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Abstract
Age, gender and education are the three largest sources of observable heterogeneity in the study of
population. Understanding these demographic differentials are essential for projecting future population
sizes and compositions (Lutz 2014). Exploiting the harmonized census records in the Integrated Public Use
Microdata Series for 58 countries over the period 1960-2011, we first describe migration intensity by
gender and education. Subsequently, we fit a series of weighted multilevel gravity-type spatial interaction
model. We utilize a range of variables to study differences between migration of population subgroups
(i.e. gender and education) from country specific contextual factors as well as regional ``push'' and ``pull''
factors. We find distinct patterns in the migration levels through different education groups, where for
example, more educated migrants are associated with longer distance moves and away from older
regions. Within education levels variations by gender are also apparent. For example, males at lower
education levels are attracted to areas with better job opportunities than their female counterparts.

1 Background
Population heterogeneity plays an important role in shaping demographic behaviors. Age, gender and
education are the three largest sources of observable heterogeneity in the study of population (Lutz
2014a). Understanding demographic differentials in population dynamics are relevant for helping
explaining societal changes and for projecting future population sizes and compositions (Lutz 2014b).
Whilst age, gender and education dimensions are well understood in fertility and mortality across both
time and space, there are considerably fewer studies by these measures for migration.
Consistencies in the age patterns of migrants are comparatively well understood in comparisons to gender
and education dimensions. Migration rates are generally consistent across different populations, with
higher rate of migration in early adulthood and lower rate of migration upon exit from the labor market
(Rogers and Castro 1981) although variations are known to exist (Bernard et al. 2014; Bernard and Bell
2015). Migration decision are known to vary along the life-cycle model where life-course transitions such
as leaving parental home, marriage and employment determine patterns of movement (Aybek et al.
2015).

There are scarce empirical regularities in gendered patterns of migration. Most gendered studies of
migration are carried out with an anthropological perspective based on qualitative, ethnographic and
eclectic methods (Donato et al. 2006). Evidence of gender differentials in migration patterns thus remain
inconclusive. While studies of micro-level data pointed to a feminization of migration (Camlin et al. 2014;
Reed et al. 2010) distinct male migration corridors are still evident, and in some international cases have
increased in volume and shares in recent decades (Abel 2017). The lack of clear evidence on gendered
patterns of migration might depend on differentials in socioeconomic structure of a country and time
period studied. The increase in the number of international female migrations in OECD countries, for
instance, is due to a growing number of economic migrants among women as opposed to marriage
migration or family reunification (Le Goff 2015) .
Furthermore, there is no conclusive evidence on whether migrants are drawn upon a pool of less or more
educated individuals. Empirical studies show that the direction of selectivity by educational level differs
across countries (Cattaneo 2007; Gould 1982). Empirical studies at the individual level provide
inconsistent evidence on the relationship between education and the propensity to migrate. On the one
hand, a series of studies reported a positive effect of educational attainment on the likelihood of migration
(Donato 1993; Stark and Taylor 1991; Williams 2009; Yang and Guo 1999) . On the other hand, many
studies found a negative relationship between education and migration (Massey et al. 1987; Massey and
Espinosa 1997; Quinn and Rubb 2005)and some studies reported no significant association at all (Adams
1993; Curran and Rivero-Fuentes 2003). The inconsistency in the impacts of educational attainment on
migration may partially have to do with a changing gender role. Given that conventionally men are more
likely to migrate to secure employment or to improve living conditions than women, it is expected that
the effects of educational attainment on migration are stronger for men. Nevertheless, Williams (2009)
reported that with a rise in female participation in the labour force, women in rural Nepal are increasingly
migrating for job reasons rather than exclusively for marriage reasons. Accordingly, she found that
education is more important for female migration than that of male.
In order to provide a more consistent findings on migration differentials by gender and education,
comparisons across multiple countries and time periods are required. Studies comparing levels and
patterns of internal migration across countries are limited (Bell et al. 2002). The lack of cross national
empirical studies of migration is due to some of the complexities involved in migration measurement and
definitions of spatial units. Comparisons of internal migration that do exist tend to be based on a handful
of countries or summary measures and rankings without disaggregation by gender or education (Bell et
al. 2015; Rees et al. 2016). To this end, our study aims to utilize statistical methods to control for crosscountry differences and provide a systematic analysis of demographic profiles of internal migrants by
gender and education across 58 countries. We initiate our study by first describing migration intensity by
gender and level of education in each country and census where data are available. Subsequently, we
investigate how both country contexts and ``push'' factors at the origin and ``pull'' factors at the
destination influence migration patterns of different gender and education groups. This is undertaken
using a series of multi-level models where we use weighting to control for differences in spatial units
across countries and random effects to control for variation amongst migration definitions, countries and
census years. In the results section we illustrate the differences in the associations by each gender and
education levels where a number of distinct differences in the country contextual variables and regional
push and pull factors are apparent. In the final section we summarize and discuss our results.

2 Data
Migration and socio demographic data are derived from harmonized census microdata samples from the
Integrated Public Use Microdata Series International (IPUMSI) database (Minnesota Population Center
2015). Each set of census microdata contains a small random sample (0.4%-10%) of unidentified private
households and associated persons based on a full census conducted by the national statistical agency in
each country. The countries and years used in this study, shown in Figure 1, are based on censuses
collected between 1960 and 2012. In total, data from 434,108,676 individual records in 58 countries and
198 censuses we used as the basis for our analysis.
The initial exploratory plot in Figure 2-1 demonstrates variation in the female share of internal migration
flows across education groups in both space and time. In many countries there is low proportion of female
flows in the higher education attainment categories, most noticeably in African and Asian countries.
Where data from multiple censuses are available we see the feminization of migration in action at
different stages depending on the education group. For example, in Cameroon or Thailand the proportion
of female migrants in the more educated age groups is much lower in the first available census. The share
of female migrants becomes more balanced over time, first in the less educated populations and then in
the higher educated groups. Migration within European and North American countries tend to have
balanced gender decompositions for each educational attainment level.
Our eligibility criteria for including countries in our analysis was based on the availability of migration,
gender and education measures in the IPUMSI, where all three measures were required in order to derive
bilateral migration flows between regions by gender and educational attainment. Figure 2-2 illustrates a
map of countries used in this study with their sub-regional boundaries used to define a migration flow.
One advantage of using the IPUMSI database is that potential explanatory variables of migration are both
available and standardized to allow for cross-country comparisons. However, the geographical detail
available for each country is not uniform and depends on the density of the sample size, the distribution
of the population and the administrative units in place.

Figure 2-1 Countries and census years used in the study, along with the proportion of female internal
migrants calculated from the IPUMSI data.

Figure 2-2 Countries used in the study and their sub national boundaries.

3 Measurement and Model Specification
3.1 Migration Measurement
The count of migration flows between the pair of origin i and destination j were taken from the question
which asks individuals where they lived previously. These can be separated into two broad classes based
on 1) a question asking respondents for their place of residence at a fixed time interval (such as place of
residence five years ago) or 2) a set of three questions on the length of stay in current location, place of
previous residence, and whether the previous residence was in the same administrative unit. For the
latter, we used the combined responses to derive a one-year migration flow by counting those who had
changed their major administrative unit during the year previous to the census date. Where responses to
both classes of migration questions were available we gave preference to the fixed time interval measure.
Where multiple fixed interval measures were available we gave preference to the shortest of interval.
From these, we derived eight internal migration measures between all regions (by gender and four
education levels) based on the summation of migration responses for individuals aged 15 and above.
The geographic coding of place of current and previous residence in IPUMSI did not always correspond to
the same numeric values. On occasion they also conflicted with the IPUMSI spatial files that we used later
on to calculate distance measures. We harmonized the coding between origin and destination units

manually and where required we match these to the appropriate shapes in the spatial files. In some
countries we made one of two adjustments to the geographies to enable a more effective cross-national
comparison. Firstly, in some countries the previous and current residence of individuals were reported at
the second level of administrative units. This led to smaller numbers of reported migration in some
countries. In these cases we aggregated administrative units up to the first level of administrative
geographies to provide a more robust estimate of migration flows. Secondly, in the IPUMS shape files
administrative units at the same level were aggregated, where individual responses on the previous and
current residence were provided on the non-aggregated geography. In these cases we used spatial file
from the Database of Global Administrative Areas which provided a better more detailed match to the
regional geography provided by the migration questions from IPUMSI.

3.2 Explanatory Variables
We derived two geographic measures to study how each factor might vary by gender and education. The
first was based on the distance DISTij between origin and destination regions corresponding to our
migration flow measures. We used a Euclidean distance i.e. the straight-line distance between two points
calculated from the centroid of each administrative unit to the centroid of all other administrative units
in the same county. The second was a contiguity CONTij dummy variable that equaled one if regions share
a border and zero otherwise.
Other socio-demographic and economic variables previously found to be associated with migration were
also constructed based on the information in the census microdata for each administrative unit. These
variables include: 1) the total population of the origin and destination region (POPi and POPj) 2) the
proportion living in an urban environment in the region (URBANi and URBANj) 3) the median age of the
population (AGEi and AGEj) 4) the proportion economically active (EMPi and EMPj) aged between 15 and
60 years old and 5) the proportion who did not complete their primary education (LOWEDi and LOWEDj).
Summary measures of each of these variables are shown in Table 3-1. Also given in Table 3-1 are
summaries for country-time specific economic factors; GDP per capita (GDPc) and the Gini coefficient
(GINIc), a standard measurement of income inequality. These two variables will allow us to see how the
levels of migration by gender and education vary in countries with different economic conditions.
Table 3-1 Summary of explanatory data used in the study

Variable
GDP per capita (GDP)
Income Inequality (GINI)
Population (POP)
Distance (DIST)
Contiguity (CONT)
Urban Proportion (URBAN)
Median Age (AGE)
Actively Employed (EMP)
Low Education Proportion (LOWED)

N

Mean

Std. Dev. Min.

Max.

198
198
5,604
132,732
132,732
4,356
5,604
5,183
5,559

110,21.92
42.61
2,311,312
543.15
0.07
0.37
22.4
0.61
0.47

11,676.47
9.41
7,863,921
612.17
0.26
0.31
7.2
0.13
0.3

50,512.41
67.4
160,415,921
16,001.12
1
1
50
1
1

596.69
21.8
80
1.3
0
0
12
0.21
0

3.3 Missing Data
The URBAN, EMP and LOWED variables were not always available for each administrative unit in each
census, with 22.2%, 7.5% and 0.8% missing respectively. Rather than dropping all the migration flows to
and from these observational units, we used a multiple imputation strategy, implemented via the Ameila
R package (Honaker et al. 2006) to generate 5 alternative data sets.

3.4 Model Specification
A sequence of spatial interaction models were fit to each of the multiple imputation data sets using a
cross classified multi-level regression model. Derived from the gravity theory of migration (Zipf 1942,
1946) this model focused on the role of distance and population sizes in explaining spatial movements.
We specified our model to account for additional variation generated from a wide range of origin and
destination regions, the set of countries in our study, duration intervals to define migration and the years
of the censuses used. This was operationalized in our model using random effect parameters which cross
classify a given observed flow by each of these characteristics. Prior to fitting the gravity model we also
control for economic development and income inequality. We then use further fixed effects parameters
to study the role of socio demographic and geographic variables described above. In order to cope with
different administrative geographies in each country we weighted observations by the number of possible
migration corridors. This allowed migration flows within countries with fewer regions to weigh more than
flows within countries with many regions.
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,

where 𝜀
~ 𝑁(0, 𝜎 ) and 𝑢( ) ~ 𝑁 0, 𝜎( ) , 𝑘 = 2, … , 6. This model sequence was run eight times,
once for each gender-education attainment level combination, using the lme4 package in R (Bates et al.
2015).

4 Results
4.1 Fixed Effects
The fixed effect parameter estimates from the full model on the first of the multiple imputation data sets
is plotted in Figure 4-1. The uncertainty in the parameter effects is illustrated using the error bars which
represent 1.96 times the standard error. In this section we describe the fixed effect parameters in three

groups; country context effects, geographical factors and social and economic characteristics of the origin
and destination regions.
There are distinct differences in the country context parameters from models based on different gendereducation attainment level. The estimated parameter for the level of economic development, measured
using GDP per capita, forms a J-shape as the education levels increases. Migration of those higher levels
of attained education were associated with increases in GDP per capita. For males a 1% increase in the
national GDP per capita leads to a 0.15% increase in the overall level of migration of those with completed
university education (with all other factors remaining equal). For females with same education the effect
is large; a 1% increase in the GDP per capita leads to a 0.3% increase in the level of migration. In population
groups with either less than completed primary education or completed secondary education there was
close to no association between the level of migration and GDP per capita. However, for those with
completed primary education, a 1% increase in the GDP per capita would lead to more than a 0.1%
reduction in the number of migrant moves within the country.

Figure 4-1 Fixed effect parameter estimates and their standard errors from the full model on the first of
the multiple imputation data sets. Note, error bars represent 1.96 times the standard error.
Migration in all gender-education groups is positively associated with income inequality, as measured
using the Gini coefficient. For those with less than primary education, a unit increase in the Gini coefficient
will lead to around 0.02% more migration. The positive effect of rising income equality on migration is
consistently greater for females than males across all education groups. The migration levels of those in

higher education categories tend to be less effected by income inequality. For example, males with
completed university educations are expected to migrate at only 0.014% more from a one unit increase
in the countries Gini coefficient.
All estimated distance parameters are negative, indicating that regions further apart experience lower
levels of migration. The size of the negative parameters differs by gender and education groups. In each
gender the parameters form a distinctive J-shape as education levels increase. The estimated parameters
are lowest for those with completed primary. For males and females with completed primary educations
a hypothetical 1% increase in the distance between any two regions would lead to an approximate 0.75%
decrease in the migration flow (where all other factors remain unchanged). The migration levels of those
with higher education are least effected by longer distances, where for example as distances between
regions increase by 1% the migration flows fall on average by only 0.5%. In all levels of education, with
the exception of those with completed university educations, female groups have larger negative
parameters indicating greater sensitivity of migration flows to distance.
The contiguity parameters have a distinctly falling impact as educational attainment increases. All are
positive implying expected higher migration between bordering regions. For those in the lowest
education category bordering regions are associated with 0.7% higher migration flows on average than
non-neighboring regions. For those with completed university educations, especially males, the
association of migration and contiguous regions is lower, where a neighboring regions experience only
0.3% higher migration flows. Considered alongside the distance measures, the patterns in the estimated
parameters indicate that those with higher educational attainment are more selective and are willing to
move further in comparison to those with lower levels of education.
The effect of the population size, classically used in gravity model analyses, are at very similar levels for
all gender-education categories. Unsurprisingly the parameters at both the origin and destination are
positive indicating that migration is expected to increase as the population at either location increases.
Regions with higher levels of urbanization experience more in- and out- migration. Whilst there are no
clear distinctions in positive association of migration into destination regions by education or gender,
there are some clear differences for moves out of origin regions. Populations at either end of the
education spectrum are positively associated with higher levels of migration out of origin regions with
higher levels of urbanization than those in populations with completed primary or completed secondary
educations.
As with the urbanization effects, regions with higher median ages attract more migrants with very little
differences in the effects by gender or educational levels. Distinct differences occur between education
groups for the migration out of regions depending on the median age. In particular, those with completed
secondary and university are far more likely to leave regions with higher median ages. The strongest
association is for female migrants with completed university educations where an increase in the median
age by a single year in the origin region will lead to an expected 0.07% increase in migration levels.
Migration from in origin regions of populations in lower education groups tend to be unaffected by
changes the overall population becoming younger or growing older.
Higher proportions of the population that are actively employed in origin region are negatively associated
with migration in all education groups. The association is strongest for those with completed secondary
educations, implying that an increase in the employment level of the population will lead to relatively

lower level of migration out of the origin region than there would be in population from other educational
attainment groups. The association between migration regions and the proportion of the population that
are actively employed is switched when considering destination regions. In this case, in all education
groups there is a positive association between the high levels of employment and more migrants arriving
to the region. The association is at approximately the same level for males in all education categories as
females with university education. Males in lower educated populations are more likely migrate to regions
with higher levels of employment than their female counterparts.
Populations with completed primary education are less likely to migrate from regions where there are
high shares of the population with lower (less than primary) education. As the share of population with
lower education in origin regions increases, more migrants from all other gender-education groups (with
the exception of males with completed educated) are expected to leave. Combined, the results suggest
that those with completed primary education are aware of a competitive advantage in regions of high
proportions of population that did not complete their primary education and hence do not have the
incentives to out-migrate that are present for populations in other education groups. Similar distinctions
are present when considering the associations of destination regions with high shares of population with
less than primary education. All migrant groups are deterred from moving to these region, where all
parameter estimates are negative. However, the negative association is strongest for those with
completed primary education. Thus whilst those who do complete primary educated are strongly
incentivized to stay in low education origin regions they are also heavily deterred to move to similar
destination regions.

4.2 Multiple Imputation
In order to gauge the robustness of the model fits to the multiple imputation process, each of the
sequence of eight models was fitted to the five multiple imputation data sets. For the sake of clarity in the
previous subsection the results of parameters based on only the first of the data sets was used. In Figure
4-2 the parameters estimates from all five data sets, based on alternative imputed missing values are
plotted.
The consistency in parameter estimates for the variables where there is no missing data (population,
distance, contiguity and median age) is clearly visible. Elsewhere there is larger variation in the parameter
estimates due to the use of alternative imputed values. This is greatest in the actively employed and urban
proportion parameters, where the missingness was highest. However, almost all the parameters have
overlapping error bars indicating we can be reasonably confident that the imputation strategy has not
lead us to misinterpret the general direction or sign of estimated parameter effects.

Figure 4-2 Fixed effect parameter estimates and their standard errors from the full model on all multiple
imputation data sets. Note, error bars represent 1.96 times the standard error.

4.3 Random Effects
In each model we controlled for variation from the origin, destination, country, year and interval duration
definition for migration using random effects. In Figure 4-3 a plot of the standard deviations of each of
the random effects is shown. The estimated standard deviations from both the origin and destination
parameters indicate a low level of variation between the regions than from the other parameters. This is
due to the large number of random effect parameters (over 1200) used in each of the origin and
destination variables. In each gender-education group the standard deviation in the destination residuals
are slightly greater than from the origins, indicating a greater level of overall selectivity of migrants when
choosing their destination regions. The variation explained by the use of multiple countries accounts for
one of the largest components of variation in the model. The larger size of the country standard deviations
is due to the wide range of administrative geographies amongst our 58 countries. The administrative
geographies have direct influence on the size of migration flows, where countries with more boundaries
will generate higher migration flows. The variation in the standard deviations parameters for years
illustrates changes in the migration in countries with multiple censuses. Some of the largest differences
by educational levels in parameter values here indicate higher levels of variation in the migration levels
of those with less than primary education than for other education categories. The standard deviations
associated with the duration timing intervals are relatively large. As discussed later on, larger intervals
used in some countries resulted greater overall migration. The final set of standard deviations are

associated with the residuals. Their values are considerably smaller than the other sources of variance,
suggesting that appropriate controls for the variation between the data sources have been used.

Figure 4-3 Standard deviations of random effect parameter estimates from the full model on the multiple imputation data sets

In Figure 4-4 the random effects of the country, interval and year are plotted. We do not show the random
effect parameters for the over 1200 origin and destination regions. As discussed with the standard
deviation of these values, the level of country effects are artefacts of the administrative geography. The
interval random effects show a general increase indicating that for shorter periods of duration, less
migrants are recorded. The variation in the values is greater, especially in longer periods where only one
or two countries employ a nine year fixed interval to define migration flows. The year random effects are
a by-product of the timing of censuses in each country.

Figure 4-4 Random effect parameter estimates and their standard errors from the full model on the first
of the multiple imputation data sets

5 Summary
In this paper we have explored differences in the levels internal migration by gender and education. From
IPUMSI we constructed a near exhaustive database of migration moves within countries and potentially
related explanatory variables.
In our initial exploratory analysis we found considerable variation in the female share of internal migration
flows across education groups in both space and time. We identified some general patterns in the data;
female shares of migration totals tended to be higher in low education categories especially in earlier time
periods and less developed countries. In more recent data and in more developed countries the gender
inequality in migration was far less pronounced across all education categories. This pattern may indeed
reflect the increase in female labor force participation which then drive female labor migration
accordingly (Leibert 2016; Posel and Casale 2003).
In order to further understand these differences and to explore variation at the regional level we used a
series of multilevel models. In each model we used the migration flow count on each gender-education
level as a dependent variables. Our explanatory variables were categorized into four groups. The first
group involved economic measures to provide a country and time specific context on migration levels by
gender and education. The effect of economic development formed an inverted J-shape (as the education
levels increased). Migration of those higher levels of attained education were associated with increases
in GDP per capita, whereas migration of those with on completed primary education was associated with

decreases in GDP per capita. Migration of those with less than primary educated were also positively
associated with increases in countries GDP per capita, but to a lesser extent than those with completed
university educations. The level of migration in all gender-education levels, but especially females, were
positively associated with increases in the income inequality in countries.
Our second group of variables provide geographic explanations of the variations in migration by gender
and education. In each population we found lower levels of migration were associated with longer
distances. This negative association was less severe for those with higher education. Populations with
lower levels of education had higher levels of association between their movements to neighboring
regions than those from higher education strata. In all of our gender-education sub groups we found
positive associations between the level of migration and the levels of urbanity in both the sending and
receiving regions.
The third group of variables helped provide more detailed social demographic context to in internal
migration flows in our data set. We found distinct differences in the association between the levels of
outward migration and the regional median age. Those in higher education groups were more likely to
move away from older regions whereas those in lower education groups, in particular females with higher
education. There was little to no association in the levels of migrations and the age of the origin region
for those in lower education categories. Those with completed primary educated were associated with
lower levels of out migration when the level of employment in a region increases. They were also more
likely to remain in regions with large populations without completed primary education.
The fourth group of variables were random effects to control for variation between origin and destination
regions, as well as the country, year and duration definition used in migration. Using weighted multilevel
regression model we were able to undertake cross-national comparisons of migration whilst accounting
for differences in administrative geographies and migration definitions. We used a multiple imputation
strategy to predict some explanatory variables in order to include as many countries in our analysis as
possible.
We are undergoing work to provide full robustness checks for our results. In this paper, regression models
were run on only the positive migration flows, where zero counts were dropped, following a similar
approach as (Beine et al. 2011; Kim and Cohen 2010). Initial results for models that include the zero flows
provide similar results albeit with larger parameter estimates. We assumed our residual errors follow a
Gaussian normal distribution. We are also currently experimenting with multilevel Poisson regression
models with extensions for over-dispersion. Some of the larger models are unable to converge. The
smaller models have similar parameter estimates to the ones discussed in this paper.
In conclusion, migration, as with other demographic components of population change, can vary
considerably by both gender and education level. Using the IPUMSI data base we have completed a near
exhaustive exploration of migration patterns by different gender and education patterns at a macro level.
We found variations in the migration levels of those of different gender and education levels at both the
country level in relation to economic conditions and at the regional level in relation to geographic,
economic and social factors.
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