urban sites 

Carbon 

Monoxide 

(CO) 

• Raw coal combustion for heating 

• Power plant emissions 

• Improper sealing of stoves and chimneys causes CO 

poisoning 

Ozone (O₃) 

• Secondary pollutant, formed by photochemical 

reaction between oxides of nitrogen (NOx) and 

volatile organic compounds (VOC) 

• Associated with levels of sunshine and water vapor 

• Possibly related to high traffic emission density on 

weekdays 

 
6 Dickinson-Craig, E., Bartington, S. E., Watts, R., Mandakhbayar, O., Khurelbaatar, E.-O., Ochir, C., Boldbaatar, 

D., Warburton, D., Thomas, G. N., & Pope, F. D. (2022). Carbon monoxide levels in households using coal-

briquette fuelled stoves exceed WHO air quality guidelines in Ulaanbaatar, Mongolia. International journal of 

environmental health research, 1-12. , Soyol-Erdene, T.-O., Ganbat, G., & Baldorj, B. (2021). Urban air quality 

studies in Mongolia: pollution characteristics and future research needs. Aerosol and Air Quality Research, 21(12), 

210163. , WHO. (2018). World Health Organization issues recommendations to tackle health impacts of air 

pollution in Mongolia.   
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<Table 2.2. Summary Statistics of 14 Monitoring Stations> 

Site Name 
Avg. Num 

of Gers 
Latitude Longitude 

Available AQ 

Indicators 
Data Span 

Bayankhoshuu 1248.0 N47.95756 E106.822752 PM2.5, PM10, SO₂ 
2016/05/25 - 

2019/03/13 

ub-11 1213.1 N47.9514305 E106.9040722 PM10, SO₂, NO₂ 
2016/12/23 - 

2019/12/30 

Tolgoit 1077.9 N47.922495 E106.794805 
PM2.5, PM10, SO₂, 

NO₂, CO, O₃ 

2015/08/31 - 

2019/03/13 

MNB 1018.8 N47.929732 E106.888629 
PM2.5, PM10, SO₂, 

NO₂, CO, O₃ 

2015/08/31 - 

2019/03/13 

ub-6 809.0 N47.91345 E106.972030 SO₂, NO₂ 
2017/05/23 - 

2019/12/30 

Nisekh 767.2 N47.863943 E106.779094 
PM2.5, PM10, SO₂, 

NO₂, CO, O₃ 

2015/08/31 - 

2019/03/13 

100 ail 653.1 N47.9329056 E106.9213833 
PM10, SO₂, NO₂, CO, 

O₃ 

2015/08/31 – 

2019/03/13 

Amgalan 576.5 N47.913429 E106.997907 
PM2.5, PM10, SO₂, 

NO₂, CO, O₃ 

2015/09/03 - 

2019/03/13 

ub-9 531.3 N47.9819138 E106.9405111 SO₂, NO₂ 
2016/12/24 – 

2019/11/29 

Baruun 4 zam 212.7 N47.9153833 E106.8941944 
PM2.5, PM10, SO₂, 

NO₂, CO 

2015/08/31 - 

2019/03/13 

Mongol gazar 89.3 N47.9035389 E106.8507083 PM10, SO₂, NO₂, CO 
2015/08/31 - 

2019/03/13 

Misheel expo 47.3 N47.8943389 E106.8824722 
PM10, SO₂, NO₂, CO, 

O₃ 

2015/08/31 - 

2019/03/13 

Urgakh naran 39.1 N47.8664611 E107.1180194 
PM10, SO₂, NO₂, CO, 

O₃ 

2015/09/01 - 

2019/03/13 

Bukhiin urguu 35.8 N47.9176056 E106.9373611 
PM2.5, PM10, SO₂, 

NO₂, CO, O₃ 

2015/08/31 - 

2019/03/13 
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<Table 2.3. Summary Statistics of Six Air Pollutants by Year and Population Densities> 

 Full sample high density areas low density areas Difference 

(Low)-(High) 

 

 

PM2.5 

    

2015 (N= 2304) 27.94 

(9.06) 

28.57 

(9.05) 

24.20 

(9.10) 

-4.37*** 

2016 (N= 35042) 87.48 

(7.76) 

96.83 

(7.37) 

68.21 

(8.57) 

-28.62*** 

2017 (N= 39720) 89.12 

(5.58) 

111.21 

(5.73) 

60.15 

(5.38) 

-51.07*** 

2018 (N= 25093) 54.88 

(5.39) 

58.77 

(5.36) 

48.07 

(5.44) 

-10.69*** 

2019 (N= 11008) 149.35 

(1.80) 

172.13 

(1.79) 

118.23 

(1.80) 

-53.90*** 

 

 

PM10 

    

2015 (N= 2309) 108.37 

(9.06) 

110.73 

(9.05) 

94.20 

(9.10) 

-16.54** 

2016 (N= 49707) 140.99 

(8.10) 

169.46 

(7.67) 

109.20 

(8.57) 

-60.26*** 

2017 (N= 60249) 140.32 

(5.44) 

172.67 

(5.66) 

112.84 

(5.26) 

-59.83*** 

2018 (N= 34243) 113.78 

(5.39) 

116.28 

(5.43) 

110.51 

(5.34) 

-5.77*** 

2019 (N= 17374) 175.93 

(1.79) 

199.08 

(1.78) 

156.78 

(1.80) 

-42.30*** 

 

SO2 

    

2015 (N= 2317) 11.39 

(9.06) 

10.08 

(9.05) 

19.05 

(9.10) 

8.97*** 

2016 (N= 47995) 38.31 

(7.95) 

41.43 

(7.70) 

34.41 

(8.25) 

-7.02*** 

2017 (N= 55016) 32.90 

(5.46) 

39.19 

(5.48) 

26.99 

(5.44) 

-12.20*** 

2018 (N= 28628) 16.36 

(5.54) 

15.26 

(5.94) 

17.53 

(5.11) 

2.27*** 

2019 (N= 17537) 35.95 

(1.84) 

46.73 

(1.89) 

26.84 

(1.80) 

-19.89*** 

 

NO2 

    

2015 (N= 2285) 18.23 

(9.06) 

17.02 

(9.05) 

25.99 

(9.10) 

8.97*** 

2016 (N= 43611) 40.52 

(7.91) 

30.73 

(7.43) 

52.48 

(8.48) 

21.75*** 

2017 (N= 49917) 47.84 

(5.44) 

33.68 

(5.66) 

59.85 

(5.25) 

26.17*** 
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2018 (N= 30491) 36.65 

(5.41) 

26.06 

(5.44) 

47.56 

(5.37) 

21.50*** 

2019 (N= 11954) 39.13 

(1.95) 

27.85 

(2.19) 

45.31 

(1.82) 

17.45*** 

     

CO     

2015 (N= 2982) 529.97 

(9.05) 

459.48 

(9.05) 

669.05 

(9.06) 

209.57*** 

2016 (N= 40857) 1173.01 

(7.22) 

1353.68 

(7.38) 

958.68 

(7.02) 

-395.00*** 

2017 (N= 42541) 1315.39 

(5.86) 

1556.41 

(5.67) 

1036.80 

(6.09) 

-519.61*** 

2018 (N= 27636) 993.64 

(5.04) 

1104.70 

(4.87) 

882.70 

(5.20) 

-222.00*** 

2019 (N= 8490) 1142.06 

(1.73) 

1854.70 

(1.59) 

818.34 

(1.79) 

-1036.36*** 

 

O3 

    

2015 (N= 3004) 35.17 

(9.05) 

35.49 

(9.05) 

34.57 

(9.06) 

-0.92 

2016 (N= 39641) 33.24 

(7.35) 

36.35 

(7.59) 

29.41 

(7.05) 

-6.94*** 

2017 (N= 37619) 35.31 

(5.41) 

39.53 

(5.43) 

29.42 

(5.38) 

-10.11*** 

2018 (N= 22247) 27.98 

(5.39) 

33.96 

(5.44) 

19.37 

(5.31) 

-14.59*** 

2019 (N= 7737) 13.46 

(1.75) 

20.31 

(1.76) 

9.02 

(1.75) 

-11.29*** 
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<Table 2.4. Pairwise Correlation Matrix> 
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<Table 2.5. Linear Regression Analysis: PM2.5 (N = 21890) > 

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

      

# Gers 0.0139*** 0.0515*** 0.0510*** 0.0510*** 0.0517*** 

 (0.000547) (0.00791) (0.00760) (0.00744) (0.00742) 

      

Temperature -1.686*** -0.196*** -0.277*** -0.291*** -0.626*** 

 (0.0392) (0.0500) (0.0589) (0.0577) (0.0754) 

      

Precipitation -7.759*** -5.133*** -4.881*** -5.144*** -11.03*** 

 (0.996) (0.915) (0.888) (0.871) (1.572) 

      

Pressure -0.577*** -0.438*** -0.490*** -0.492*** -15.02** 

 (0.0406) (0.0400) (0.0403) (0.0395) (4.664) 

      

Wind 

Direction 

-0.00259 -0.00518* -0.00923*** -0.00915*** 0.00240 

 (0.00253) (0.00233) (0.00228) (0.00224) (0.00998) 

      

Wind Speed -0.605*** -0.404*** -0.470*** -0.476*** -0.748*** 

 (0.0342) (0.0326) (0.0355) (0.0348) (0.0958) 

      

Temperature2     0.0193*** 

     (0.00277) 

      

Precipitation2     2.375*** 

     (0.495) 

      

Pressure2     0.00711** 

     (0.00230) 

      

Wind 

Direction2 

    -0.0000292 

     (0.0000242) 

      

Windspeed2     0.00728** 

     (0.00262) 

      

Constant 628.8*** 452.2*** 516.4*** 518.1*** 7939.9*** 

 (41.45) (41.29) (41.70) (40.86) (2367.8) 

Location NO YES YES YES YES 

Year, Month NO YES YES YES YES 

Weekday/Daytime NO NO YES YES YES 

Location*Time NO NO NO YES YES 

Weather Term2 NO NO NO NO YES 

R2  0.273 0.329 0.357 0.362 

t statistics in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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< Table 2.6. Linear Regression Analysis: PM10 (N = 30794) > 

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

      

# Gers 0.137*** 0.125*** 0.146*** 0.143*** 0.140*** 

 (0.0100) (0.0195) (0.0187) (0.0183) (0.0183) 

      

Temperature -3.569*** -1.183*** 1.612*** 1.534*** 1.105*** 

 (0.0864) (0.117) (0.136) (0.133) (0.171) 

      

Precipitation -23.85*** -16.22*** -11.89*** -12.04*** -22.00*** 

 (2.277) (2.230) (2.162) (2.116) (3.785) 

      

Pressure -2.899*** -2.573*** -1.617*** -1.666*** -60.86*** 

 (0.0888) (0.0927) (0.0931) (0.0911) (10.49) 

      

Wind 

Direction 

-0.0548*** -0.0481*** -0.0188*** -0.0177*** -0.0169 

 (0.00561) (0.00550) (0.00538) (0.00526) (0.0235) 

      

Wind Speed -1.141*** -1.193*** 0.0899 0.0490 -0.843*** 

 (0.0752) (0.0760) (0.0824) (0.0807) (0.224) 

      

Temperature2     0.0273*** 

     (0.00632) 

      

Precipitation2     4.167*** 

     (1.211) 

      

Pressure2     0.0290*** 

     (0.00516) 

      

Wind 

Direction2 

    -0.000000936 

     (0.0000568) 

      

Windspeed2     0.0243*** 

     (0.00613) 

      

Constant 3023.3*** 2682.4*** 1688.4*** 1741.0*** 31911.6*** 

 (91.18) (95.50) (96.18) (94.09) (5329.1) 

Location NO YES YES YES YES 

Year, Month NO YES YES YES YES 

Weekday/Daytime NO NO YES YES YES 

Location*Time NO NO NO YES YES 

Weather Term2 NO NO NO NO YES 

R2 
 0.132 0.202 0.238 0.242 

t statistics in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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< Table 2.7. Linear Regression Analysis: SO2 (N = 28735) > 

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

      

# Gers 0.0331*** 0.0206*** 0.0208*** 0.0214*** 0.0215*** 

 (0.00185) (0.00282) (0.00277) (0.00275) (0.00274) 

      

Temperature -0.825*** -0.153*** -0.0959*** -0.0940*** -0.180*** 

 (0.0144) (0.0184) (0.0219) (0.0218) (0.0286) 

      

Precipitation -2.628*** -1.392*** -1.730*** -1.674*** -3.876*** 

 (0.371) (0.349) (0.347) (0.344) (0.614) 

      

Pressure -0.437*** -0.353*** -0.326*** -0.323*** 5.582** 

 (0.0146) (0.0146) (0.0151) (0.0150) (1.730) 

      

Wind 

Direction 

0.00104 0.000337 -0.000252 -0.000318 0.0343*** 

 (0.000927) (0.000872) (0.000874) (0.000868) (0.00383) 

      

Wind Speed -0.189*** -0.137*** -0.0816*** -0.0830*** -0.304*** 

 (0.0123) (0.0120) (0.0133) (0.0133) (0.0364) 

      

Temperature2     0.00481*** 

     (0.00106) 

      

Precipitation2     0.931*** 

     (0.196) 

      

Pressure2     -0.00291*** 

     (0.000852) 

      

Wind 

Direction2 

    -0.0000843*** 

     (0.00000927) 

      

Windspeed2     0.00717*** 

     (0.000988) 

      

Constant 443.7*** 361.9*** 331.4*** 328.6*** -2672.3** 

 (15.09) (15.01) (15.53) (15.42) (878.3) 

Location NO YES YES YES YES 

Year, Month NO YES YES YES YES 

Weekday/Daytime NO NO YES YES YES 

Location*Time NO NO NO YES YES 

Weather Term2 NO NO NO NO YES 

R2  0.259 0.284 0.297 0.301 

t statistics in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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< Table 2.8. Linear Regression Analysis: NO2 (N = 26312) > 

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

      

# Gers 0.000409 -0.00171 0.000183 0.000371 0.000705 

 (0.00305) (0.00362) (0.00338) (0.00328) (0.00327) 

      

Temperature -0.558*** 0.136*** 0.470*** 0.463*** 0.405*** 

 (0.0182) (0.0233) (0.0265) (0.0258) (0.0338) 

      

Precipitation -3.578*** -2.989*** -2.126*** -2.008*** -2.523*** 

 (0.463) (0.437) (0.412) (0.400) (0.723) 

      

Pressure -0.303*** -0.337*** -0.233*** -0.237*** 0.525 

 (0.0184) (0.0185) (0.0180) (0.0175) (2.044) 

      

Wind 

Direction 

-0.00915*** -0.00838*** -0.00651*** -0.00593*** 0.0355*** 

 (0.00117) (0.00111) (0.00105) (0.00102) (0.00455) 

      

Wind Speed -0.354*** -0.298*** -0.165*** -0.175*** -0.418*** 

 (0.0157) (0.0153) (0.0162) (0.0157) (0.0430) 

      

Temperature2     0.00349** 

     (0.00124) 

      

Precipitation2     0.272 

     (0.224) 

      

Pressure2     -0.000372 

     (0.00101) 

      

Wind 

Direction2 

    -0.000101*** 

     (0.0000110) 

      

Windspeed2     0.00790*** 

     (0.00117) 

      

Constant 345.4*** 378.7*** 275.5*** 279.3*** -113.6 

 (19.97) (18.96) (18.57) (18.05) (1037.5) 

Location NO YES YES YES YES 

Year, Month NO YES YES YES YES 

Weekday/Daytime NO NO YES YES YES 

Location*Time NO NO NO YES YES 

Weather Term2 NO NO NO NO YES 

R2 
 0.191 0.297 0.338 0.342 

t statistics in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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< Table 2.9. Linear Regression Analysis: CO (N = 23389)> 

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

      

# Gers 0.708*** 0.977*** 0.927*** 0.975*** 0.989*** 

 (0.0866) (0.130) (0.124) (0.123) (0.123) 

      

Temperature -23.65*** -0.445 -7.430*** -7.400*** 1.070 

 (0.641) (0.818) (0.950) (0.940) (1.237) 

      

Precipitation -73.73*** -50.44** -45.60** -43.94** -105.4*** 

 (17.16) (15.89) (15.30) (15.15) (26.71) 

      

Pressure -5.328*** -4.503*** -7.645*** -7.608*** -122.2 

 (0.654) (0.649) (0.648) (0.641) (74.22) 

      

Wind 

Direction 

-0.133** -0.123** -0.231*** -0.225*** 0.116 

 (0.0417) (0.0387) (0.0376) (0.0372) (0.166) 

      

Wind Speed -9.489*** -5.908*** -10.51*** -10.42*** -12.04*** 

 (0.560) (0.535) (0.581) (0.576) (1.578) 

      

Temperature2     -0.486*** 

     (0.0455) 

      

Precipitation2     22.83** 

     (8.743) 

      

Pressure2     0.0573 

     (0.0366) 

      

Wind 

Direction2 

    -0.000810* 

     (0.000402) 

      

Windspeed2     0.0793 

     (0.0430) 

      

Constant 6007.5*** 4859.8*** 8350.5*** 8281.1*** 65443.5 

 (671.6) (664.6) (665.2) (657.9) (37675.9) 

Location NO YES YES YES YES 

Year, Month NO YES YES YES YES 

Weekday/Daytime NO NO YES YES YES 

Location*Time NO NO NO YES YES 

Weather Term2 NO NO NO NO YES 

R2 
 0.257 0.325 0.342 0.347 

t statistics in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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< Table 2.10. Linear Regression Analysis: O3 (N = 20105)> 

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

      

# Gers -0.0118** -0.0518*** -0.0462*** -0.0469*** -0.0491*** 

 (0.00438) (0.00506) (0.00452) (0.00435) (0.00434) 

      

Temperature 0.0550* -0.689*** -0.116** -0.110** -0.436*** 

 (0.0278) (0.0336) (0.0367) (0.0354) (0.0468) 

      

Precipitation -1.400* 0.562 0.700 0.489 6.090*** 

 (0.669) (0.600) (0.542) (0.522) (0.961) 

      

Pressure -0.305*** -0.117*** 0.132*** 0.121*** 2.766 

 (0.0280) (0.0269) (0.0252) (0.0243) (2.838) 

      

Wind 

Direction 

-0.0263*** -0.0179*** -0.0111*** -0.0111*** -0.0168** 

 (0.00179) (0.00161) (0.00146) (0.00141) (0.00626) 

      

Wind Speed 0.336*** 0.00450 0.353*** 0.349*** 0.257*** 

 (0.0237) (0.0219) (0.0223) (0.0215) (0.0588) 

      

Temperature2     0.0199*** 

     (0.00176) 

      

Precipitation2     -1.930*** 

     (0.287) 

      

Pressure2     -0.00133 

     (0.00140) 

      

Wind 

Direction2 

    0.0000139 

     (0.0000151) 

      

Windspeed2     0.00167 

     (0.00158) 

      

Constant 349.0*** 212.4*** -60.97* -48.85 -1358.6 

 (30.22) (27.59) (25.91) (24.98) (1440.5) 

Location NO YES YES YES YES 

Year, Month NO YES YES YES YES 

Weekday/Daytime NO NO YES YES YES 

Location*Time NO NO NO YES YES 

Weather Term2 NO NO NO NO YES 

R2 
 0.242 0.397 0.441 0.447 

t statistics in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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<Figure 2.1. Study Area: Ulaanbaatar and 14 Monitoring Stations > 

 

 

 

< Figure 2.2. The Growth of Ulaanbaatar from 1990 to 20157> 

 

 
7 This figure indicates the urban growth in Ulaanbaatar from 1990 to 2015. Adapted from Park, H., Fan, P., John, R., Ouyang, Z., & Chen, J. 

(2019). Spatiotemporal changes of informal settlements: Ger districts in Ulaanbaatar, Mongolia. Landscape and urban planning, 191, 103630.  
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<Figure 2.3. Deep Learning Results Sample: Detected ‘Gers’ in UB > 
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<Fig 2.4. Air Pollution Trends by Month> 
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< Fig 2.5. Air Pollution Trends by Month and Density of Informal Settlements > 
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< Fig 2.6. Air Pollution Trends by Weekday > 
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< Fig 2.7. Air Pollution Trends by Weekday and Density of Informal Settlements > 
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< Fig 2.8. Air Pollution Trends by Daytime > 
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< Fig 2.9. Air Pollution Trends by Daytime and Density of Informal Settlements > 
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CHAPTER 3 

THE IMPACT OF IMMIGRATION ON EDUCATION ATTAINMENT OF URBAN YOUTH 

IN DEVELOPING COUNTRIES: THE CASE OF MONGOLIA8 

8 Yoon, T., and Filipski, M. To be submitted to Development Economics 
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Abstract 

This chapter delves into the educational impacts of substantial internal migration from 

rural to urban areas. It raises concerns about potential negative effects on educational outcomes 

and human capital accumulation in the receiving communities in urban areas. While previous 

research suggests negative impacts on the education of native students, our work introduces a 

discourse arguing that this migration could encourage a higher pursuit of education among native 

individuals. This could be due to changes in the labor market following the immigration of low-

skilled rural workers. This study used repeated cross-sectional data from the Mongolia Labor 

Force Survey (MLFS) spanning 2010 to 2018 to analyze the causal relationship between the 

immigration rate in urban areas and the likelihood of native youth completing secondary 

education. As an additional check for robustness, we incorporated historical weather data in 

instrumental variable identification. We hypothesized that lower precipitation levels significantly 

contribute to driving the rural population towards urban areas for survival and economic 

opportunities, by applying a Two-Stage Residual Inclusion (2SRI) specification. Our empirical 

findings show that whether we consider the total migration rate or the exclusive rural-to-urban 

migration rate as the independent variable, both yield significant and positive results for 

educational attainment. These results show a motivational trend among the local younger 

generation in urban areas, aged between 21 and 30, to pursue further education, particularly 

general secondary education as opposed to technical or vocational certification. 
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Introduction 

In recent decades, there has been a growing focus on internal migration, which refers to the 

movement of individuals or households within a country's borders, typically from rural to urban 

areas, and is more pronounced among developing countries. Additionally, it is important to note 

that internal migration represents a much larger volume of migration compared to international 

migration, estimated to be three to four times greater (Lucas, 2015; Selod & Shilpi, 2021). In terms 

of pull and push factors, developing countries are experiencing rapid urbanization due to both 

voluntary migration in search of economic opportunities and involuntary migration, forced 

displacement from rural areas resulting from intensifying climate change and violent conflicts. As 

a result, these demographic changes in urban areas of developing countries have raised concerns 

among both local residents and policymakers regarding socio-economic impacts.  

The growing influx of migrants from less developed to more developed regions, whether 

on an international or internal scale, raises concerns about the educational performance of native 

students. This issue has gained significant attention from both host communities and policy 

makers, particularly in light of the potential negative effects of immigration. Notably, education is 

a vital component in the process of long-term human capital accumulation and economic growth 

in developing nations. In response, there has been a significant accumulation of research over the 

past few decades probing into the correlation between the prevalence of immigrant concentration 

and the educational achievement of local students. 

Previous studies primarily aimed to examine the impact of immigrants flowing from less 

developed areas, typically marked by inadequate educational infrastructure, into more urbanized 

regions. In particular, there are concerns that a significant portion of immigrant students in a 

classroom could alter the class composition, which is considered a public asset, and subsequently 
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affect the learning and behavior of local students (Lazear, 2001; Wang et al., 2018). For instance, 

when students from rural areas move to urban areas and they are less educated compared to native 

students, even if they share the same language, teachers may adjust their teaching approach to 

accommodate these immigrant students. This, in turn, could limit teachers' ability to give 

individualized attention to each student in a large class, leading to a reduction in the overall 

educational inputs received by students. 

There is a vast number of studies examining the impact of increased rates of immigrant 

concentration on native students' access to education and school performance. These studies 

support Lazear (2001) hypothesis that higher immigrant concentration can negatively impact 

native students (Betts, 1998; Betts & Lofstrom, 2000; Borjas, 2004; Brunello & Rocco, 2013; 

Farre et al., 2018; Gould et al., 2009; Hoxby, 1998; Jensen & Rasmussen, 2011). Additionally, 

some studies, such as Betts and Fairlie (2003), Farre et al. (2018), and Murray (2016), provide 

empirical evidence to explain that some native parents may respond to the presence of immigrant 

students by choosing to enroll their children in private schools in search of better educational 

quality. 

Although there is limited research on the impact of immigrant peers on native students in 

the context of developing countries, the available literature found results align with findings from 

studies conducted in developed country settings (Contreras & Gallardo, 2022; Padilla-Romo & 

Peluffo, 2023; Tumen, 2018). Empirical evidence from developing countries indicates that the 

presence of immigrant students, predominantly from rural regions or other countries undergoing 

conflicts and violence, can have detrimental has the potential to lower educational quality and 

decrease returns on investments in schooling. This may discourage native students from pursuing 

higher education degrees, representing crowd-out effect (Hunt, 2017).  
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However, it is too early to conclude that immigrant households have a negative impact on 

educational attainment and human capital accumulation in host communities. The decision of 

native students to invest more in education is influenced not only by the educational resources but 

also by the dynamics of the labor market. Changes in wage and employment probability structures 

for native workers, affected by the influx of lower-skilled immigrant labor from less developed 

regions, may serve as a push factor for native youth to pursue higher education instead of taking 

low-skilled jobs. 

For instance, when there is a large influx of low-skilled immigrant workers and assuming 

that laborers cannot move across states smoothly, the average wages among low-skilled natives 

with similar skills to immigrant workers decrease. Meanwhile, some wage-sensitive low-skilled 

workers may choose unemployment rather than accepting lower wages in an imperfectly inelastic 

labor market (Sarzin, 2021; Dustmann, Glitz, & Frattini, 2008, Schonberg, & Stuhler, 2016). 

Furthermore, the negative impact of immigration on wages and unemployment is not 

homogeneous across different skill groups9 (Borjas, 2003; Ottaviano & Peri, 2012). The increased 

proportion of low-skilled labor in the host labor market is likely to reduce the relative low-skilled 

wage to high-skilled wage, decrease the marginal productivity of low-skilled labor, and increase 

the marginal productivity of high-skilled labor, assuming that low-skilled and high-skilled labor 

are complementary inputs (Borjas, 2003; Borjas, 2017; Dustmann et al., 2008; Dustmann et al., 

2016; Edo, 2019; Ottaviano & Peri, 2012; Peri, 2016; Sarzin, 2021; Verme & Schuettler, 2021). 

The relative proportion of low-skilled workers to high-skilled workers increases in host 

communities, leading to a decrease in wages for low-skilled native workers and a rise in wages for 

the high-skilled labor group. The reduced return for the low-skilled labor group, which competes 

 
9 In general, skills in the labor market can refer to an individual’s educational attainment, occupation, and other 

abilities, such as their proficiency in performing manual or analytical tasks.  



 

56 

mainly with less-educated native youth, and the increased return for the high-skilled labor group 

incentivize native students to enroll in higher education (Betts, 1998; Hunt, 2017; Tumen, 2021). 

As a result, increased competition in the labor market, with reduced wages and employment 

probabilities, could encourage native youth to enroll in higher education services. 

There is extensive empirical evidence on the effects of larger inflows of immigration, 

particularly low-skilled labor from developing countries, on the labor markets of developed 

countries. The authors argue that a mass influx of immigration has an adverse impact on specific 

skills groups, mainly comparable to low-skilled migrant (Altonji & Card, 1991; Angrist & Kugler, 

2003; Boustan et al., 2010; Card, 1990, 2005; Carrington & De Lima, 1996; Friedberg, 2001; 

Friedberg & Hunt, 2018; Hanson, 2009; Hunt, 1992; Kugler & Kugler, 2009; LaLonde & Topel, 

1991; Lemos & Portes, 2014; Longhi et al., 2005; McIntosh, 2008; Pischke & Velling, 1997; 

Schoeni, 1997; Suen, 2000). In a similar vein, empirical results from the contexts of internal 

migration and migration between developing countries show a significantly negative relationship 

between immigration and the labor market of host communities (El Badaoui et al., 2017; Kleemans 

& Magruder, 2018; Strobl & Valfort, 2015).  

Therefore, two interrelated factors can significantly influence the educational investment 

decisions of indigenous populations: the education market and the labor market. The interplay 

between these markets shapes the choices of the native population regarding further investment in 

education. The effect of migration to urban areas is significant but under-researched, lacking 

consensus, particularly with the surge in internal migration trends in developing countries. 

Recognizing the importance of human capital accumulation for economic growth, this study 

evaluates the effects of immigration rates in 22 urban areas of Mongolia on the likelihood of 

secondary education completion among indigenous students.  
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To achieve this, we utilized fixed-effect logistic regression analysis using data from the 

Mongolia Labor Force Survey (MLFS), which provides repeated cross-sectional information. As 

a robustness check, and to account for potential remaining endogeneity concerns regarding the 

correlation between educational decisions and urban immigration rate, we performed an 

instrumental variable analysis. We adopted an empirical approach used in previous studies 

(Boustan et al., 2010; Kleemans & Magruder, 2018; Munshi, 2003; Strobl & Valfort, 2015), using 

weather shocks, specifically regional level lagged rainfall variables, as an instrumental variable.  

Our study found a positive correlation between immigration rate and completion of general 

secondary education among urban youth. Specifically, a 1% rise in immigration rates corresponded 

to a 1% to 2.5% increased likelihood of general secondary education completion, considering 

different specifications with individual, household, and province-level control variables. However, 

a slightly negative correlation, albeit statistically insignificant, was observed when outcome 

variable includes technical/vocational certification or diplomas as a secondary education. 

The first stage of the Two-Stage Residual Inclusion (2SRI) procedure indicated a negative 

associate between previous years’ precipitation levels and immigration rate of reference years, 

consistent with our hypothesis. The second stage confirmed the positive correlation between 

immigration rates and general secondary education completion but was statistically significant 

when we consider rural-to-urban immigration as an independent variable. 

The structure of this paper is as follows: Section 1 offers the introduction. Section 2 

furnishes a background of the study areas, and Section 3 proposes a conceptual framework 

exploring the causal relationship between educational outcomes and incoming migration. Section 

4 reviews the previous literature, and Section 5 provides a description of the utilized data and the 

control variables. The empirical strategies and results are presented in Section 6. Furthermore, 
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Section 7 details the instrumental variable identification and the results from the Two-Stage 

Residual Inclusion (2SRI) estimate. Finally, Section 8 concludes the paper, discussing potential 

avenues for future research. 

 

Background and Study Area 

Mongolia has a long history of reliance on herding in rural areas. However, in recent times, 

approximately 70% of Mongolia's population now resides in urban areas, which is one of the 

highest urbanization rates among developing countries10 (Dore & Nagpal, 2006; Xu et al., 2021). 

The country has undergone a significant increase in urbanization over the last few decades. The 

political and economic transition, along with weather-related losses in pastoral areas, have been 

major drivers of migration from rural to urban areas, acting as both push and pull factors (Cui et 

al., 2019; Mayer, 2016).  

At the beginning of the 1990s, as shown in Figure 3.1, Mongolia experienced a decrease 

in urbanization due to economic difficulties in urban areas, as the government was unable to 

provide support during the post-Soviet Union transition period. However, the emergence of 

economic opportunities in urban areas in the mid-1990s resulted in a rapid increase in migration 

from rural to urban areas (Fernandez‐Gimenez & Batbuyan, 2004; Gioli et al., 2014; Park et al., 

2017; Sneath, 2006; Xu et al., 2021). Furthermore, climate change has increased the frequency 

and intensity of extreme weather phenomena, which has directly driven more migration from 

rural to urban areas. For instance, the "dzud," a Mongolian term for a harsh winter following a 

dry summer, which occurred in 2009-2010, led to the loss of 20% of Mongolia's entire livestock 

population. The combination of heavy snowfall, cold waves, and summer drought during this 

 
10 Average urbanization rate in Asia is 50% ADB. (2018). Mongolia: Urban Sector Fact Sheet. Asian Development Bank. 

https://www.adb.org/publications/mongolia-urban-sector-fact-sheet  
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weather event caused a shortage of hay for winter and exacerbated the economic hardship of 

herders, leading to increased migration to urban areas (Chatty & Sternberg, 2015; Du et al., 

2018; Mayer, 2016; Tugjamba et al., 2021; Xu et al., 2021). 

Regarding the skill groups in urban labor market, immigrants from rural areas in 

Mongolia are often categorized as low-skilled laborers. Following Mongolia’s transition to a 

market economy in the early 1990s, there has been a decline in the quality of boarding schools 

that primarily serve students from herder households. This decline can be attributed to the policy 

change implemented during this period. An illustrative example is the increase in school dropout 

rates and decrease in enrollment rates observed in 1995. These changes were primarily a 

consequence of heightened dormitory fees, which were imposed due to a lack of government 

financing (Batkhuyag & Dondogdulam, 2019; MECSS, 2015). Batkhuyag and Dondogdulam 

(2019) highlights that as a result of the aforementioned changes, the 2017 National Quality 

Assessment Survey in Mongolia revealed significant disparities in academic performance 

between rural and urban students at the primary level. Specifically, children from herder families 

scored 15% lower in mathematics compared to their urban counterparts. This disparity 

underscores the lower educational achievements of rural immigrant students in comparison to 

those from urban areas. Furthermore, since the majority of rural immigrants have backgrounds in 

agriculture, they are unlikely to fill the position of highly skilled laborers in urban settings. 

Consequently, migration tends to have a more adverse impact on the employment and wage 

proposed of low-skilled labelers in urban areas, where less-educated youth may also be seeking 

employment opportunities. 
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Conceptual Framework 

The substantial influx of immigrant students from less developed regions can have a 

significant impact on the demand for education in host communities. If the supply of secondary 

educational resources is not perfectly elastic, this increased demand can potentially give rise to 

both direct and indirect costs, leading to negative peer effects. One direct cost is the increased 

demand for education brought about my immigration, which can lead to rising expenses such as 

tuition fees and dormitory charges. Additionally, there are indirect costs associated with reduced 

teaching quality and negative externalities resulting from the presence of immigrant students. This 

can potentially lead to the displacement of native students from secondary educational institutions, 

a phenomenon referred to as the crowd-out effect in the education market. 

Nevertheless, it is important to consider that the increased presence of immigrant workers 

with low skill level can potentially result in a decrease in the relative wages of low-skilled workers 

to that of high-skilled workers. These dynamics could significantly encourage native students to 

aspire for wages associated with higher-skilled or educated labor roles, steering clear from the 

decreased wages of low-skilled work. Consequently, this can promote their educational 

attainments, exemplifying a crowd-in effect. As such, when considering the marginal benefits 

associated with secondary education for native students, it is crucial to consider the wages earned 

by skilled workers who have attained higher levels of education. On the other hand, the marginal 

costs of pursuing secondary education encompass both the direct expenses of education and the 

opportunity costs associated with lower wages typically earned by individuals with low skills. 

The decision to invest in secondary education is determined by the trade-off between the 

marginal benefits of acquiring further education (crowd-in effect) and the marginal cost associated 

with pursuing additional years of schooling (crowd-out effect). When the marginal benefit of 
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obtaining secondary education outweighs the marginal cost, individuals are more likely to choose 

to invest in higher levels of education. Conversely, if the marginal cost of pursuing secondary 

education surpasses the marginal benefits, individuals may opt not to pursue further schooling. 

The crowd-in and crowd-out effects arising from the influx of migrant students and low-

skilled workers are profoundly reliant on the secondary education resources and labor market 

dynamics within host communities. Consequently, the magnitude of these effects relies on the 

demand and supply elasticities present in the labor and secondary education markets, which dictate 

how wages and the expenses associated with higher education are impacted by increased 

immigrant concentration (Jackson, 2015). 

Jackson (2015) posits that, in equilibrium, the variable β indicates the sensitivity of native 

enrollment demand to inflows of relatively unskilled immigrant labor, while α denotes the 

responsiveness of native enrollment demand to the arrival of immigrant students. 

 

𝛽 = (−𝜖𝑤𝐿)(𝜂𝑁) + (−𝜖𝑓𝐿)(𝜙𝑁) ∈ [0, ∞)   [Crowd-in] (1) 

𝛼 = (−𝜖𝑤𝐸)(𝜂𝑁) + (−𝜖𝑓𝐸)(𝜙𝑁) ∈ [−1, 0]   [Crowd-out] (2) 

  

𝜂𝑁: Secondary education demand elasticities of native students for relative unskilled wage 

𝜙𝑁: Secondary education demands elasticities of native students for cost of secondary education. 

𝜖𝑤𝐿: Relative low-skilled group wage elasticities to increased share of low-skilled immigrant labor. 

𝜖𝑓𝐿: Cost of secondary education elasticities increased share of low-skilled immigrant labor. 

𝜖𝑤𝐸: Relative low-skilled group wages elasticities to increased share of immigrant students. 

𝜖𝑓𝐸: Cost of secondary education elasticities to increased share of immigrant students. 
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The comparison of the magnitudes of |𝛼|  and |𝛽| reveals the impact of immigration on the 

secondary education investment decision in host communities. If |𝛼| is greater than and |𝛽|, this 

suggests that a large influx of immigration has a negative effect on secondary education 

investment. On the other hand, if |𝛼|  is less than and |𝛽|, it represents a positive relationship 

between the secondary education completion rate and immigrant concentration in host 

communities (Jackson, 2015).  

Figure 3.2 delineates two distinct market conditions: one for the education market and the 

other for the labor market. Sections (A) and (B) illustrate the effects of a demand shock in the 

educational resource market. Diagram (A) signifies a scenario with a perfectly inelastic supply of 

educational resources, while diagram (B) reflects a scenario with a perfectly elastic supply of 

educational resources. In contrast, diagram (C) and (D) detail the dynamics of relative wage 

reduction for low-skilled labor compared to high-skilled labor in two labor market scenarios: one 

with perfectly inelastic labor demand (C) and another with perfectly elastic labor demand (D). 

Considering the various elasticity conditions of labor market demand and educational 

resource supply, several scenarios determine the lower and upper bounds of 𝛽 and 𝛼. If we assume 

that labor cannot readily relocate to other labor markets in different states, the lower bound of 𝛽 

occurs when the supply of educational resources is perfectly inelastic, as illustrated in Figure 3.2, 

diagram (A), indicating no crowd-in effect from the labor market. Conversely, the upper bound of 

𝛽 is represented when labor demand is perfectly inelastic, as in diagram (C), and the educational 

resource supply is perfectly elastic, as in diagram (B). 

In terms of the response of local students to an increase in the number of immigrant 

students, 𝛼 approaches its upper bound when both the supply of educational resources and the 

local labor demand are perfectly elastic, as demonstrated in diagrams (B) and (D). Lastly, when 
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the supply of educational resources is perfectly inelastic, as depicted in diagram (A), 𝛼 reaches its 

lower bound of -1 (Jackson, 2015).  

However, it is important to note that 𝛽 and 𝛼 are determined by the sensitivities of the labor 

market and secondary education supply to immigrant labor and students, respectively. Thus, 

differences in the characteristics of the labor market and educational supply can result in varying 

outcomes. Therefore, it would not be appropriate to generalize empirical evidence from developed 

countries to the developing world. 

First, in developing countries, the labor market is not as well-integrated as it is in developed 

countries, and there is a high proportion of informal and unregulated sectors with low-skilled 

workers. This can lead to a depression in local wages and employment opportunities for native 

workers, as immigrant workers are able to take jobs in these unregulated sectors and work for 

lower wages. In addition, the exclusion of the informal sector from minimum wage regulations 

exacerbates the downward pressure on wages. Furthermore, the constrained capacity of labor 

markets in developing nations to adapt to labor supply shocks driven by a substantial influx of 

immigrants can intensify the consequences experienced by indigenous workers. 

Second, the cost of internal migration, which is the most common migration pattern in the 

developing world, is lower compared to international migration, and those who migrate internally 

do not face language barriers or legal constraints. This makes it easier for immigrant households 

to integrate into the local labor market and potentially increases competition with native workers, 

contributing to negative effects on the labor market for natives (Bryant & Rukumnuaykit, 2013; 

Calderón-Mejía & Ibáñez, 2016; Kleemans & Magruder, 2018; Selod & Shilpi, 2021).  

Moreover, the impact of reduced schooling resource distribution, which generally plays a 

role in the crowding-out effect, on educational decision-making in developing countries may differ 
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from that in developed countries due to differences in their educational market characteristics. For 

instance, among higher-income countries, the quality of school instruction and student 

performance play a crucial role in gaining entry to higher education, such as a bachelor's or 

graduate degree. However, in developing countries, the influx of less-educated immigrant students 

may actually make it easier for native students to obtain a secondary education diploma, potentially 

leading to an increase in the number of native students who complete secondary education (Hunt, 

2017).  

  

Literature Review 

While the research on the impact of immigration on human capital investment and 

educational outcomes in developing countries is limited, there is a modest body of literature that 

has explored this topic, primarily focusing on developed countries such as the United States. These 

studies have examined the effects of immigration on educational investment choices, taking into 

account both the crowd-out effect and the crowd-in effect. 

Betts (1998) examines the relationship between state-level immigration and native 

students' high school completion using data from the U.S. Census. The study provides evidence of 

a negative impact of immigration on the likelihood of high school graduation for native-born black 

and Hispanic students in the U.S., supporting the "educational crowding-out" hypothesis. 

However, Hunt (2017) also analyzes the effects of immigration on native students' high school 

completion in the U.S. and finds different results, showing that state-level immigration rates 

increase the probability of high school completion among native-born black students. Hunt 

suggests that immigration may motivate native black students to attain higher levels of education, 

reducing competition in the labor market, despite a decrease in per capita school resource 
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allocation. In a similar vein, McHenry (2015) uses National Education Longitudinal Study and 

U.S. Census data to examine the impact of low-skilled immigrant influx on U.S. native students' 

educational outcomes. The study finds that low-skilled immigration is positively associated with 

native students' high school attendance, grades, test scores, and enrollment in academically 

rigorous curricula. Jackson (2015) also examines the effect of immigration on native students' 

college enrollment using U.S. Census data. The study finds that an increase in the number of low-

skilled workers at the state level raises native students' college enrollment, but the number of 

immigrant college students is not significantly associated with the probability of college 

enrollment for U.S. natives. Smith (2012) focuses on the impact of immigration on human capital 

in the U.S., specifically youth employment rather than schooling outcomes. The study finds 

evidence of a negative impact of immigration on employment outcomes for native youth. Brunello 

et al. (2020) use Italian provincial data to examine whether the increased share of low-skilled 

immigrants is associated with the likelihood of native students' high school completion. The study 

finds that the increased number of low-skilled immigrants is positively associated with both high 

school completion and higher education enrollment decisions. 

There is also some empirical evidence from developing countries, particularly in the 

context of Syrian refugees displaced by conflict and seeking refuge in Middle Eastern countries. 

Tumen (2018) assess the impact of Syrian refugees on the enrollment of native students in high 

school and uncovers a positive correlation. The author argues that the presence of refugees, who 

predominantly consist of low-skilled laborers with limited access to the formal job market, creates 

competition with native youth for low-paying informal jobs. This increased competition has 

prompted native students to pursue higher levels of education. However, contrasting findings are 
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reported by Assaad et al. (2018), who did not find a significant impact on the educational outcomes 

of Jordanians as a result of the presence of Syrian refugees.  

These studies offer valuable insights into the complex relationship between immigration 

and educational investment, highlighting the importance of considering contextual factors and 

region-specific dynamics. However, the existing empirical evidence, although available for both 

developed and developing country contexts, is still limited, and there is a lack of consensus among 

studies. As a result, our comprehensive understanding of the intricate interaction between 

incoming migrant households and the human capital accumulation of native students remains 

incomplete and insufficient. Especially in developing countries, this interaction should be further 

and more diversely investigated, given the recent rapid trend of incoming migration to urban areas 

and long-term economic growth strategies centered on human capital accumulation. Therefore, it 

is imperative to conduct further research in developing countries to enhance our understanding of 

this intricate relationship and its implications for educational outcomes and the development of 

human capital. 

 

Data and Descriptive Statistics 

Mongolia Labor Force Survey Data 

To analyze the causal relationship between immigration and human capital investment 

decisions in the 22 urban areas, including 21 province capital and Ulaanbaatar, we utilized data 

from the Mongolia Labor Force Survey (MLFS) from 2010 to 2018, excluding the years 2012 and 

2015 due to missing data and sample size imbalances. The MLFS, conducted annually by the 

National Statistics Office in collaboration with the International Labor Organization, aims to 

generate official labor statistics for Mongolia. The survey covers 21 Aimags, 311 soums, and 9 
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districts of UB, providing national representativeness. The MLFS data is internally comparable, 

following the methodology definition of the International Labor Organization. The survey collects 

information on respondents' migration status over the past five years, including their current and 

previous locations, as well as their educational status. Specifically, respondents were asked to 

report their highest level of educational attainment. By leveraging the MLFS data, we could 

examine the relationship between immigration and human capital investment decisions, 

particularly in the context of secondary education completion rates among native youth in 

Mongolia's capital cities. 

 

Human capital investment indicator 

In this study, we investigated the causal relationship between the rate of incoming 

migration and the educational attainment of the native young population in urban Mongolia. 

Specifically, we explored whether individuals between the ages of 21 and 30 have completed 

secondary education. The education indicator variable was measured in two ways. First, 

individuals were assigned a value of 1 if they had completed general secondary education or 

higher-level degrees, and 0 otherwise. Second, a comparable binary classification was employed, 

in which individuals were assigned a value of 1 if they had completed secondary education or 

higher-level degrees, including technical or vocational diplomas and certificates, and 0 otherwise. 

It is important to note that the sample solely comprises individuals residing in the survey location 

during the survey period. Household members who were temporarily away from home for 

purposes such as studying or working are not included in the sample. Hence, our dataset consists 

of individual-level observations of respondents aged 21 to 30, who are residing in either one of the 

21 Aimag centers (province capitals) or Ulaanbaatar at the time of the survey. Consequently, we 
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collected a total of 43,352 observations from 22 urban areas spanning across 7 distinct time 

periods, ranging from 2010 to 201811.  

There are inherent limitations in the decision to observe the 21 to 30 age group, which stem 

from the data used. The data does not include the specific year when respondents completed their 

secondary education, which is particularly relevant to the study’s objective of assessing whether 

native youth pursue further education in response to immigrant inflow. For example, the 

immigration rate variable was defined based on the number of immigrants tracked over the past 

five years. This means that respondents who are 30 years old could have completed their education 

without considering the current immigration rate. Additionally, even if some individuals finished 

their secondary education within five years, their response to immigration may have been delayed, 

indicating a lagged time between immigration impact and educational investment decisions.   

Despite these potential limitations arising from the data, it is still necessary to define our 

observation between the ages of 21 to 30 for several reasons. First, unlike in developed countries 

where students typically begin and complete their general education at the same age, various 

conditions and household constraints can hinder children from starting and completing their 

education in the same year. Our data also confirms that among respondents aged 21 to 30, more 

than 13% of them reported currently attending an educational institution at the time of the survey. 

Furthermore, the attainment of vocational and technical certificates and diplomas, included in our 

second education outcome variable, is not dependent on age. 

Nevertheless, these data limitations highlight the need for a more strategic selection of the 

study group in future research. Incorporating data that captures the exact years of completing 

 
11 Due to missing data and imbalanced sample sizes, we excluded the 2012 and 2015 surveys from the MLFS dataset, as 

mentioned previously. 
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secondary education or dropping out in response to demographic changes in urban areas could 

provide a more comprehensive understanding of the complex relationship involved.  

 

Migration measure 

The primary independent variable in this study is the urban migration rate in 22 urban areas. 

We determined the migrant population through a question from the Mongolia Labor Force Survey 

(MLFS). Respondents were asked if they had lived elsewhere for more than six continuous months 

in the past five years before moving to their current urban areas, either in one of the capital cities 

of 21 provinces or in Ulaanbaatar. Additionally, they were asked to identify the type of location 

(urban or rural) of their previous residence, allowing for the determination of migration direction, 

namely from urban-to-urban or rural-to-urban areas. The participants' current location in the MLFS 

was categorized into four groups: the capital city (Ulaanbaatar), Aimag center (provincial capital 

city), soum center, and rural areas. 

In this study, the host communities of interest, residing in urban areas, were defined as 

individuals who have continuously lived in Ulaanbaatar or an Aimag center (provincial capital 

city) for a minimum of five years. The independent variable was the immigration rate in the urban 

areas. This rate was calculated by dividing the number of immigrant participants who had resided 

in other provinces for at least six months within the past five years by the total number of 

respondents in each 22 urban areas in Mongolia. 

 

Control Variables 

In this study, we incorporated multilevel control variables, including individual, household, 

and province-level characteristics, to address for potential confounding factors and control for 
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heterogeneity across different regions in Mongolia. The individual-level covariates included in the 

analysis are education level, age, gender, marital status, and disability status. These covariates 

provide information on the characteristics of the respondents that may influence their educational 

attainment. Gender, marital status, and disability status were included as binary dummy variables, 

taking a value of 1 if the respondent is male, married, or has a disability, and 0 otherwise. The 

household-level control variables included in the analysis are household size, the educational level 

of the household head, and the weekly hours devoted to agricultural work. At the province level, 

we included control variables such as Regional Gross Domestic Product (RGDP), which is 

calculated in real terms using the Consumer Price Index (CPI). This variable provides information 

on the economic conditions of each province and may have an impact on educational outcomes. 

Additionally, we included province-level general education infrastructure indicators, specifically 

the number of schools and the number of teachers. These variables reflect the availability and 

quality of educational resources in each province. The data for these covariates and control 

variables were obtained from publicly available Mongolia Statistical Information Service, 

ensuring the reliability and accessibility of the information. 

Table 3.1 represents the descriptive statistics for the observations, and the dependent 

variable, Secondary Education, represents the educational outcome of individuals aged 21 to 30 in 

terms of the completion of general secondary education. The mean value for this variable is 0.62, 

indicating that, on average, 62% of urban youth in the sample have completed general secondary 

education. Another educational outcome variable, Secondary Education (Technical/vocational), 

captures the completion of secondary education, including both general education and technical or 

vocational certificates or diplomas. The mean value for this variable is 0.78, indicating that, on 

average, 78% of urban youth in the sample have completed secondary education in any form.  
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The independent variable, Migration Rate, measures the overall immigration rate at the 

province level specifically for urban areas. The average value of 4.34% suggests that, on average, 

4.34% of the population in urban areas across provinces and years consists of immigrants who 

have resided in another province, whether urban or rural, for more than 6 months within the past 

5 years. In addition, the variable Rural Migration Rate captures the rate of rural-to-urban 

immigration, specifically indicating the migration from rural areas to the current urban regions. 

The mean value of 1.01% indicates that, on average, 1.01% of the total population in urban areas 

have lived in rural areas for more than 6 months over the past 5 years.  

The individual-level covariates in our analysis offer insights into the characteristics of the 

individuals included in the sample. The variable "Age" has a mean value of 25.54 years, indicating 

that, on average, the individuals in the sample are around 25 and a half years old. Approximately 

50% of the individuals in the sample are male, while around 4% of the individuals have a disability. 

The variable "Never Married" is a binary variable, serving as a dummy variable indicating whether 

an individual has never been married. It has a mean value of 0.48, suggesting that approximately 

48% of the individuals in the sample have never been married. 

The household-level covariates provide information about the characteristics of the 

households to which the individuals belong. HH Head No Education is a dummy variable 

indicating whether the household head has never completed primary education, with a mean value 

of 0.04, suggesting that 4% of household heads have not completed primary education. HH Size 

represents the size of households, with a mean value of 4.23, indicating that, on average, 

households in the sample consist of 4.23 individuals. Agricultural Hours represents the weekly 

hours of agricultural work for a household, with a mean value of 11.85 hours per week. 
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The province-level covariates provide information about the characteristics of the 

provinces in which the individuals reside. RGDP represents real term Regional Gross Domestic 

Product, measured in million Mongolian Tugrik, with an average value of 129.20. # Schools 

indicates the number of general education schools in each province, with a mean value of 95.96 

and a standard deviation of 92.81. # Teachers represents the number of teachers in each province, 

with an average value of 4,232.14 and a standard deviation of 4,526.55. 

The sample consists of 43,352 observations, providing a robust dataset for the analysis of 

the relationship between migration rates and secondary education outcomes among individuals 

aged 21 to 30 in urban areas of Mongolia. 

 

Empirical Strategies and Results 

Fixed Effect Logistic Regression Model 

This research aims to investigate how individuals residing in urban areas (one of the urban 

areas among Ulaanbaatar or 21 Aimag centers) in a given year 𝑡 are influenced by the presence of 

immigrants in their current location (urban area 𝑗) when it comes to their likelihood of attaining 

complete secondary education or higher degrees.  

When analyzing a variable that takes on a finite number of discrete values, such as the 

dependent variable in this study, it is not appropriate to treat as a continuous variable. However, 

the discreteness of the variable does not necessarily mean that a linear model for the expected 

value of the variable given a set of predictors, 𝐸(𝑦|𝐱), is unsuitable. Alternative methods, such as 

logistic regression, can be utilized to effectively model the relationship between dependent 

variables in studies with discrete outcomes. Hence, to analyze this relationship, we employed a 

logit model.   
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𝑃(𝐸𝐷𝑈𝑖𝑡𝑗 = 1) = Φ(𝛽0 + 𝛽1𝑀𝑖𝑔𝑗𝑡 + 𝛽2𝑋𝑖𝑡 + 𝛽3𝑋ℎ𝑡 + 𝛽4𝑋𝑝𝑡 + 𝛽5𝑈𝑟𝑏𝑎𝑛𝑗 +

 𝛽6𝑌𝑒𝑎𝑟𝑡 + 𝜀𝑖𝑡) (1) 

 

The probability 𝑃(𝐸𝐷𝑈𝑖𝑡𝑗 = 1) represents whether respondent 𝑖, located in urban area 𝑗 at 

time 𝑡, has completed secondary education or holds a higher degree, which is the primary outcome 

of interest in this study. 𝑀𝑖𝑔𝑗𝑡 denotes the percentage of immigration rate at the urban area 𝑗 at 

time 𝑡. 𝑋𝑖𝑡, 𝑋ℎ𝑡, 𝑋𝑝𝑡 represents multi-level control variables, individual, households, and province 

level characteristics potentially correlated with immigration rate and educational attainment of 

young population, respectively. The study also takes into account the fixed effects of location and 

time (year), denoted by 𝑈𝑟𝑏𝑎𝑛𝑗 and 𝑌𝑒𝑎𝑟𝑡, respectively, on the likelihood of achieving secondary 

or higher levels of education.  

 

Results 

The study aimed to examine how the concentration of immigrants in urban areas affects 

the educational investment decisions of urban youth in developing countries, with a theoretical 

basis that considers the interaction between school and labor market dynamics. The empirical 

analysis used a logistic regression model with the dependent variable being the completion of 

secondary education among individuals in urban areas, represented as a binary variable, among 

individuals residing in urban areas. On the other hand, the independent variable was the 

immigration rate at the province-level urban areas at the time of the survey, which was a 

continuous variable ranging from 0 to 1. However, for consistency and ease of interpretation, the 

immigration rate was converted into a percentage value by multiplying it by 100.  
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In logistic regression, the coefficients do not possess a direct interpretation like in linear 

regression models. Instead, the focus is on calculating partial derivatives, also known as marginal 

effects, to determine the expected change in the probability of the dependent variable (educational 

attainment in this study) for a one-unit change in the independent variable (1 percentage point 

increase in urban immigration rate in this study). These marginal effects provide a more 

meaningful interpretation of the model coefficients and allow for a better understanding of the 

relationship between the immigration rate and educational attainment among urban youth. 

Therefore, our results in Tables 3.2 to 3.5 display the marginal effect of the urban 

immigration rate on secondary education completion for urban youth aged 21 to 30. The results 

can be interpreted as the impact of a 1% increase in the urban immigration rate on the probability 

of achieving secondary education. 

Results presented in Tables 3.2 to 3.5 display the outcomes of logistic regression analysis, 

highlighting the marginal effect of immigrant rates in province-level urban areas on the secondary 

education completion of native youth. The independent variable of Table 3.2 and 3.4 is total 

immigration rate, measured as people who has lived more than 6 months over the past 5 years at 

province level urban areas including capital city, Ulaanbaatar, which is 21 urban areas in this study, 

while the independent variable of Table 3.3 and 3.5 is only consider immigrants from rural areas. 

In addition, the dependent variable in Table 3.2 and 3.3 is whether individual-level observation 

completed secondary education, while specification of Table 3.4 and 3.5 not only consider general 

secondary education, but also technical or vocational certificates or diplomas.  

The tables presented in this study, specifically Tables 3.2 to 3.5, contain various 

specifications based on the Equation (1) organized into Column (1) to (5). Column (1) shows a 

result of pooled OLS estimate, only considering individual characteristics, namely age, gender, 
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disability status, and marital status. In contrast, Column (2) includes both location and year dummy 

variables to control location and time heterogeneity among observations, in addition to individual-

level covariates.  Furthermore, Column (3) accounts for individual and household characteristics, 

such as the educational attainment of the household head and size of household, while still hold 

constant for location and year specific factors by adding dummy variables. Lastly, Column (4) 

includes individual, household, and regional characteristics, such as the real-term province level 

gross domestic product (GDP), as well as the province level educational infrastructure such as, the 

number of schools and teachers, while adjusting for location and year fixed effects.  

The results presented in Table 3.2 demonstrate a statistically significant and positive 

relationship between the rate of immigration in urban areas and the educational achievement of 

urban youth, specifically in terms of completing secondary education. In column (1), which does 

not account for location and year fixed effects, a 1% increase in the district-level immigration rate 

is associated with a 2.5% increase in the probability of an individual completing secondary 

education, holding individual heterogeneous characteristics. After controlling for individual, 

household, and regional characteristics, as well as province and year fixed effects in columns (2) 

to (4), the coefficient magnitude, representing the marginal effect of the immigration rate, remains 

similar and statistically significant. Specifically, an increase of 1% in the migration rate is 

associated with a 1% increase in the likelihood of completing secondary education among urban 

youth in columns (2) and (3), and a 0.9% increase in column (4). These effects are statistically 

significant at the 1% level in all cases. 

The findings presented in Table 3.3, which examined rural-to-urban migration rate as the 

independent variable, exhibited similar results of the calculated partial derivative from the logistic 

regression estimate with Table 3.2 for total migration rate. For instance, when only individual 
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characteristics were controlled for without province and year fixed effects, a 1% increase in rural-

to-urban migration rate was associated with a 2.9% increase in probability of complete secondary 

education among urban young population. When we control for individual, level in Column (2), it 

shows that 1% increase in rural-to-urban population rate raise the 0.9% probability of complete 

secondary education in urban areas at 5% statistically significant level. Additionally, as we hold 

constant of individual, household level heterogeneity and location and year fixed effect, 1% 

increase in rural-to-urban immigrant rate is associated with 1.2% increase in likelihood of 

secondary education completion at 1% statistically significant level. Finally, when we control for 

individual, households and regional level characteristics along with location and year fixed effect, 

the results represent that when 1% increase in rural-to-urban immigrant rate in urban areas, it 

increases 0.7% of probability of secondary education completeness at 10% statistically significant 

level.  

Table 3.4 and 3.5 exhibit a subtle negative correlation and less significant correlation 

between immigrant rates and educational outcomes when the dependent variable for educational 

attainment encompasses not only general education but also technical/vocational certificates or 

diplomas. Table 3.4 displays the marginal effects of the total immigrant rate, while Table 3.5 

illustrates the marginal effects of the rural-to-urban immigrant rate. For instance, in Table 3.4, a 

1% increase in the total immigrant rate is associated with a 0.3%, 0.2%, and 0.4% decrease in the 

likelihood of completing secondary education or obtaining job-related certificates or diplomas in 

Column (2) to (4), respectively. These outcomes, derived while controlling for various groups of 

covariates, are statistically significant at the 10%, 10%, and 5% levels. When the independent 

variable shifts to the rural-to-urban immigrant rate, the results remain consistent with those in 
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Table 3.4, which considers the entire immigrant population as the independent variable. However, 

these findings are statistically insignificant. 

The logistic regression outcomes in Tables 3.2 to 3.5 reveal an essential observation: 

increased immigrant rates in urban areas, regardless of the origin of the immigrant population, 

display a strong association with educational investment, specifically in general secondary 

education. This implies that a higher influx of immigrants in urban areas is positively correlated 

with a higher likelihood of urban youth completing general secondary education. 

However, it is crucial to consider that a rise in the immigrant population within urban areas 

could potentially discourage urban youth from pursuing job-related training, such as technical or 

vocational certificates or diplomas. This is reflected in the results, where the relationship between 

immigrant rates and the attainment of technical/vocational certificates or diplomas is not 

statistically significant.  

The regression results also highlight the importance of individual characteristics in 

educational outcomes. Being disabled, married, or male is negatively associated with the 

likelihood of completing secondary education, compared to the reference groups of non-disabled 

youth, never-married individuals, and females. In terms of household characteristics, larger 

household size is negatively associated with the probability of secondary education completion 

among urban youth. However, the educational level of the household head exhibits a positive and 

significant relationship with the educational attainment of urban youth. Among the regional-level 

control variables, the real-term regional GDP and the number of teachers show negligible 

relationships with the likelihood of secondary education completion among native youth in urban 

areas. However, the number of schools at the province level is positively associated with the 

probability of secondary education attainment. This indicates that access to educational 
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infrastructure, as measured by the number of schools in a province, plays a more crucial role in 

deciding to pursue additional education than the overall quality of education, as simply measured 

by the number of teachers. 

It is important to note that these positive effects of the number of schools are significant 

only for the first type of educational outcome, which considers general education without technical 

or vocational certificates or diplomas. 

 

Robustness Check 

Instrumental Variable Identification 

In this section, we provide a robustness analysis of our primary empirical results, utilizing 

the Two-Stage Residual Inclusion (2SRI) estimation method. This methodology aims to scrutinize 

the causal relationship between the completion of secondary education at the individual level 

(binary dependent variable) and the immigration rate across 22 urban areas in Mongolia 

(endogenous variables). This approach addresses potential endogeneity concerns using 

instrumental variables.  

We incorporated weather shocks as an instrumental variable, particularly lagged rainfall 

variables, according to the ideas of prior studies (Boustan et al., 2010; Kleemans & Magruder, 

2018; Munshi, 2003; Strobl & Valfort, 2015). These variables demonstrate a strong correlation 

with the migration rate in countries where rain-fed agriculture plays a critical economic role. The 

significant negative impact of rainfall on migration from areas reliant on rain-fed agriculture 

provides an appropriate instrument for capturing exogenous variation in immigration rates.  

In a similar vein, in Mongolia, mobility has historically served as a key risk management 

strategy for herders, who have traditionally migrated from regions experiencing resource scarcity 
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to those with abundance, taking advantage of the spatial and temporal structure of weather patterns. 

The seasonality of precipitation and the replenishment of water sources have thus been critical 

factors in maintaining the herding lifestyle, as noted by Chatty and Sternberg (2015) and Sattler et 

al. (2021). However, climate change in Mongolia has disrupted the seasonality of precipitation 

patterns, leading to a reduction in water resources (Chatty & Sternberg, 2015). Munkhtsetseg et 

al. (2007) have reported a significant positive correlation between precipitation and pasture yield, 

supporting the finding of Xu et al. (2021) that migration from rural to urban areas is negatively 

associated with the previous year's precipitation levels. Therefore, to introduce exogenous 

variation in the level of migration across Mongolia's 22 urban areas, we utilize the count of rainy 

days at the regional level for the three years preceding the reference year as instrumental variables. 

Regarding instrumental variable methodologies, a two-stage approach is typically 

employed in IV methods, with the first stage entailing the estimation of endogenous variable 

expectations conditional on observed covariates and one or more instrumental variables. The 

second stage subsequently predicts outcomes as a function of the estimated treatment values 

obtained in the first stage, measured confounders, and possibly additional control variables. 

However, it is important to note that the widely employed 2SLS method, originally conceived 

within a linear framework for continuous endogenous treatment and outcome variables, might not 

be apt for the context of this study, which involves binary educational attainment outcome12 

variables (Basu et al., 2017; Terza et al., 2008). 

Instead, in this study, we attempted to investigate the causal impact of province-level urban 

immigration rates on the probability of an individual completing secondary education by utilizing 

the Two-Stage Residual Inclusion (2SRI) method, with the number of rainy days in the previous 

 
12 In this study, the outcome variable is a binary indicator of whether the observation includes to a native youth aged between 21 

and 30 in urban areas who completed secondary education or not.  
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years at the regional level serving as the instrumental variable. This method has gained acceptance 

in addressing endogeneity concerns through the application of IVs in nonlinear models. Instead of 

using predicted endogenous variables, in 2SLS, we calculate residuals on the first-stage linear 

regression, and in the second stage, we regress binary outcome variables on the endogenous 

variable, calculated residual from the first stage, and other covariates using logistic models such 

as logit or probit. 

In the first stage of the 2SRI method, we estimate a linear regression model with the 

incoming migration rate as the dependent variable, using instrumental variables such as regional-

level rainfall in the preceding years. The equation for the first stage is as follows: 

 

𝑀𝑖𝑔 𝑅𝑎𝑡𝑒𝑗𝑡 =  𝛿0 + 𝛿1𝑟𝑎𝑖𝑛𝑓𝑎𝑙𝑙𝑟𝑡−1 + 𝛿2𝑟𝑎𝑖𝑛𝑓𝑎𝑙𝑙𝑟𝑡−2 + 𝛿3𝑟𝑎𝑖𝑛𝑓𝑎𝑙𝑙𝑟𝑡−3 +  𝛿4𝑋𝑖𝑡 +

 𝛿5𝑋ℎ𝑡 + 𝛿6𝑋𝑗𝑡 +  𝛿7𝐴𝑖𝑚𝑎𝑔𝑗 +  𝛿8𝑌𝑒𝑎𝑟𝑡 + 𝜀𝑗𝑡   (2) 

 

In this equation, 𝑀𝑖𝑔 𝑅𝑎𝑡𝑒𝑗𝑡 refers to the immigration rate of the urban areas 𝑗 at time 𝑡. 

Additionally, 𝑟𝑎𝑖𝑛𝑓𝑎𝑙𝑙𝑟𝑡−1, 𝑟𝑎𝑖𝑛𝑓𝑎𝑙𝑙𝑟𝑡−2, and 𝑟𝑎𝑖𝑛𝑓𝑎𝑙𝑙𝑟𝑡−3 signify the number of rainy days in 

the 𝑟 region at time 𝑡 − 1, 𝑡 − 2 and 𝑡 − 3 from the reference year. Furthermore, 𝑋𝑖𝑡, 𝑋ℎ𝑡, and  

𝑋𝑗𝑡 are incorporated as a control variable to account for individual, household, and province-

level covariates, while 𝜀𝑗𝑡 is included as an error term. 

After estimating the first stage equation, we obtain the residuals (𝜀𝑗𝑡), which represent the 

unexplained variation in the immigration rate after accounting for the instrumental variables and 

other covariates.  

Subsequently, for the second-stage equation, logistic regression is employed to represent 

the individual-level secondary education attainment, binary variables, as a function of the 
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province-level urban areas immigration rate, other explanatory variables, and residuals derived 

from the first stage equation. When dealing with a binary outcome variable, incorporating these 

residuals into a second-stage logistic regression model suggests that the IV estimate is contingent 

upon these residuals. This, in turn, brings the IV estimate closer to the subject-specific log odds 

ratio (Burgess et al., 2017). The estimation of the second-stage binary educational attainment 

outcome for individual and the continuous immigrant rate equations is conducted as follow 

equation:  

𝑃(𝐸𝐷𝑈𝑖𝑗𝑡 = 1) = Φ(𝜋0 + 𝜋1𝑀𝑖𝑔 𝑅𝑎𝑡𝑒̂
𝑗𝑡 + 𝜋2𝑋𝑖𝑡 + 𝜋3𝑋ℎ𝑡 + 𝜋4𝑋𝑗𝑡 + 𝜋5𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙𝑗𝑡 +

𝜋6𝑈𝑟𝑏𝑎𝑛𝑗 +  𝜋7𝑌𝑒𝑎𝑟𝑡 + 𝜀𝑖𝑗𝑡)   (3) 

 

The variable denoted as 𝑃(𝐸𝐷𝑈𝑖𝑗𝑡 = 1) corresponds to the educational outcome variable. 

The endogenous independent variable 𝑀𝑖𝑔 𝑅𝑎𝑡𝑒𝑗𝑡 and control variables, including 𝑋𝑖𝑡, remain the 

same as in the first stage. 𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙𝑖  indicates the residual value derived from the first stage 

estimate, and 𝜀𝑖𝑡 is included as an error term. 

 

2SRI Results 

In this section, we present the key findings of our study, which were derived from the 

application of the two-stage residual inclusion (2SRI) estimation method. Table 3.6 to 3.11 show 

the results of the 2SRI estimate, including the two first-stage linear regression13 results and four 

second-stage logistic regression models14. 

 
13 In the 2SRI estimation, we conducted separate first-stage linear regressions for the total migration rate and the rural-to-urban 

migration rate, resulting in Table 3.6 and Table 3.7 displaying the respective first-stage results. 

14 We considered two different outcome variables for education attainment. Therefore, the second-stage logistic regression 

models for the 2SRI method yield four sets of results, corresponding to the two independent variables (total migration rate and 

rural-to-urban migration rate) and the two outcome variables (education attainment measured only by general education and 

education attainment including technical/vocational certificates).  
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Table 3.6 and 3.7 show the results of the first step of linear regression within the two-stage 

process, exploring the relationship between two types of immigration, total immigration rate and 

rural-to-urban immigration rate, and the regional-level precipitation-affected days, in the 

preceding three years relative to time 𝑡. The results are broken into three different groups, shown 

in column (1), column (2), and column (3). Column (1) has the results when we only consider 

factors related to individuals. Column (2) shows the results when we also think about factors 

related to the individual’s household characteristics. Finally, column (3) gives the results when we 

include factors about individuals, their households, and their province level control variables. 

Furthermore, in every specification, location- and year- specific heterogeneity is controlled by 

dummy variables.  

The results in Table 3.6 indicate that when solely considering individual and household-

level characteristics in column (1) and column (2), the current rate of urban immigration rate 

positively correlated with the precipitation levels of the recent past periods, which contradicts hour 

hypothesis. Nevertheless, after taking into account the socio-economic characteristics at the 

provincial level, the findings reveal a negative relationship between the number of rainy days in 

the previous three years (𝑡 − 1, 𝑡 − 2, and 𝑡 − 3) and the rate of urban immigration. Notably, the 

coefficients for the number of rainy days in 𝑡 − 1 and 𝑡 − 3 is statistically significant, in line with 

our hypothesis, whereas the coefficient for 𝑡 − 2 is not. Table 3.7, which present the results of the 

first stage linear regression in the 2SRI process for rural-to-urban immigration rates, demonstrates 

findings similar to those of the first-stage results shown in Table 3.6 for entire immigrants. As per 

hour hypothesis, while the coefficient for the number of rainy days in 𝑡 − 2 indicates a positive 

correlation with rural-to-urban immigration rate, those for 𝑡 − 1  and 𝑡 − 3  show a negative 

correlation.  
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According to the first stage linear regression results from various specification with two 

different urban immigration rate variables, when we account for all related control variables – 

individual, household, and province characteristics – recent past precipitation significantly 

influences the migration of people to urban areas in the preceding year. In the next step, we 

incorporated the endogenous variable, immigration rate, and the residual obtained from the first 

stage into a second stage logistic regression. This allowed us to estimate the causal effect of the 

urban immigration rate on individual educational investment, considering two distinct educational 

attainment outcomes: general education along, and secondary education combined with 

technical/vocational certificates or diplomas.  

Table 3.8 displays the calculated marginal effect of regressing individual-level secondary 

education outcomes, focusing solely on general education, on the total province-level urban 

immigration rate. The results indicate that with a 1% increase in the immigration rate, the 

probability of individuals completing secondary education rises by 0.016%, with a 5% level of 

statistically significant, taking into account all other covariates in column (3). In Table 3.9, we 

modify the independent variable to account for only the province-level urban immigration rate of 

individuals from rural areas. The findings indicate a positive correlation between rural-to-urban 

immigration rate and the probability of urban youth obtaining a secondary education. However, 

the marginal effect is not statistically significant.  

The results in Tables 3.10 and 3.11 features a change in the dependent variable to determine 

whether urban youth aged between 21 and 30 have completed secondary education or achieved a 

technical/vocational certificate or diploma at time 𝑡, coded as 1 if yes and 0 if no. Table 3.10 

presents the logistic regression results where the binary dependent variable is regressed on the 

province-level total urban immigration rate. Despite the fixed effect specification shows a negative 
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coefficient, the instrumental variable estimates propose that the total immigration rate exhibits a 

positive correlation with the probability to complete secondary education or technical/vocational 

training among urban individuals. The coefficient value is 0.04, although the result is not 

statistically significant. Similarly, Table 3.11 demonstrates a positive correlation between 

educational attainment and rural-to-urban immigration rates when considering the independent 

variable of immigration rates for individuals relocating from rural domains, even though the result 

is not statistically significant.  

 

Conclusion and Discussion 

In conclusion, this study has provided valuable insights into the relationship between 

internal migration and the decision to invest in education among urban native youth. The previous 

literature has not reached a consensus on whether there is a crowd-in or crowd-out effect because 

two intercorrelated factors can influence local youth's decision to pursue more education: the 

effects on the education market and the labor market. 

On one hand, the growing demand for education can reduce available school resources, 

leading to a crowding-out effect. On the other hand, a decrease in the relative wages of low-skilled 

workers compared to high-skilled workers encourages native students to pursue higher degrees, 

resulting in a crowding-in effect. 

Therefore, these two interactions between the education and labor markets significantly 

influence the decision of native students to invest in education. If the marginal benefit of education 

outweighs the marginal cost after an increase in immigration, they are more likely to invest more 

in education. Conversely, if the marginal cost exceeds the marginal benefit, they are more likely 

to invest less. To assess the impact of urban immigration on the likelihood of completing secondary 
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education among young individuals aged 21 to 30 in 22 urban areas, including 21 province capitals 

and Ulaanbaatar, Mongolia, we utilized data from the repeated cross-sectional Mongolia Labor 

Force Survey (MLFS). Our goal was to investigate whether immigration contributes to increased 

educational investment among local youth. Using logistic regression analyses and various 

specifications, we examined the marginal effect of urban immigration rates on secondary education 

outcomes. 

The findings indicate that, after accounting for multilevel control variables such as 

individual, household, and province-level characteristics, as well as adjusting for location and 

time-specific differences, urban immigration rates significantly influence the secondary education 

completion of urban native youth. In particular, an increase in total immigration rates positively 

affects the likelihood of completing secondary education among the urban young population. 

Additionally, rural-to-urban immigration rates demonstrate a positive correlation with educational 

attainment outcomes in fixed-effect specifications. However, when examining a broader range of 

educational achievements, including technical or vocational certificates and diplomas, a negative 

relationship is observed, while rural-to-urban immigration is not statistically significant.  

To ensure the robustness of our primary empirical findings, we employed instrumental 

variables using the Two-Stage Residual Inclusion (2SRI) specification, and the results largely 

correspond with our main findings from the fixed effect model. As initially hypothesized, the 

number of rainy days at that regional level during the 𝑡 − 1, 𝑡 − 2 and 𝑡 − 3 time periods before 

the reference point are significantly and negatively associated with the immigration rate. This 

indicates that lower levels of precipitation encourage people to move to urban areas. Then, we 

incorporated the calculated residual from the first stage into the second stage logistic regression, 

which included the endogenous variable (urban immigration rate) and other control variables. The 
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marginal effect results from the second stage indicate that the total immigration rate has a 

statistically significant positive impact on the probability of secondary education completion 

among urban youth. Although the rural-to-urban immigration rate also showed a positive 

association, it was not statistically significant. Moreover, in contrast to the primary results from 

the fixed-effect model, the 2SRI findings revealed that a higher total immigration rate increases 

the probability of completing general secondary education or obtaining technical/vocational 

certificates or diplomas. However, this was not consistent when we altered the independent 

variable to rural-urban migration.  

The findings of this research indicate that a higher proportion of immigrants, who are 

generally less educated or possess lower skills compared to native population, in urban areas could 

be a significant factor that encourages human capital accumulation in developing countries. The 

empirical evidence primarily supports this for general education, as it increases the likelihood of 

native youth pursuing higher degrees in this domain. However, the empirical results regarding the 

relationship between increased immigration, urban schools, and labor market effects on 

encouraging urban populations to pursue job-related training programs remain inconclusive and 

debated.  

Nonetheless, these findings have significant implications for policymakers and educators 

seeking to understand the socio-economic consequences of urban immigration in developing 

countries, particularly in terms of human capital accumulation. Identifying the factors associated 

with educational attainment among urban populations can inform the design of targeted 

interventions and polices aimed at improving education outcomes in the context of increasing 

urbanization and migration for future economic development policies. Future research could 
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investigate the underlying mechanisms driving these relationships, as well as focusing on 

vocational training in developing countries as primary outcome variables.  
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<Table 3.1. Summary of Statistics of Age between 21 and 30> 

 Mean SD Min Max 

Dependent Variables     

Secondary Education 0.62 0.49 0.00 1.00 

Secondary Education 

(Technical/Vocational) 

0.78 0.41 0.00 1.00 

 

Independent Variables 

    

Migration Rate 4.34 3.73 0.00 19.55 

Rural Migration Rate 1.01 0.98 0.00 8.60 

Individual Covariates     

Age 25.54 2.86 21.00 30.00 

Male (=1) 0.50 0.50 0.00 1.00 

Disability (=1) 0.04 0.19 0.00 1.00 

Never married (=1) 0.48 0.50 0.00 1.00 

Households Covariates     

HH Head                     

No Education (=1) 

0.04 0.20 0.00 1.00 

HH Size 4.23 1.66 1.00 17.00 

Farming Hours (week) 11.85 23.53 0.00 111.00 

Province Covariates     

RGDP 129.29 164.97 1.14 457.97 

# Schools 95.96 92.81 4.00 245.00 

# Teachers 4232.14 4526.55 165.00 12117.00 

Observations 43352    

Note: The mean, standard deviation, minimum and maximum values are reported for the dependent and independent 

variables, as well as individual, household, and province-level covariates. 
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<Table 3.2. Logistic Regression Analysis: Impact of Total Migration Rate on General Secondary 

Education Completion (N=43352)> 

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

Migration 0.028*** 0.010*** 0.010*** 0.009*** 

Rate (0.001) (0.001) (0.001) (0.001) 

     

Age -0.008*** -0.008*** -0.009*** -0.009*** 

 (0.001) (0.001) (0.001) (0.001) 

     

Male -0.145*** -0.141*** -0.140*** -0.141*** 

 (0.004) (0.004) (0.004) (0.004) 

     

Disability -0.364*** -0.353*** -0.346*** -0.346*** 

 (0.011) (0.011) (0.011) (0.011) 

     

Never Married 0.059*** 0.046*** 0.031*** 0.033*** 

 (0.005) (0.005) (0.005) (0.005) 

     

HH Head 

Education 

  -0.335*** -0.332*** 

   (0.013) (0.013) 

     

HH Size   -0.014*** -0.015*** 

   (0.001) (0.001) 

     

Farming Hours 
(week) 

  -0.003*** -0.003*** 

   (0.000) (0.000) 

     

RGDP    -0.001*** 

    (0.000) 

     

# Schools    0.005*** 

    (0.001) 

     

# Teachers    -0.000*** 

    (0.000) 

YEAR FE NO YES YES YES 

REGIONAL FE NO YES YES YES 

t statistics in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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< Table 3.3. Logistic Regression Analysis: Impact of Rural-to-Urban Migration Rate on General 

Secondary Education Completion (N=43352)> 

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

Rural-Urban  0.029*** 0.009** 0.012*** 0.007* 

Migration Rate (0.003) (0.003) (0.003) (0.003) 

     

Age -0.009*** -0.008*** -0.009*** -0.009*** 

 (0.001) (0.001) (0.001) (0.001) 

     

Male -0.150*** -0.141*** -0.140*** -0.141*** 

 (0.005) (0.004) (0.004) (0.004) 

     

Disability -0.374*** -0.353*** -0.346*** -0.346*** 

 (0.011) (0.011) (0.011) (0.011) 

     

Never Married 0.070*** 0.046*** 0.031*** 0.033*** 

 (0.005) (0.005) (0.005) (0.005) 

     

HH Head 

Education 

  -0.336*** -0.333*** 

   (0.013) (0.013) 

     

HH Size   -0.014*** -0.015*** 

   (0.001) (0.001) 

     

Farming Hours 
(week) 

  -0.003*** -0.003*** 

   (0.000) (0.000) 

     

RGDP    -0.001*** 

    (0.000) 

     

# Schools    0.004*** 

    (0.001) 

     

# Teachers    -0.000*** 

    (0.000) 

YEAR FE NO YES YES YES 

REGIONAL FE NO YES YES YES 

t statistics in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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< Table 3.4. Logistic Regression Analysis: Impact of Total Migration Rate on Secondary Education 

Completion, including Technical/Vocational Certificates or Diplomas (N=43352)> 

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

Migration 0.027*** -0.003* -0.002* -0.004** 

Rate (0.001) (0.001) (0.001) (0.001) 

     

Age -0.009*** -0.011*** -0.012*** -0.012*** 

 (0.001) (0.001) (0.001) (0.001) 

     

Male -0.080*** -0.077*** -0.075*** -0.075*** 

 (0.004) (0.004) (0.003) (0.003) 

     

Disability -0.413*** -0.396*** -0.387*** -0.387*** 

 (0.013) (0.013) (0.012) (0.012) 

     

Never Married 0.020*** 0.011** -0.008* -0.008* 

 (0.004) (0.004) (0.004) (0.004) 

     

Education   -0.306*** -0.306*** 

   (0.013) (0.013) 

     

HH Size   -0.009*** -0.009*** 

   (0.001) (0.001) 

     

Agricultural Hours   -0.003*** -0.003*** 

   (0.000) (0.000) 

     

RGDP    0.000 

    (0.000) 

     

# Schools    -0.001 

    (0.001) 

     

# Teachers    -0.000 

    (0.000) 

YEAR FE NO YES YES YES 

REGIONAL FE NO YES YES YES 

t statistics in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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< Table 3.5. Logistic Regression Analysis: Impact of Rural-to-Urban Migration Rate on Secondary 

Education Completion, including Technical/Vocational Certificates or Diplomas (N=43352)> 

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

Rural-Urban  -0.001 -0.004 -0.002 -0.002 

Migration Rate (0.002) (0.002) (0.002) (0.002) 

     

Age -0.010*** -0.011*** -0.012*** -0.012*** 

 (0.001) (0.001) (0.001) (0.001) 

     

Male -0.084*** -0.077*** -0.075*** -0.075*** 

 (0.004) (0.004) (0.003) (0.003) 

     

Disability -0.427*** -0.396*** -0.387*** -0.387*** 

 (0.013) (0.013) (0.012) (0.012) 

     

Never Married 0.029*** 0.011** -0.008* -0.008* 

 (0.004) (0.004) (0.004) (0.004) 

     

HH Head 

Education 

  -0.306*** -0.306*** 

   (0.013) (0.013) 

     

HH Size   -0.009*** -0.009*** 

   (0.001) (0.001) 

     

Farming Hours 
(week) 

  -0.003*** -0.003*** 

   (0.000) (0.000) 

     

RGDP    0.000 

    (0.000) 

     

# Schools    -0.000 

    (0.001) 

     

# Teachers    -0.000 

    (0.000) 

YEAR FE NO YES YES YES 

REGIONAL FE NO YES YES YES 

t statistics in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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<Table 3.6. First Stage Linear Regression Analysis for Total Migration in 2SRI> 

 (1) (2) (3) 

# 𝑅𝑎𝑖𝑛𝑦_𝐷𝑎𝑦𝑠𝑡−1 0.032*** 0.032*** -0.009*** 

 (40.89) (40.85) (-6.50) 

    

# 𝑅𝑎𝑖𝑛𝑦_𝐷𝑎𝑦𝑠𝑡−2 0.053*** 0.053*** -0.002 

 (52.89) (52.88) (-1.51) 

    

# 𝑅𝑎𝑖𝑛𝑦_𝐷𝑎𝑦𝑠𝑡−3 -0.047*** -0.047*** -0.071*** 

 (-33.67) (-33.66) (-50.67) 

𝑅2 0.819 0.819 0.833 

t statistics in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 

 

 

< Table 3.7. First Stage Linear Regression Analysis for Rural-to-Urban Migration in 2SRI > 

 (1) (2) (3) 

# 𝑅𝑎𝑖𝑛𝑦_𝐷𝑎𝑦𝑠𝑡−1 0.001 0.001 -0.005*** 

 (1.23) (1.19) (-6.46) 

    

# 𝑅𝑎𝑖𝑛𝑦_𝐷𝑎𝑦𝑠𝑡−2 0.005*** 0.005*** 0.003*** 

 (14.76) (14.78) (4.88) 

    

# 𝑅𝑎𝑖𝑛𝑦_𝐷𝑎𝑦𝑠𝑡−3 -0.016*** -0.016*** -0.015*** 

 (-24.80) (-24.79) (-19.56) 

𝑅2 0.522 0.523 0.528 

t statistics in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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<Table 3.8. Second Stage Logistic Regression Analysis: Total Migration Rate on General Secondary 

Education Completion (N=43352)> 

 (1) (2) (3) 

Migration 0.036*** 0.035*** 0.016** 

Rate (8.90) (8.89) (2.69) 

    

Age -0.008*** -0.009*** -0.009*** 

 (-9.64) (-11.20) (-11.23) 

    

Male -0.141*** -0.141*** -0.141*** 

 (-32.18) (-32.81) (-32.98) 

    

Disability -0.353*** -0.346*** -0.346*** 

 (-31.07) (-30.30) (-30.29) 

    

Never Married 0.044*** 0.029*** 0.033*** 

 (8.81) (5.96) (6.62) 

    

HH Head Education  -0.332*** -0.332*** 

  (-25.71) (-25.92) 

    

HH Size  -0.015*** -0.015*** 

  (-11.27) (-11.49) 

    

Farming Hours (week)  -0.003*** -0.003*** 

  (-34.93) (-34.89) 

    

RGDP   -0.001*** 

   (-4.84) 

    

# Schools   0.006*** 

   (4.68) 

    

# Teachers   -0.000*** 

   (-3.84) 

Residuals 0.007*** 0.008*** 0.009*** 

 (5.35) (5.84) (6.51) 

Individual YES YES (-1.18) 

Household NO YES YES 

Regional NO NO YES 

t statistics in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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< Table 3.9. Second Stage Logistic Regression Analysis: Rural-to-Urban Migration Rate on General 

Secondary Education Completion (N=43352)> 

 (1) (2) (3) 

Rural-Urban  0.169*** 0.157*** 0.038 

Migration Rate (6.90) (6.59) (1.53) 

    

Age -0.008*** -0.010*** -0.009*** 

 (-9.69) (-11.30) (-11.27) 

    

Male -0.142*** -0.141*** -0.141*** 

 (-32.24) (-32.87) (-32.94) 

    

Disability -0.351*** -0.345*** -0.345*** 

 (-30.82) (-30.10) (-30.23) 

    

Never Married 0.043*** 0.028*** 0.032*** 

 (8.52) (5.68) (6.51) 

    

HH Head Education  -0.331*** -0.332*** 

  (-25.48) (-25.80) 

    

HH Size  -0.015*** -0.015*** 

  (-11.74) (-11.42) 

    

Farming Hours (week)  -0.003*** -0.003*** 

  (-35.19) (-34.49) 

    

RGDP   -0.001** 

   (-3.19) 

    

# Schools   0.005*** 

   (4.10) 

    

# Teachers   -0.000*** 

   (-5.34) 

Residuals 0.007* 0.009** 0.007* 

 (2.12) (3.02) (2.24) 

Individual YES YES YES 

Household NO YES YES 

Regional NO NO YES 

t statistics in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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<Table 3.10. Second Stage Logistic Regression Analysis: Total Migration Rate on General Secondary 

Education Completion, including Technical/Vocational Certificates or Diplomas (N=43352)> 

 (1) (2) (3) 

Migration 0.007 0.009** 0.004 

Rate (1.88) (2.70) (0.75) 

    

Age -0.011*** -0.012*** -0.012*** 

 (-15.70) (-17.60) (-17.61) 

    

Male -0.077*** -0.075*** -0.075*** 

 (-21.67) (-22.40) (-22.40) 

    

Disability -0.396*** -0.387*** -0.387*** 

 (-31.58) (-31.25) (-31.25) 

    

Never Married 0.011* -0.009* -0.008* 

 (2.56) (-2.20) (-2.08) 

    

HH Head Education  -0.304*** -0.305*** 

  (-24.12) (-24.08) 

    

HH Size  -0.009*** -0.009*** 

  (-8.23) (-8.17) 

    

Farming Hours (week)  -0.003*** -0.003*** 

  (-51.57) (-51.36) 

    

RGDP   -0.000 

   (-0.07) 

    

# Schools   0.000 

   (0.09) 

    

# Teachers   -0.000 

   (-0.71) 

Residuals -0.004** -0.004*** -0.004*** 

 (-3.14) (-3.39) (-3.46) 

Individual YES YES YES 

Household NO YES YES 

Regional NO NO YES 

t statistics in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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<Table 3.11. Second Stage Logistic Regression Analysis: Rural-to-Urban Migration Rate on General 

Secondary Education Completion, including Technical/Vocational Certificates or Diplomas (N=43352)> 

 (1) (2) (3) 

Rural-Urban  0.029 0.032 0.015 

Migration Rate (1.39) (1.65) (0.74) 

    

Age -0.011*** -0.012*** -0.012*** 

 (-15.73) (-17.64) (-17.63) 

    

Male -0.078*** -0.075*** -0.075*** 

 (-21.67) (-22.41) (-22.40) 

    

Disability -0.395*** -0.387*** -0.387*** 

 (-31.54) (-31.22) (-31.23) 

    

Never Married 0.010* -0.009* -0.008* 

 (2.52) (-2.20) (-2.09) 

    

HH Head Education  -0.304*** -0.305*** 

  (-24.06) (-24.00) 

    

HH Size  -0.009*** -0.009*** 

  (-8.32) (-8.19) 

    

Farming Hours (week)  -0.003*** -0.003*** 

  (-50.55) (-50.13) 

    

RGDP   0.000 

   (0.95) 

    

# Schools   0.000 

   (0.01) 

    

# Teachers   -0.000 

   (-1.19) 

Residuals -0.005* -0.003 -0.003 

 (-2.02) (-1.24) (-1.25) 

Individual YES YES YES 

Household NO YES YES 

Regional NO NO YES 

t statistics in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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<Figure 3.1. Total Urbanization Rate in Mongolia between 1990 and 2021> 
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<Figure 3.2. Supply and Demand Curves in the Education and Labor Markets> 
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CHAPTER 4 

THE IMPACT OF HOUSEHOLD MEMBER MIGRATION ON CHILDREN’S NUTRITION 

IN AGRICULTURAL HOUSEHOLDS: EVIDENCE FROM MEXICAN FAMILIES15 

15 Yoon, T., and Filipski, M. To be submitted to Journal of Development Studies 
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Abstract 

The final chapter of this dissertation explores the correlation between international 

migration of family members and the welfare of the children who remain in their original 

locations within agricultural households in the developing world. 

The study employs longitudinal data from the Mexican Family Life Survey (MxFLS) to 

scrutinize the relationship between the migration of household members and the nutritional status 

of children in agricultural households in Mexico. We assess the net impact of migration on 

children’s anthropometric indicators, accounting for the effect of cash transfers through 

programs like PROCAMPO and PROGRESA, using a Triple-Differences specification. 

Our empirical findings indicate a positive correlation between the migration status of a 

household and children’s nutritional health, specifically when interacting with cash transfers, 

specifically from PROCAMPO. The results demonstrate that when we account for the cash 

transfer, PROCAMPO, in comparison to non-cash transfer recipients and children from migrant 

households, the migration of household members enhances the long-term nutritional status, as 

indicated by height-for-age z-scores. By focusing on the well-being of agricultural families left 

behind, the study strives to clarify the intricate interplay between international migration, cash 

transfers, remittances, labor allocation, and child welfare in developing regions. 
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Introduction 

It is widely believed that international migration of family members significantly impacts 

the welfare of children remaining in their countries of origin, especially within the context of 

developing nations. The interplay between the absence of family members and the increase in 

remittances due to international migration, and its subsequent effect on children’s nutritional status 

in developing countries, has drawn increasing attention from both researchers and policymakers. 

Despite the emergence of a substantial body of literature dedicated to investigating this complex 

relationship, the findings remain controversial, and consensus is yet to be reached (Antén, 2010; 

Hildebrandt et al., 2005; Lu, 2015).  

In order to address the knowledge gap, this study aims to investigate the impact of 

international migration of one or more household members on the nutritional status of children in 

developing countries, specifically on households engaged in agricultural activities. We have 

concentrated on the agricultural labor channel of the migration impact for several reasons. Firstly, 

agriculture remains a predominant source of income and employment in the rural regions of many 

developing countries. Moreover, the environmental and socio-economic conditions in rural areas 

have become increasingly challenging, leading to rural people opting for migration as a means to 

alleviate these difficulties. Consequently, the rural residents, primarily engaging in agriculture, 

have emerged as a major contributor to international migration and remittances in developing 

countries.  Hence, a comprehensive understanding of the welfare of families left behind in rural 

areas, specifically agricultural households, in developing countries is important for both domestic 

policymakers and rural populations (Obi et al., 2020). Secondly, the loss of agricultural labor due 

to migration can have a significant impact on the welfare of family members, particularly the 

children’s health status. Although previous studies have found that financial and social remittances 
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can improve the economic conditions of households left behind in origin countries, the loss of 

labor can have a negative impact on children’s health, even if economic conditions are relaxed 

through remittances. For instance, the spouses or children of migrants may bear a greater workload 

in the agricultural household to compensate for labor loss. This could result in increased stress and 

fatigue for women, which could have a detrimental effect on children’s health, or children’s 

increased workload could worsen their health directly. Several previous studies presented 

empirical evidence that the out-migration of household members leads to a reduction in the 

working hours of urban and rural women in off-farm income-generating activities, despite the 

increase in income due to remittances. Women from agricultural households are more likely to 

spend time on non-wage activities and agricultural tasks when there is out-migration in the 

households (Amuedo-Dorantes and Pozo 2006; Hanson 2007; Chen 2006; Mu and van de Walle 

2011; Binzel and Assassd 2011; Lokshin, M., & Glinskaya 2009). Moreover, Chang et al. (2011) 

find that the household members’ migration significantly increases the farming hours of children 

and elderly individuals who remain in rural China. 

In our empirical analysis, a straightforward linear regression approach to examine the 

causal relationship between international migration from developing countries and the health status 

of children left behind would yield biased estimates due to the presence of unobservable factors 

that simultaneously influence household members’ migration decisions and the nutritional well-

being of their children. To mitigate this endogeneity concern, we employ the difference-in-

differences (DD) estimation method. Additionally, we enhance our analysis by incorporating the 

triple-differences (DDD) framework, which allows us to isolate the correlation of receiving cash 

transfers and children’s health while accounting for both observed and unobserved factors that 

may confound the relationship between migration decisions and children’s health.  
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Furthermore, to strengthen the case for causality, we propose an additional identification 

strategy by combining our primary empirical approaches, namely difference-in-differences and 

triple-differences, with propensity score matching (PSM) as a robustness check. We observe 

significant differences in the distribution of propensity scores between migrant and non-migrant 

households. To address this issue, we narrow our sample to the common support regions, which 

helps minimize the discrepancy between the curves. Subsequently, we estimate the impact of 

international migration by household members on the health status of children in agricultural 

households.  

Our findings indicate that the difference-in-differences results reveal a positive but 

statistically insignificant association between U.S. migration of household members and children’s 

health status. However, when employing the triple-differences approach, which includes an 

interaction term for migration status and cash transfer recipients, we observe a significant positive 

relationship between migration, cash transfer programs, and children’ nutritional status. 

Specifically, the results demonstrate statistical significance at the 1% level for PROCAMPO 

beneficiaries.  

We also conduct analyses using a matched sample, but the results do not yield statistical 

significance in the identification of standard difference-in-differences. However, when applying 

the triple-difference approach to the matched sample, we find consistent results showing a positive 

association between children from PROCAMPO beneficiary and migrant households and only 

improved height-for-age z-scores over time at a 1% statistically significant level. Similar patterns 

are observed for the PROGRESA program, with only the height-for-age z-scores exhibiting a 

positive relationship at the 10 % level of statistical significance.  
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This study offers several significant contributions. Firstly, we concentrate specifically on 

children from households involved in agriculture. Agricultural work is a significant source of 

migration and remittances from developing countries and demonstrates that rural people make the 

decision to migrate to developed nations to enhance their family’s welfare. Additionally, previous 

studies have demonstrated a positive correlation between international migration and remittances 

and the financial well-being of households left behind in source countries. However, it remains 

unclear whether non-economic aspects of household welfare, such as children’s growth, are also 

positively associated with international migration of household members. Furthermore, if 

households participate in labor-intensive household production, such as farming, the loss of labor 

due to migration could harm family well-being despite the alleviation of overall poverty from 

remittances. Secondly, we estimate the heterogenous treatment effect on cash transfer recipients 

among farming households, PROGRESA, and PROCAMPO. Cash transfers in developing 

countries have direct links to both migration decisions and children’s health conditions. However, 

to the best of our knowledge, previous studies have not considered cash transfer recipient status 

when studying the impact of migration on children’s health. Therefore, to better understand the 

impact of international migration on children’s nutritional status, we take into account the 

heterogenous migration impact on children’s health outcomes based on the respondents’ cash 

transfer recipient status, PROGRESA or PROCAMPO, at the first round of the survey.  

The structure of this paper is organized as follows: Section 1 provides an introduction of 

our study. In Section 2, we present the conceptual framework that explores the interplay between 

the absence of family members due to migration and the income effect resulting from remittances. 

Section 3 offers a description of the background and study area, while Section 4 reviews the 

relevant literature. In Section 5, we provide an overview of the Mexican Family Life Survey 
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(MxFLS), including a description of the observational statistics, comparing characteristics 

between migrant and non-migrant households. Section 6 presents our empirical strategies and the 

main results obtained from our primary identification strategy. Section 7 introduces our PSM-DD 

identification strategies and the results as a robustness check. Finally, in Section 8, we conclude 

the paper and provide further discussion points.  

 

Conceptual Framework 

There are two primary pathways through which the migration of household members can 

impact the nutritional status of children who are left behind. The first channel is the income effect, 

and according to the Hildebrandt et al. (2005), the most obvious channel for positively affecting 

child health is through increased income from remittances. A higher income allows households to 

improve their nutritional status by consuming better quality and quantity of foods. For instance, 

consuming more foods rich in micronutrients and proteins such as fruits, vegetables, and meats, 

can improve children’s nutritional condition (Nguyen & Winters, 2011; Subramanian & Deaton, 

1996). In addition, improving the household’s hygienic environment and accessing better medical 

services can have a positive impact on children’s health (De Brauw & Mu, 2011; Hildebrandt et 

al., 2005).  

The other channel that affects children’s nutritional status is through changes in the time 

and labor allocation of remaining household members when there is a labor loss due to 

international migration. The impact of changes in labor allocation on children’s health status is not 

clear cut. For example, when the father migrates, the spouse left behind may have less time and 

energy for breastfeeding and child-rearing due to the increased workload, which could negatively 

affect child growth. On the other hand, the spouse may have more time to care for their children 
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due to remittances, which can reduce their need for wage work in the origin country (Azzarri & 

Zezza, 2011; Carletto et al., 2011; De Brauw & Mu, 2011; Hildebrandt et al., 2005; Lu, 2015). 

Therefore, the allocation of time and labor due to household migration can both benefit and harm 

children, depending on the direction of the changes in their well-being. Two key factors, rising 

income levels and alterations in household productivity, shape the way in which household 

members who are left behind allocate their time and labor (Lokshin & Glinskaya, 2009). On the 

one hand, when remittances raise the income of the remaining household members, they are likely 

to spend more time which children and reduce their participation in wage-paying jobs. For 

instance, a higher reservation wage due to remittances means that these individuals are less likely 

to trade leisure time for labor force participation (Cox-Edwards & Rodríguez-Oreggia, 2009). As 

a result, remaining adults will have more time for childcare, leading to improved health outcomes 

for children. On the other hand, the migration of household members leads to a loss of labor and 

impacts the productivity of the remaining household members. If the missing labor is a 

complementary input regarding household production, the productivity per unit of labor in 

household production decreases. This implies that the remaining household labor must exert more 

effect and time to produce the same amount of output, particularly in labor-intensive household 

production. Conversely, if the labor of migrant household members was a substitute input, the 

marginal productivity of the remaining household labor for household production increases. In this 

scenario, migration makes household production more valuable and incentivizes the remaining 

members to increase their participation in household production (Kniesner, 1976; Leeds & Allmen, 

2004; Lokshin & Glinskaya, 2009). 

Overall, it appears likely that increased income in agricultural households can have a 

positive impact on children’s health, while the implications of time and labor reallocation due to 
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the migration of a household member are yet to be definitively assessed. Theoretically, while 

migration could enhance the overall economic condition of households, the impact on children’s 

health – whether positive or negative- remains inconclusive. It could be subject to the complex 

interplay between increased remittances and adjustments in time or labor allocation.  

 

Background and Study Area 

Mexico Migration 

In this study, Mexico is the focus country as it presents a unique opportunity to address 

research questions due to the distinctive characteristics of Mexican migration. Firstly, Mexican 

migration to the United States has been dominated by agricultural labor, which has been the oldest 

and largest migration flow from Mexico to the U.S. in the 20th century (Durand et al., 1999; Durand 

et al., 2001; Fussell & Massey, 2004; Massey & Espinosa, 1997; Massey et al., 1994; Phillips & 

Massey, 2000; Winters et al., 2001). Secondly, rural Mexico is characterized by a predominant 

pattern of circular migration. Migrant workers primarily from farming households, tend to migrate 

seasonally, thus not reducing the overall agricultural production in their homeland (Fussell & 

Massey, 2004). Thirdly, while not exclusive to Mexico, agricultural labor is often viewed as a 

substitute labor input for household farming. Additionally, the rural labor market in many 

developing countries is not extensive and flexible, which means that agricultural households in 

rural Mexico are likely to offset the labor loss from migrant household members to maintain the 

production volume (Chen, 2006; Mu & Van de Walle, 2011; Sadoulet et al., 2001).  

Considering the context of international migration from rural Mexico, the substantial flow 

of seasonal migration, the labor input characteristics of the agricultural sector, and the rigid labor 

market in developing countries could play a significant role. Remaining household members may 
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find less time for activities such as childcare, which includes monitoring dietary habits, conducting 

regular health check-ups, or administering vaccinations. Consequently, if the positive impact of 

increased income does not outweigh the negative effects of time and labor reallocation among 

agricultural household members, children’s nutritional status may deteriorate.  

 

Cash Transfer in Mexico 

We also extend our discussion to how conditional rural cash transfers are linked with 

migration and children’s nutritional status. In Mexico, there are two significant conditional cash 

transfer programs for agricultural households, namely PROCAMPO and PROGRESA, and it is 

crucial to control the beneficiaries of these programs in order to reduce bias in our estimation. 

Firstly, cash transfers constitute a significant portion of the average total household income in rural 

Mexico. Secondly, the recipients of these transfers possess distinct household characteristics as 

both programs have different eligibility criteria. For instance, PROGRESA primarily determines 

eligibility based on household well-being and income levels, while the eligibility of PROCAMPO 

recipients is dependent on the households’ total hectares of specific crops (corn, beans, rice, wheat, 

sorghum, barley, soybeans, cotton, and cardamom). Finally, the conditions required to maintain 

eligibility can affect household behavior, which in turn can directly or indirectly influence 

migration decisions and children’s health (Ruiz-Arranz et al., 2006). For example, PROGRESA 

requires recipients to regularly visit health clinics, attend public health lectures, and send their 

children to school. Furthermore, PROGRESA payments are directly made to women as they are 

more likely to use the income to improve their children’s nutrition and education. Thus, it is 

plausible that the health of children receiving PROGRESA benefits will improve through 

enhanced health knowledge and increased access to health services. Conversely, the additional 



 

110 

income from PROCAMPO is more likely to be associated with agricultural production. The 

household members are required to invest cash transfers to agricultural production, and the 

multiplier effects of productivity from investment are expected to increase long-term household 

welfare (Sadoulet et al., 2001). Also, since the PROCAMPO payment can be used as collateral, it 

may relax the credit constraints of households. Therefore, PROCAMPO will have a significant 

impact on quantity of nutritional intake of household members through agricultural investment 

and improved agricultural productivity (Ruiz-Arranz et al., 2006).  

Several previous literatures suggest that cash transfer can either foster or deter international 

migration. Stecklov et al. (2005) find that the PROGRESA decrease overall migration to the U.S, 

but Angelucci (2012) argues that the program increased labor-induced migration to the US by 

reliving the credit constraints of eligible households. Scott-Andretta and Cuecuecha (2010) 

discover that the PROCAMPO decrease the migration flows from Mexico to the US. Hence, the 

relationship between cash transfers, migration, and children’s nutritional status is complex and can 

be influenced by various factors such as household characteristics and program requirements. The 

empirical evidence from the literature suggests that both PROGRESA and PROCAMPO can have 

different impacts on migration and children’s health. While PROGRESA has been associated with 

improved health knowledge and access to health services, PROCAMPO can have a significant 

impact on agricultural productivity and household welfare through investment in agriculture and 

alleviation of credit constraints. Therefore, it is important to consider the specific context and 

program design in order to understand the impact of cash transfers on migration and children’s 

nutritional status.  
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Literatures Review 

There exists a growing body of literature that examines the effects of migration and 

remittances on the health outcomes of children. However, the empirical evidence regarding these 

effects remains mixed and controversial. Kanaiaupuni and Donato (1999) estimated the effect of 

migration on infant mortality in five states of Mexico and discovered that migration and 

remittances are positively associated with the long-term survival rate of children in Mexico. 

Similarly, studies by Hildebrandt et al. (2005) and López Córdova (2018) found that parental 

migration has a positive impact on the health outcomes of their children in Mexico, leading to a 

decrease in infant mortality and a lower risk of low birth weight. However, Hildebrandt et al. 

(2005) revealed that children in migrant households are less likely to receive preventive health 

services, be fully vaccinated, and breastfed. Another study, (Nobles, 2011), also focused on 

Mexico and explores the impact of international migration on child health outcomes. This study 

uses anthropometric indicators, particularly Height-for-age Z-scores (HAZ scores) and finds that 

migration negatively affects HAZ scores among children in Mexico. In addition to studies focused 

on Mexico, several studies have examined the relationship between migration and children’s health 

outcomes in other Central American countries (Antén, 2010; Carletto et al., 2011; De Brauw, 

2011). Antén (2010) reported that remittances have a positive impact on the short-term nutritional 

status, as measured by WHZ and WAZ, of children under the age of 5 in Ecuador, but not on the 

long -or middle-term nutritional status, as measured by HAZ. De Brauw (2011) estimated whether 

migration and remittances could mitigate the negative impact of a food crisis on children’s dietary 

status in El Salvador and finds that the HAZ of children from migrant households did not decrease 

compared to that of children from non-migrant households during the food crisis in 2008. Carletto 

et al. (2011) also observed a positive relationship between the international migration of household 
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members and children’s anthropometric statistics, including Height-for-Age Z-scores (HAZ) and 

the prevalence of stunting. Studies conducted by Azzarri and Zezza (2011) and De Brauw and Mu 

(2011) utilized data from Asian countries, specifically Tajikistan and China, respectively. Azzarri 

and Zezza (2011) found a positive relationship between migration and the remaining children’s 

food security and nutrition, as measured by migration data and HAZ statistics. Furthermore, De 

Brauw and Mu (2011) revealed that the migration of household members has heterogenous effects 

on children’s nutritional status outcomes for left-behind children in rural areas. The results show 

that older children between the ages of 7 and 12 are more likely to be underweight when their 

parents migrate, while this is not the case for younger children between the ages of 2 and 6. The 

authors suggest that when parents migrate, older children take on more household chores, which 

leads to be underweighted, while remaining adults spend less time on housework.  

In summary, research investigating the correlation between migration and children’s health 

outcomes indicates a multifaceted and context-dependent relationship. Some studies report 

positive effects on infant mortality and anthropometric statistics, while others highlight negative 

effects on preventive health services and breastfeeding practices. Previous research emphasizes 

the importance of understanding the effects of migration and remittances on children’s health to 

inform policymaking. However, it is crucial to note the need for additional research to address the 

existing knowledge gap.  

 

Data and Descriptive Statistics 

Mexican Family Life Survey (MxFLS) Data 

The analysis of the connection between international migration of agricultural household 

members and the health of children who are left behind is conducted using the first two waves of 
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the Mexican Faily Life Survey (MxFLS). The MxFLS is a nationally representative longitudinal 

household survey carried out in Mexico, designed by researchers from both Mexico and the United 

States. The first wave of the survey, conducted in 2002, involved 8,440 households from 150 

communities. The second wave followed up on over 90% of the respondents from the first wave, 

regardless of their decision to reside in either Mexico or the U.S. (Rubalcava & Teruel, 2008). The 

respondents were also asked detailed questions about individual, household, and community 

attributes. The survey also includes detailed questions regarding individual, household, and 

community characteristics.  

The MxFLS is a highly suitable data source for this study due to several reasons. Firstly, 

the MxFLS questionnaires provide extensive information regarding short- and long-term migration 

histories and maintain a high re-contact rate of over 90% of respondents in the second wave 

(Rubalcava & Teruel, 2008). Secondly, it includes detailed anthropometric information about 

children, which is utilized as the primary outcome variable of interest. Lastly, the dataset contains 

information on the receipt of cash transfers during the first wave. This detail enables the control 

of heterogenous impact of international migration on children’s nutritional status, relying on the 

standing of beneficiaries of cash transfers within rural Mexico, PROGRESA and PROCAMPO.  

 

Children’s Anthropometric (Nutritional) Indicators 

This study employs two anthropometric indicators to assess the health of children as the 

main outcome variables of interest. These indicators are Height-for-age Z-scores (HAZ) and 

Weight-for-height Z-scores (WHZ) or BMI Z-scores for children over five years of age. The Z-

scores are determined by comparing each child to an international (Antén, 2010) standard 

population of children of the same monthly age and sex as defined by the World Health 
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Organization (WHO) (De Onis et al., 2007; WHO, 2006). Different measures of children’s 

anthropometric indicators reflect different dimensions of nutritional status. HAZ is a long-term 

indicator that indicates chronic malnutrition or diseases and is less likely to measure the body mass 

relative to height and weight for z-scores and is useful to represent short-term changes in 

nutritional status. WHZ and BMIZ are used for children under five years and over five years of 

age, respectively. To evaluate the long- and short-term effects of international migration on 

children’s nutritional status, we utilize HAZ and WHZ or BMIZ as dependent variables (Acosta 

et al., 2007; Alves & Belluzzo, 2004; Antén, 2010; Attanasio et al., 2004; Duflo, 2003; Gibson et 

al., 2011; Langworthy, 2011; Morales et al., 2004; Valdivia, 2004)16. 

 

Migration Identification 

In terms of migration measures, a key concept that we are interested in identifying in 

children from migrant households is whether the children are influenced by the family member 

who has migrated to another country (Azzarri & Zezza, 2011). To construct an appropriate sample 

for this study, I have selected children who were interviewed in the first survey wave and remain 

in the same households in the second wave. Specifically, the treatment group comprises children 

from agricultural households that have one or more migrant members who are older than 15 years 

and have resided in the United States for more than a month between the first and second survey 

waves17. The control group, on the other hand, comprises children from households with working-

 
16 As per the World Health Organization (WHO) guidelines, the parameters for exclusion include Height-for-Age Z 

(HAZ) scores that fall below -6 or above +6, and Weight-for-Height Z (WHZ) scores that are below -5 or greater 

than +5. The excluded samples is highly unlikely that any sample selection bias will be introduced Antén, J.-I. 

(2010). The impact of remittances on nutritional status of children in Ecuador. International migration review, 

44(2), 269-299.  
17 Currently, a household member who is a migrated between the first and second wave may be located in either 

Mexico or the United States.  
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age member who have not visited the United States in the past five years, as of the second wave. 

This implies that we can safely assume that the control group children have not been impacted by 

the loss of labor and remittance due to U.S. migration for at least five years. However, it is 

unfortunate that data on temporary migration, which refers to household members who stayed in 

the U.S. for less than a year, is only available for the two years preceding the second survey wave. 

Although there is possibility of attrition among control group children who were influenced by a 

migrant member and who had traveled to the United States three years before the second survey 

wave for a period of less than one year, it is unlikely to have significantly changed the nutritional 

status of the children. In addition, in order to assess the effect of current labor loss on the health of 

children, we have defined two treatment groups to estimate the heterogenous impact of current 

migration on the short-term nutritional status of children left behind in Mexico. The first treatment 

group includes households with migrant members, irrespective of their current location. In 

contrast, the second treatment group is limited to families with migrant members who are currently 

residing in the United States.  

This method has enabled us to identify 1610 individual-period observations. Among these 

observations, 258 individual-period samples belong to the treatment group and reside in 

agricultural households with a migrant member. The remaining 1352 individual-period 

observations belong to the control group. Among the total observations, 42% are beneficiaries of 

PROGRESA, and 33% are beneficiaries of PROCAMPO. While households receiving 

PROGRESA are ineligible for other anti-poverty or educational subsidies, they are allowed to 

apply for PROCAMPO. Moreover, a significant portion of farming households, 84% to be precise, 

are located in rural communities with a population of less than 2,500.  
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Empirical strategies and Results 

Theoretical motivation 

The identification of the impact of international migration on children’s nutritional status 

is a complex issue because migrant households are not randomly assigned. Additionally, since 

migration is not an exogenous variable, it may be associated with several variables that also 

influence the nutritional status of children. As a result, comparing children in migrant households 

with those in non-migrant households could result in either “upward” or “downward” biased 

estimate of the impact of migration. This poses a significant practical problem in accurately 

measuring the effect of migration on children’s nutritional status.  

 

Three major concerns make a migrant decision is not assumed random: 

1. Selection bias may arise due to differences in the characteristics of migrant and non-

migrant households, where parents who are more educated and have better health 

knowledge for children are more likely to migrate (positive selection), and those who are 

less likely to migration (negative selection) may have worse nutritional outcomes.  

2. An omitted variable could also create and endogeneity problem for instance, if a household 

experience economic shocks such as crop failure or natural disasters that affect children’s 

nutritional status, this variable may be correlated with the household’s decision to migrate 

for additional income to compensate agricultural loss.  

3. Reverse causality may lead to an endogeneity problem where parents migrate due to their 

children’s malnutrition or illness. 
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This section aims to tackle the aforementioned challenges through the explanation of two 

identification strategies: the standard difference-in-differences (DID) and triple-differences 

(DDD) approaches. These methodologies will be employed to estimate the treatment effect of U.S. 

migration from farming households in Mexico on the nutritional status of children.  

 

Difference-in-Difference method 

Supposed we have child 𝑖  who belongs to group 𝑀𝑖 = 𝑚 ∈ {0,1} , where 𝑀𝑖 = 1 

represents households with migrant members, and the child is observed in period 𝑇𝑖 = 𝑡 ∈ {0,1}, 

where 𝑇𝑖 = 1 is the second wave. Let 𝑌𝑖(0) and 𝑌𝑖(1) be the potential outcomes for the child 

before and after migration, respectively, such as Height-for-Age Z-scores (HAZ). Then, the 

average treatment effect on the treated (ATT), the DID estimand, 𝛿𝐷𝐼𝐷, is given by  

 

𝐴𝑇𝑇 =  𝛿𝐷𝐼𝐷 = 𝐸[𝑌𝑖(1) −  𝑌𝑖(0)]

= (𝐸[𝑌𝑖|𝑀𝑖 = 1, 𝑇𝑖 = 1] − 𝐸[𝑌𝑖|𝑀𝑖 = 1, 𝑇𝑖 = 0])

− (𝐸[𝑌𝑖|𝑀𝑖 = 0, 𝑇𝑖 = 1] − 𝐸[𝑌𝑖|𝑀𝑖 = 0, 𝑇𝑖 = 0]) 

 

where (𝐸[𝑌𝑖|𝑀𝑖 = 1, 𝑇𝑖 = 1] − 𝐸[𝑌𝑖|𝑀𝑖 = 1, 𝑇𝑖 = 0])  and (𝐸[𝑌𝑖|𝑀𝑖 = 0, 𝑇𝑖 = 1] −

𝐸[𝑌𝑖|𝑀𝑖 = 0, 𝑇𝑖 = 0]) show the difference between the treatment and control groups in the post-

program period and pre-program period respectively. We can remove the bias caused by pre-

existing differences between the treatment and control group through a double differencing 

procedure represented in the equation above. 
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In practice, the DID estimation approach can be implemented using a linear regression 

framework. Let 𝑦𝑖𝑡  denote the height-for-age (HAZ) or weight-for-height (WHZ or BMIZ) of 

observations on date t. The primary explanatory variable is 𝑈𝑆𝑀𝐼𝐺 ∙ 𝑌𝑒𝑎𝑟, which is an indicator 

variable equal to 1 if children live in an agricultural household which has migrant household 

members who have been to the U.S. between the first and second wave in time of the second wave 

and 0 otherwise. Let 𝑈𝑆𝑀𝐼𝐺𝑖  denotes indicator variables for migration status, 𝑌𝑒𝑎𝑟𝑖  time 

indicators, and 𝑋𝑖  is a vector of control variables. Additionally, let 𝜀𝑖  represent an unobserved 

individual error term. 

 

𝐻𝐴𝑍𝑖 = 𝛼 +  𝛿𝐷𝐼𝐷 ∙ 𝑈𝑆𝑀𝐼𝐺 ∙ 𝑌𝑒𝑎𝑟𝑖 +  𝛾 ∙ 𝑌𝑒𝑎𝑟𝑖 +  𝜆 ∙ 𝑈𝑆𝑀𝐼𝐺𝑖 + 𝑋𝑖 ∙ 𝛽 + 𝜀𝑖 (1) 

 

Here, 𝜆 represent the difference in the mean outcome variable (i.e. HAZ, WHZ, or BMI) 

between children living in households with migrant members and children living in households 

without migrant members before migration, and 𝛿𝐷𝐼𝐷 represents the DD estimator, which captures 

the difference in the change in the outcome variable between the two groups after migration, while 

controlling for any pre-existing differences in the outcome variable.  

 

Difference-in-Difference-in-Differences (DDD) method 

Difference-in-differences estimation methodology, which offers an opportunity to account 

for variables that potentially influence the nutritional status of children in migrant households. 

This is achieved by comparing the nutritional status of children in migrant households with that of 

children in non-migrant households and examining variations in the outcome variable before and 

after migration. By employing this method, we can effectively exclude the influence of invariant 
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temporal trends and other confounding variables that may equally affect both the treatment and 

control groups under study. 

However, it is important to acknowledge that there may still be unobserved factors that 

influence migration decisions and correlate with the outcome variable. To address this concern, 

we utilized the Triple-difference (DDD) method, incorporating and interaction term that represents 

both the indicators of cash transfer recipients and migrant households. This inclusion allows us 

effectively to control for and estimate the heterogenous treatment effect specific to the two 

prominent cash transfer initiatives in Mexico, namely PROCAMPO and PROGRESA. The Triple-

differences approach offers a notable advantage by effectively controlling for time-varying 

unobservable factors that may differentially impact individuals based on their migration status and 

receipt of cash transfers. In our analysis, we consider three essential dimensions: migration status, 

cash transfer beneficiary status, and time.  

The first difference in our analysis pertains to migration status, enabling a comparison of 

outcomes between individuals who have migrated and those who have not. This comparison allows 

us to identify divergences in the effects experienced by these two groups. The second difference 

is based on whether individuals receive cash transfers or not, allowing us to differentiate between 

beneficiaries and non-beneficiaries. This differentiation provides valuable insights into the varying 

impacts of cash transfers. Lastly, by incorporating time as our third dimension, we can observe 

how these effects evolve over time, providing a comprehensive understanding of the dynamics 

involved.  

 

𝑦𝑖𝑡 =  𝛽 ∙ 𝑈𝑆𝑀𝐼𝐺 ∙ 𝑇𝑖𝑚𝑒 ∙ 𝐶𝑎𝑠ℎ𝑖 +  𝛾 ∙ 𝑋𝑖 + 𝜁 ∙ 𝑈𝑆𝑀𝐼𝐺𝑖 ∙ 𝑇𝑖𝑚𝑒𝑖 + 𝜆 ∙ 𝑈𝑆𝑀𝐼𝐺𝑖 ∙ 𝐶𝑎𝑠ℎ𝑖 +

𝜇 ∙ 𝑇𝑖𝑚𝑒𝑖  ∙ 𝐶𝑎𝑠ℎ𝑖 + 𝜈 ∙ 𝑈𝑆𝑀𝐼𝐺𝑖 + 𝜉 ∙ 𝑇𝑖𝑚𝑒𝑖 + 𝜎 ∙ 𝐶𝑎𝑐ℎ𝑖 + 𝜀𝑖 (2) 
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The triple-difference specification incorporates an interaction term among migration, cash 

transfer beneficiary status, 𝑈𝑆𝑀𝐼𝐺 ∙ 𝑇𝑖𝑚𝑒 ∙ 𝐶𝑎𝑠ℎ𝑖 , and time variables. These interaction terms 

enable the triple-difference analysis to account for group-specific unobserved temporal shifts or 

consumption patterns pertinent to children’s nutritional status and migration.  

 

Results 

Table 4.2 presents the results of the standard difference-in-differences (DID) estimation on 

the long-term and short-term nutritional status of children in agricultural households, and the 

relationship with U.S. migration of household members. The Height-for-Age Z-scores (HAZ) is 

an indicator of children’s long-term nutritional status, while the Weight-for-Height (WHZ) or 

BMI-for-Age Z-scores (BMIZ) is an indicator of children’s short-term nutritional status. The first 

and second columns report the DID regression results for HAZ, and the third and fourth columns 

show the DID regression estimates on WHZ (BMIZ). Furthermore, in this study, we identified 

children from migration households in two different ways. In columns (1) and (3) of Table 4.2, the 

regression results with treatment groups include children from agricultural families with migrant 

members who have been to the U.S. between the first and second waves, regardless of their current 

residential locations. In contrast, in columns (2) and (4), the treatment groups include children 

from agricultural households with migrant members who currently reside in the U.S., implying the 

absence of current labor loss. The standard difference-in-differences results in Table 4.2 from 

columns (1) to (4) show that the household members’ U.S. migration is positively associated with 

the long-term and short-term health status of children from agricultural households, but the results 

are not statistically significant.  
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The results derived from the application of the triple-differences specification, including 

an interaction term for migration status and cash transfer recipients, are presented in Tables 4.3 

and 4.4. Table 4.3 provides an analysis with a focus on PROCAMPO beneficiary status. The 

interaction term for PROCAMPO beneficiary status, migration status, and year yield a significant 

outcome as shown in column (1). The coefficient was found to be 0.729, indicating statistical 

significance at the 1% level, with the height-for-age z-score employed as the dependent variable. 

This suggests a strong and statistically significant relationship between the three factors and 

children's nutritional status in the context of international migration. It reveals that, over time, 

children from households with a migrant member and receiving PROCAMPO cash transfers 

exhibited an improvement in nutritional status by 0.864 and 1.03 z-scores, in contrast to children 

from non-migrant households or those not receiving PROCAMPO cash transfers. 

Column (2) of Table 4.3 expands upon this analysis by focusing on migrant households in 

which the migrant member currently resides in the U.S., which we assume to be the treatment 

group. The results of this regression demonstrate that, over time, children from agricultural 

households with a current U.S.-based migrant member and receiving PROCAMPO cash transfers 

show improved height-for-age z-scores by 0.986 and 1.152 z-scores, compared to those in non-

migrant households or those not receiving PROCAMPO cash transfers. These results were 

statistically significant at the 1% level. Nevertheless, the triple difference regression results for 

WHZ or BMIZ scores for the two treatment groups presented in columns (3) and (4) yielded both 

negative and positive coefficients but were not statistically significant. 

Table 4.4 offers an analysis involving an interaction term between PROGRESA recipients 

and household migration status. The data suggest that children from PROGRESA beneficiary and 

migrant households exhibited improved HAZ scores of 0.106 and 0.2756 z scores compared to 
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children from non-migrant households and non-PROGRESA beneficiary households, irrespective 

of the current migrant status. Additionally, column (2) takes into account households with current 

U.S. migrant members as the treatment group, indicating that children from households receiving 

PROGRESA cash transfers and with migrant members saw improvements of 0.062 and 0.191 z 

scores compared to non-migrant and non-beneficiary households. However, these differences were 

not statistically significant. Columns (3) and (4) of Table 4.4 present the triple differences 

estimation for WHZ and BMIZ scores of children, but no statistically significant outcomes were 

observed. 

 

Robustness Check 

Propensity Score Matching with Difference-in-Differences (PSM-DD) 

The conventional approach to Difference-in-Differences analysis assumes that, in absence 

of the intervention, the average outcomes for both the treated and control groups would have 

followed parallel paths over time. However, this assumption may not hold if the decision to migrate 

is correlated with pre-period characteristics that are themselves correlated with the dynamics of 

the outcome variable, which in our study is children’s nutritional status, and such correlation may 

lead to biased estimate if they are not addressed in the analysis (Abadie, 2005). 

In non-experimental studies, the propensity score methods are commonly used to reduce 

selection bias by improving baseline balance between treatment and control groups. In the context 

of difference-in-differences analysis, the propensity score is employed as the probability of 

receiving the treatment, which in this study is international migration from Mexico to the U.S. 

This involves the use of a matching method to ensure that treatment and control groups are as 

similar as possible in terms of observed baseline characteristics (Rosenbaum and Rubin, 1983; 
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Stuart, 2010; Stuart et al., 2014). Specifically, we identify a matched subset from the treatment 

and control groups based on measures of baseline characteristics.  

Table 4.5 presents a comparative evaluation of individual, household, and regional level 

characteristics between treatment and control groups. It illustrates these characteristics for the 

entire sample before the application of propensity score matching (first column), and the refined 

sample post-propensity score matching (second column). Figure 4.1, meanwhile, visually 

demonstrates the propensity scores of observations, both before and after the application of the 

propensity score matching technique. As mentioned above, the purpose of using propensity score 

matching was to ensure the selection of treatment and control groups that exhibit similar baseline 

characteristics, propensity score. This process is clearly depicted in Figure 4.1, where the 

propensity score shows a significant alignment in characteristics across both groups following the 

matching process. By employing this methodology, we were able to construct a robust sample of 

386 individual-period observations. This sample, in turn, was balanced in its representation and 

allowed for the effective migration of potential confounding variables.  

 

PSM-DD Results 

Table 4.6 represents the results of a standard difference-in-differences estimation 

performed on a propensity-score matched sample. Although the long-term and short-term 

nutritional indicators for children from migrant households appeared to increase relative to those 

from non-migrant households (as evidenced by columns (1) to (4)), these results lacked statistical 

significance.  

Table 4.7 and 4.8 display the outcomes of a triple difference estimation, employing 

interaction terms of migration and cash transfer beneficiary status among households, applied to 
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the matched sample. These tables reveal findings that are statistically significant and align with 

the triple difference estimation conducted on the sample in our primary specification results.  

In Table 4.7, Columns (1) and (2) report a statistically significant interaction term for 

PROCAMPO beneficiary households, migrant households, and time, showing a coefficient of 

1.072 and 1.045, respectively significant at 1% level. This suggests that over time, height-for-age 

z-scores for children from PROCAMPO beneficiary and migrant households have improved 1.551 

and 1.514 z-scores in Column (1), and 1.366 and 1.378 z-scores in Column (2) compared to those 

from non-migrant and non-cash transfer beneficiary households. However, when considering 

weight-for-height z-scores (WHZ) and BMI-for-age z-scores (BMIZ) as dependent variable 

(Column (3) and (4)), these results do not attain statistical significance.   

Table 4.8 focuses on the triple difference estimation for height-for-age, adding an 

interaction term for PROGRESA beneficiary status, migrant households, and time. In Column (1), 

which considers migrant households regardless of the current location of residence, we observe 

statistically significant results at the 10% level. The interaction term for cash transfer beneficiaries, 

migrant households, and time was 0.740, which implies that over time, the height-for-age z-scores 

of children from PROGRESA beneficiary and migrant households improved by 1.15 and 0.976 z-

scores compared to children from non-migrant and non-cash transfer beneficiary households. 

However, from Column (2) onwards, when considering the treatment group with only current 

migrant household members or when the dependent variable is either WHZ or BMIZ scores of 

children from agricultural households (Column (3) and (4)), the results from the triple difference 

regression analysis with matched samples based on baseline characteristics did not achieve 

statistical significance.  
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Conclusion and Discussion 

In conclusion, this research conducts a comprehensive exploration of the influence of 

household migration status and enrollment in cash transfer programs (PROCAMPO and 

PROGRESA) on children’s nutritional status in rural Mexico, focusing specifically on the 

agricultural labor channel. Methodologically, we utilized both standard difference-in-differences 

and triple-differences models to account for potential endogeneity arising from the non-random 

selection of migrant households for the treatment group. To further enhance our analysis, we 

applied a propensity score matching technique to create a balanced sample based on baseline 

individual, household, and regional characteristics, and employed difference-in-differences and 

triple differences estimations on this matched sample as a robustness check.  

Our primary models use children’s nutritional status indicators (height-for-age z-scores 

(HAZ), weight-for-height z-scores (WHZ), or BMI-for-age z-scores (BMIZ) by age) as dependent 

variables, with the migration status of households as the independent variable. Our results suggest 

a positive correlation between household migration in agricultural areas and children’s nutritional 

outcomes. However, these associations did not achieve statistical significance.  

Incorporating triple difference estimations allowed us to control for the heterogenous 

impacts of migration on children’s health arising from observable and unobservable confounders 

linked to cash transfer eligibility. This provided insights into potential interaction effects between 

migration status and cash transfer participation. Our findings indicate that the long-term nutritional 

indicator, HAZ, showed consistent improvement over time for children in migrant households 

benefiting from cash transfers, compared to those in non-migrant households. However, only 

PROCAMPO showed statistically significant results. For short-term nutritional indicators, WHZ 

and BMIZ, the results were mixed and statistically insignificant.  
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The parallel trends assumption, important for implementing a difference-in-differences 

identification strategy to explore causal links, suggests that absent the treatment – in our case, 

migration of household members – the average outcomes (health status, in this case) for both the 

treatment and control groups would exhibit parallel trends over time. In the context of our study, 

the treatment group consists of children from households that experienced migration to the U.S. 

between the first and second waves, whereas the control group consists of households with no U.S. 

migration within the same period. Given the intricate and long-standing history of agricultural 

migration from Mexico to the U.S., defining a cutoff for treatment using the survey data was 

challenging. Testing for parallel trends requires several years of panel data. This, in effect, made 

it difficult to definitively establish the proven parallel trends in the difference-in-differences study.  

To address this constraint, in the robustness check section, we aligned our sample based on 

characteristics prior to the treatment period. We opted to employ propensity score matching, which 

allowed us to make a more balanced comparison between our study groups. This strategy 

effectively reduces potential bias to confounding variables and strengthens overall findings. The 

outcomes aligned consistently with the main specification, showing a positive and significant 

association between migration and long-term nutritional status when an interaction term 

encompassing PROCAMPO beneficiary status, household migration status, and time was 

introduced in the triple difference specification.  

The present study provides notable contributions to both the academic discourse and policy 

design. By focusing on children from agricultural households, it addresses es a significant gap in 

the literature of international migration on household welfare, specifically children’s nutritional 

status. This focus is particularly relevant considering that agricultural labor is a major source of 
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migration and remittances in developing countries, a situation which can produce contrasting 

impact on family well-being due to potential adverse effect due to labor loss.  

The finding highlights the interconnectedness of economic factors like migration and cash 

transfer programs on children’s health outcomes in rural communities. This underscores the need 

for more integrated approaches in economic and health research to unravel the complex causal 

pathways that influence child nutrition. The study also calls for greater consideration of context-

specific factors, such as agricultural productivity, in understanding the effects of economic policies 

on health. For policy design, the findings suggest the potential benefits of coupling cash transfer 

programs with strategies that enhance household income and food security. It also underscores the 

need for more targeted interventions that take into account the specific circumstances of migrant 

households in rural areas. Future research could build on these findings by exploring other socio-

economic factors that could affect children’s nutritional status and by conducting more rigorous 

evaluation of cash transfer programs in different contexts.  
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<Table 4.1. Summary Statistics of Agricultural Households: A Comparison between Migrant Households 

and Non-Migrant Households (N=1610) > 

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

 
Whole Sample Migration HH 

Non-Migration 

HH 
Diff. 

Health Status     

HAZ -0.9725 -0.8200 -1.0016 -0.1816** 

BMI 0.3970 0.3886 0.3986 0.0101 

     

Individual 

Characteristics 
    

Female 0.4994 0.5194 0.4956 -0.0238 

Age Under 2 0.0335 0.0078 0.0385 0.0307** 

Age b/w 2&5 0.2335 0.2481 0.2308 -0.0173 

Age b/w 5&10 0.5404 0.5194 0.5444 0.0250 

     

Household 

Characteristics 
    

Household Edu 0.0882 0.0388 0.0976 0.0589*** 

% Under 15 0.5282 0.5539 0.5233 -0.0306*** 

Own Telephone 0.1963 0.2558 0.1849 -0.0709*** 

Own wash 

machine 
0.7491 0.8760 0.7249 -0.1511*** 

Own Toilet 0.4634 0.6202 0.4334 -0.1867*** 

Water source 0.2733 0.2636 0.2751 0.0116 

Wal material 0.6261 0.6047 0.6302 0.0255 

Room per 

Capita 
0.3583 0.3523 0.3594 0.0071 

     

Regional 

Characteristics 
    

Regional Safety 0.4373 0.2713 0.4689 0.1976*** 

pop1 0.0435 0.0233 0.0473 0.0241* 

pop2 0.0236 0.0155 0.0251 0.0096 

pop3 0.1019 0.0620 0.1095 0.0475** 

pop4 0.8311 0.8992 0.8180 -0.0812*** 

Cash Transfers     

PROGRESA 0.4236 0.3953 0.4290 0.0336 

PROCAMPO 0.3317 0.4806 0.3033 -0.1774*** 

 



 

129 

< Table 4.2. Difference-in-Differences Analysis: Impact of US Migration on Children's Nutritional Status 

among Agricultural Households (N=1610) > 

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

 HAZ HAZ 

(Current Absent) 

BMI BMI 

(Current Absent) 

     

Migration * 0.0249 0.0847 0.134 0.164 

Year (0.0926) (0.101) (0.111) (0.121) 

     

Migration 0.000785 -0.0125 -0.129 -0.134 

 (0.110) (0.119) (0.116) (0.126) 

     

Year 0.178*** 0.171*** 0.00723 0.00746 

 (0.0371) (0.0364) (0.0445) (0.0436) 

     

Constant -1.129** -1.123** 0.513 0.510 

 (0.413) (0.413) (0.425) (0.425) 

adj. R2 0.321 0.321 0.0693 0.0692 

Control YES YES YES YES 

Standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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< Table 4.3. Triple Differences Analysis: Impact of US Migration on Children's Nutritional Status among 

PROCAMPO and NON-PROCAMPO Households (N=1610) > 

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

 HAZ HAZ 

(Current Absent) 

BMI BMI 

(Current Absent) 

PROCAMPO * 0.729*** 0.855*** -0.128 0.0241 

Migration * (0.187) (0.203) (0.226) (0.246) 

Year     

     

PROCAMPO * -0.623** -0.695** 0.0945 0.145 

Migration (0.217) (0.239) (0.231) (0.255) 

     

PROCAMPO * -0.135 -0.131 0.0298 0.00375 

Year (0.0800) (0.0779) (0.0968) (0.0944) 

     

Migration * -0.301* -0.297* 0.190 0.152 

Year (0.125) (0.136) (0.151) (0.165) 

     

PROCAMPO 0.00897 -0.00287 -0.136 -0.141 

 (0.0961) (0.0936) (0.102) (0.0996) 

     

Migration 0.290* 0.307 -0.159 -0.191 

 (0.146) (0.161) (0.156) (0.171) 

     

Year 0.219*** 0.212*** -0.00180 0.00629 

 (0.0441) (0.0434) (0.0533) (0.0526) 

     

Constant -1.113** -1.096** 0.531 0.509 

 (0.413) (0.413) (0.426) (0.426) 

adj. R2 0.327 0.327 0.0711 0.0715 

Control YES YES YES YES 

Standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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< Table 4.4. Triple Differences Analysis: Impact of US Migration on Children's Nutritional Status among 

PROGRESA and NON-PROGRESA Households (N=1610) > 

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

 HAZ HAZ 

(Current Absent) 

BMI BMI 

(Current Absent) 

PROGRESA * 0.218 0.181 0.0819 -0.0195 

Migration * (0.189) (0.203) (0.226) (0.243) 

Year     

     

PROGRESA * 0.239 0.288 0.244 0.304 

Migration (0.213) (0.228) (0.227) (0.242) 

     

PROGRESA * 0.112 0.119 -0.216* -0.208* 

Year (0.0748) (0.0737) (0.0896) (0.0883) 

     

Migration * -0.0576 -0.00990 0.0943 0.187 

Year (0.119) (0.139) (0.143) (0.167) 

     

PROGRESA -0.182 -0.183 0.172 0.177 

 (0.0948) (0.0938) (0.100) (0.0991) 

     

Migration -0.0959 -0.137 -0.227 -0.298 

 (0.139) (0.160) (0.148) (0.171) 

     

Year 0.130** 0.122* 0.0997 0.0937 

 (0.0490) (0.0475) (0.0587) (0.0569) 

     

Constant -1.049* -1.052* 0.512 0.502 

 (0.414) (0.413) (0.426) (0.426) 

adj. R2 0.325 0.325 0.0747 0.0748 

Control YES YES YES YES 

Standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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<Table 4.5. Differences in Characteristics between Migrant and Non-Migrant Households: Before and 

After Propensity Matching> 

 

 (1) (2) 

 Before Matching After Matching 

 Diff. Diff. 

Household Characteristics    

Household Head Education 0.0589*** 0.0081 

Female Household Head -0.1290*** -0.0451 

Own Telephone -0.0709*** -0.0214 

Source of water to drink 0.0116 0.0333 

Own wash machine -0.1511*** -0.0635* 

Do you have toilet? -0.1867*** -0.0420 

Number of Rooms per capita 0.0071 -0.0135 

   

Regional Characteristics   

Area with high crime 0.1976*** 0.0881* 

Rural area (Population below 

2,500) 

-0.0812*** -0.0086 

States Indicators -1.2193*** -0.8266* 

   

Cash Transfers   

PROGRESA beneficiaries 

HH 

0.0336 0.0265 

PROCAMPO beneficiaries 

HH 

-0.1774*** -0.0119 

N 1610 386 

Standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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<Table 4.6. Difference-in-Differences Analysis: Impact of US Migration on Children's Nutritional Status 

among Matched Observations of Agricultural Households (N=386) > 

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

 HAZ HAZ 

(Current Absent) 

BMI BMI 

(Current Absent) 

     

Migration * 0.0672 0.163 0.229 0.231 

Year (0.154) (0.145) (0.177) (0.167) 

     

Migration 0.00444 -0.0229 -0.320 -0.302 

 (0.188) (0.180) (0.176) (0.168) 

     

Year 0.136 0.0930 -0.0883 -0.0597 

 (0.126) (0.107) (0.145) (0.123) 

     

Constant -2.161 -2.123 -2.057 -2.105 

 (1.217) (1.218) (1.075) (1.076) 

adj. R2 0.338 0.339 0.196 0.196 

Control YES YES YES YES 

Standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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< Table 4.7. Triple Differences Analysis: Impact of US Migration on Children's Nutritional Status among 

Matched Observations of PROCAMPO and NON-PROCAMPO Households (N=386)> 

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

 HAZ HAZ 

(Current Absent) 

BMI BMI 

(Current Absent) 

PROCAMPO * 1.072*** 1.045*** -0.426 -0.0440 

Migration * (0.298) (0.280) (0.355) (0.337) 

Year     

     

PROCAMPO * -0.801* -0.772* 0.282 -0.0200 

Migration (0.373) (0.360) (0.353) (0.340) 

     

PROCAMPO * -0.479* -0.321 0.328 0.0718 

Year (0.244) (0.205) (0.291) (0.247) 

     

Migration * -0.442* -0.333 0.430 0.253 

Year (0.205) (0.193) (0.244) (0.233) 

     

PROCAMPO 0.0000716 -0.131 -0.463 -0.278 

 (0.301) (0.251) (0.285) (0.238) 

     

Migration 0.364 0.324 -0.459 -0.306 

 (0.250) (0.247) (0.237) (0.233) 

     

Year 0.360* 0.248 -0.242 -0.0943 

 (0.167) (0.143) (0.199) (0.172) 

     

Constant -2.512* -2.395* -2.156* -2.250* 

 (1.210) (1.215) (1.080) (1.084) 

adj. R2 0.368 0.369 0.207 0.205 

Control YES YES YES YES 

Standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 

 



 

135 

< Table 4.8. Triple Differences Analysis: Impact of US Migration on Children's Nutritional Status among 

Matched Observations of PROGRESA and NON-PROGRESA Households (N=386)> 

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

 HAZ HAZ 

(Current Absent) 

BMI BMI 

(Current Absent) 

PROGRESA * 0.740* 0.580 0.0468 -0.0637 

Migration * (0.310) (0.301) (0.361) (0.349) 

Year     

     

PROGRESA * -0.0469 0.0564 -0.141 -0.144 

Migration (0.375) (0.362) (0.352) (0.339) 

     

PROGRESA * -0.410 -0.281 -0.180 -0.164 

Year (0.253) (0.228) (0.294) (0.265) 

     

Migration * -0.236 -0.0695 0.206 0.289 

Year (0.199) (0.187) (0.232) (0.217) 

     

PROGRESA 0.185 0.128 0.317 0.373 

 (0.313) (0.284) (0.293) (0.266) 

     

Migration 0.0305 -0.0691 -0.262 -0.296 

 (0.239) (0.228) (0.225) (0.214) 

     

Year 0.309 0.181 -0.0122 -0.00820 

 (0.164) (0.128) (0.191) (0.149) 

     

Constant -2.099 -2.062 -2.036 -2.058 

 (1.222) (1.220) (1.083) (1.079) 

adj. R2 0.350 0.349 0.201 0.204 

Control YES YES YES YES 

Standard errors in parentheses 
* p < 0.05, ** p < 0.01, *** p < 0.001 
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<Figure 4.1. Distribution of Propensity Score: Before and After Matching > 
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CHAPTER 5 

CONCLUSION 

In conclusion, this dissertation conducts an extensive analysis of the socio-economic 

consequences of migration within developing nations, focusing particularly on Mongolia and 

Mexico. The first chapter navigates the intricate link between informal settlements and air 

pollution within Ulaanbaatar, Mongolia’s capital city. Our study, utilizing pioneering deep 

learning techniques and satellite imagery, provides an innovative viewpoint on how the 

population of informal settlements affects air pollution levels. A significant and positive 

correlation was found between the number of ‘gers’ and several air pollutant levels, underlining 

the environmental implications of urbanization and migration in developing nations. The second 

chapter explores the nuanced relationship between internal migration and educational investment 

among Mongolia’s urban native youth. Through the lens of secondary education completion 

rates among young urban individuals, our research offers crucial insights into the crowd-in and 

crowd-out effects of heightened immigration on education and labor markets. The findings 

suggest that increased immigration rates generally foster human capital development, resulting in 

a higher propensity for native youth to pursue higher educational attainment. The third and 

concluding chapter delves into the impact of household migration and enrollment in cash transfer 

programs on children’s nutritional status in rural Mexico. Our research demonstrates that while 

migration in agricultural households typically has a positive correlation with children’s 

nutritional outcomes, it only holds statistical significance when intertwined with cash transfer 

programs. The results emphasize the complicated interaction of migration, economic policies, 

and health outcomes, underscoring the need for more integrated and context-specific policy 
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interventions. Overall, this dissertation highlights the multifaceted environmental and socio-

economic impacts of migration and demographic transition in developing countries. The research 

delivers a comprehensive exploration of the multidimensional aspects of migration impact, 

offering valuable insights for future research and policy formulation. The innovative use of 

unconventional data sets and computational methodologies lays a strong foundation for further 

exploration of this intricate topic, catalyzing future research that can continue to broaden the 

boundaries of demographic studies. We anticipate that the methodologies and insights presented 

in this dissertation will lay a firm foundation for future studies, deepening our understanding of 

the complex phenomena of migration in the developing world. 
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