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I Introduction

Intergenerational mobility (IGM) in education studies the relationship between children’s

educational attainment and their parents’ corresponding attainment. It aims to provide in-

sights into the transmission of socioeconomic advantages in society and the degree of equality

of opportunity in the economy. In particular, if a society shows a strong association between

children and parents’ academic outcomes, it could mean that the family’s educational re-

sources determine the success or failure of children in school. On the contrary, if a society

shows a weak association, it could mean that everyone has similar opportunities to succeed

regardless of their family background. From a policy point of view, it is interesting to com-

pare country estimates to shed some light on the potential determinants or policies that

influence IGM.

Several economies do not offer better data alternatives than coresident samples to esti-

mate IGM (i.e., samples where the link between parents and children is only available for

those individuals who are coresiding).1 Moreover, some data sources, such as population

censuses, provide advantages in terms of geographical disaggregation and historical coverage

but only allow the use of individuals living with parents at the time of the interview (i.e.,

coresidence samples). Researchers are cautious about the suitability of coresident samples to

measure IGM because of a potential sample selection issue. Although intuitively the prob-

lem is clear, the literature documenting the size and consequences of the bias is relatively

scarce (see for example, Emran, Greene, & Shilpi, 2018; Emran & Shilpi, 2018; Francesconi

& Nicoletti, 2006).

In this paper, we contribute to understanding intergenerational mobility in education by

studying the impact of coresidence bias on its measurement. Our first contribution is to show

that the correlation coefficient is not always less biased by coresidence than the regression

coefficient as recently concluded (see Emran et al., 2018). We use the same simple model

1For example, Narayan et al. (2018); Van der Weide, Lakner, Gerszon Mahler, Narayan, and Ramasub-
baiah (2021) generates estimates of IGM for 153 countries, where 39 of them are coresident samples.
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of coresidence analyzed by the authors and highlight the key assumption needed for such a

conclusion. Then, we discuss how pooling a large set of birth cohorts to study coresidence

bias favors the correlation measure in the evidence presented to support that conclusion.

Finally, we offer new empirical evidence against the conclusion based on the two previous

points.

Our second contribution is to provide novel empirical evidence of the extent to which

coresident samples produce biased estimates for a large set of IGM indicators used in the

literature. We compare estimates of these indicators for the same countries and same birth

cohorts using two sources of data: 1) Latinobarometro social survey, which contains retro-

spective information about the educational attainment of parents (i.e., each individual is

asked the highest education attained by her parents), and 2) coresident samples obtained

from census data where we link individuals aged 21-25 years to their parents only if they live

together. We find average biases going from less than 1 percent to more than 10 percent. In

both absolute and relative mobility, we find indicators with small bias (close to 1 percent);

however, some of the indicators of relative mobility with small bias also show a small rank

correlation (i.e., dissimilar ranking between sources). We also document that this is the case

for some indicators even without coresidence bias. Our findings suggest that the information

content they provide to rank different populations across time and space according to relative

mobility is very noisy. In contrast, some of the indicators of absolute mobility provide rank

correlations between sources as high as 0.91, which suggests that they are very informative

to rank populations even in the presence of coresidence bias. Our results in the second part

of this paper have at least three implications for the recent literature on intergenerational

mobility in education. First, regarding relative mobility, the information in the Pearson

correlation coefficient and rank-based indicators computed with education data seem less re-

liable to rank economies than the intergenerational regression coefficient despite their more

negligible coresidence bias. Second, researchers still need to be careful about comparisons

across economies that pool indicators computed with coresident samples and those that use
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all children. Nonetheless, some indicators are more likely to allow such comparisons as they

show negligible coresidence bias, while others are less likely because of a large bias. Third,

the use of coresident samples obtained from census data to study absolute mobility (as done

in several recent papers) using the likelihood of achieving at least primary education condi-

tional on parents not reaching that level provides reliable information (negligible bias and

meaningful rankings).

The rest of the paper is structured as follows: Section II provides a brief overview of

related literature, putting our contribution in context. Section III re-examines the conclusion

that coresidence bias impacts the Pearson correlation coefficient less than the regression

coefficient. Section IV provides empirical evidence of the extent of coresidence bias in a

more extensive set of indicators. Finally, in Section V, we conclude with some final remarks.

II Related Literature

An extensive body of literature estimates intergenerational socioeconomic mobility using dif-

ferent measures of status (e.g., income, occupation, education, among others) at the country

level or within countries. The research that documents IGM in income is mainly focused on

high-income economies. In contrast, IGM in education is predominant in developing coun-

tries (see Emran & Shilpi, 2021; Torche, 2021, for recent surveys). Differences in the type of

data available in these countries partly drive this divergence.

In terms of measurement, there is a variety of indicators being used. Deutscher and

Mazumder (2022) recently provides a framework to classify these different measures of in-

tergenerational mobility in income into five main groups: 1) global measures of relative

mobility; 2) local measures of mobility; 3) global measures of absolute mobility; 4) global

measures of movement, and 5) broad measures of relative mobility. A similar mapping can

be applied to the indicators in the literature on IGM in education.2 Table 1 describes a

2Discussions about the type of indicators in the literature of IGM in education can also be found in
Narayan et al. (2018); Neidhöfer, Serrano, and Gasparini (2018); Torche (2021).
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(non-exhaustive) set of indicators that can be found in recent articles on IGM in education

grouped into three categories: 1) Absolute mobility: including global measures as the share

of children with higher education than parents (see YOS, CAT, and MIX) and local measures

based on conditional probabilities that focus on particular segments of the population (see

BUM-primary, BUM-secondary, TDM-primary, TDM-secondary, and UCP in Table 1); 2)

Relative mobility: including global measures such as the intergenerational regression coef-

ficient, intergenerational correlation coefficient and rank correlation (see IGRC, IGPC, and

IGSC in Table 1), and local measures such as the conditional expected rank or rank-based

transition probabilities (see CER050 and BHQ4); and 3) Movement: that considers global

indicators of movement based on Fields and Ok (1996) and a variant used in Van der Weide

et al. (2021) that can be considered a local measure of movement (see M1, M2, and DIF in

Table 1).

Table 1: Indicators of Educational Intergenerational Mobility

Name Description
Absolute Mobility
YOS Share of children with more years of schooling than parents, Y OS = Pr(Sy > So|So < max(So))
CAT Share of children with a higher level of education than parents, CAT = Pr(Cy > Co|Co < max(Co))
MIX A variant of CAT such that MIX = Pr(Cy > Co or Cy = Co = max(Co))
BUM-primary Bottom upward mobility: Pr(Cy ≥ primary|Co < primary)
BUM-secondary Bottom upward mobility: Pr(Cy ≥ secondary|Co < secondary)
TDM-primary Top down mobility: Pr(Cy < primary|Co ≥ primary)
TDM-secondary Top down mobility: Pr(Cy < secondary|Co ≥ secondary)
UCP Upper class persistence: Pr(Cy ≥ secondary|Co ≥ secondary)
Relative mobility
IGRC OLS estimate of the slope (β) in Sy = α + βSo

IGPC Pearson correlation coefficient (ρ), where ρ = Corr(Sy, So)
IGSC Spearman correlation coefficient, IGSC = Corr(Ry, Ro)
CER050 Expected rank of children with parents in bottom half, CER050 = E(Ry|Ro ≤ 50)
BHQ4 Prob. of reaching top quartile if parents are in bottom half, BHQ4 = Pr(Ry > 75|Ro ≤ 50)
Movement
M1 Average change in schooling between generations, M1 = 1

N

∑
|Syi − Soi |

M2 Average directional change in schooling between generations, M2 = 1
N

∑
(Syi − Soi )

DIF Same as M2 but for children with parents that did not complete tertiary

Notes: Sy and So denotes years of schooling of children and parents, respectively. Cy and Co denotes educational attainment as categories
(e.g., 1=less than primary, 2=primary, 3=secondary, and 4=tertiary) for children and parents, respectively. Ry and Ro denotes percentile
ranks computed using years of schooling of children and parents, respectively.

In terms of data, a non-negligible share of the estimates in the recent literature rely on

coresident samples as the information to link children’s educational attainment to one of

their parents is not always available. For example, Table 2 provides a summary of data and
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indicators in several recent studies that use coresident samples.

There are three things to highlight from this set of papers. First, there is a novel interest

in exploring intergenerational mobility within countries. For example, Alesina, Hohmann,

Michalopoulos, and Papaioannou (2020, 2021); Asher, Novosad, and Rafkin (2021); Card,

Domnisoru, and Taylor (2022); Dodin, Findeisen, Henkel, Sachs, and Schüle (2021); Munoz

(2021a); Van der Weide, Ferreira de Souza, and Barbosa (2020) focus on a sub-national

level. Second, several studies seek to build indicators that allow comparisons across coun-

tries and/or regions (see for example, Alesina et al., 2020; Munoz, 2021a). An important

implication is that different samples must be comparable, and the ranking that results from

pooling the indicators from all these sources must be meaningful. Third, all these studies

focus on a small number of birth cohorts observed at young ages at the time of the interview.

This is done to minimize potential coresidence bias by focusing on individuals at an age that

is old enough to complete a given level of education but young enough that the majority

still coreside with their parents. Moreover, most of the authors using census data rely on

measures such as bottom upward mobility (e.g., the likelihood of completing at least primary

education conditional on having parents who did not complete that level), focusing on a level

that can be completed at a young age. The use of census data is related to the interest in

sub-national measures and the fact that household survey data typically do not allow this

type of analysis because of sample size and limitations in representativeness.

As previously mentioned, the literature addressing the consequences of using coresident

samples in the context of intergenerational mobility is relatively scarce. To our knowledge,

only three papers have focused directly on the issue (Emran et al., 2018; Emran & Shilpi,

2018; Francesconi & Nicoletti, 2006), which we summarize in what follows. Francesconi and

Nicoletti (2006) look at occupational intergenerational mobility in the UK with data from

the British Household Panel Survey and find evidence that the magnitude of the bias is

substantial. Emran et al. (2018) analyze coresidence bias in the context of two indicators of

relative intergenerational mobility concluding that the intergenerational correlation is less
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Table 2: Recent literature using coresident samples to estimate IGM in education

Article Coverage Data and Sample Indicators
Alesina et al. (2021) Africa 69 censuses (aged 14-25) BUM, TDM
Alesina et al. (2020) Africa 37 censuses and 1 hh. survey (aged 14-18) BUM, TDM
Asher et al. (2021) India 2011-12 SECC Census (aged 20-23) BUM, TDM (interval)
Card et al. (2022) US Census 1940 (aged 14-18 and 14-16) BUM
Derenoncourt (2022) US Census 1940 (aged 14-18) BUM
Dodin et al. (2021) Germany Microcensuses 1997-2018 (aged 17-21) IGIG, Q5/Q1, Q1
Feigenbaum (2018) Iowa Census 1915 Iowa and 1940 US (aged 3-17) IGRC
Geng (2020) China Census 1982, 1990, and 2000 (aged 23-32) IGRC, IGPC, IGSC
Hilger (2016) US Censuses from 1940 to 2000 (aged 26-29) IGRC, IGRI
Munoz (2021a) LAC 96 censuses (aged 14-25) BUM, TDM
Munoz (2021b) Chile Census 2017 (aged 21-25) IGRC, YOS
Van der Weide et al. (2021) 153 countries Household surveys (aged 21-25) YOS, CAT, IGRC, IGPC
Van der Weide et al. (2020) Brazil Census 2010 (aged 20-24) IGRC, IGPC, YOS, IGRI

Notes: A description of most indicators (BUM, TDM, IGRC, IGPC, IGSC, YOS, and CAT) can be found in Table 1. IGRI
corresponds to the intercept in a regression between children’s years of schooling against those of parents. Dodin et al. (2021)
use some variations of the measures discussed here that combine information on educational attainment with income (income
gradient, BUM ratios). LAC refers to Latin America and the Caribbean region. Van der Weide et al. (2021) also uses MIX, DIF,
CER050, and BHQ4 for robustness, and only 39 out of their 153 samples use coresidents.

biased than the intergenerational regression and suggesting that researchers should move

away from the latter. The authors support this conclusion by providing evidence from survey

data in India and Bangladesh. Finally, Emran and Shilpi (2018) assess how coresidence bias

affects rank-based mobility estimates relative to intergenerational regression coefficient and

intergenerational correlation. The authors conclude that the bias in rank-based absolute

mobility estimates is the lowest in most cases, which suggests that this measure is the most

suitable for this type of research.

We are not aware of any previous analysis of coresidence bias in the context of educational

mobility looking at the following two factors: 1) to what extent coresidence bias affects a large

set of indicators as used in the recent literature, particularly the bottom upward mobility

often used with census data, and 2) to what extent the coresidence restriction produces re-

ranking of the populations under analysis. This last point is different from the size of the

bias, given that researchers could use a group of biased estimates to rank economies across

time and space if the bias is large but does not vary significantly across these populations.
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III IGRC versus IGPC

We start our analysis of coresidence bias by reassessing the main conclusion put forward by

Emran et al. (2018), i.e., that the intergenerational correlation coefficient suffers less from

coresidence bias than the intergenerational regression coefficient. With this purpose, we

re-state these conclusions using the same simple model of coresidence. Then, we reassess

the validity of these conclusions in the specific context in which coresident samples have

been recently used (see Table 2) and discuss how the empirical evidence that supports their

conclusion is constructed favors the correlation over the regression coefficient. Finally, we use

household survey data with retrospective information to provide novel evidence supporting

our main points.

III.1 Coresidence bias in the simple model of Emran et al. (2018)

To motivate the missing data scheme in the context of IGM, consider a set of individuals D

included in a survey. In this model, parents (denoted by o) make the marriage decision for

their children (denoted by y). For instance, if a child gets married, she will leave the house;

otherwise, she will stay home. Suppose the children get married and do not live at home

with their parents. In that case, the information about their level of education will not be

available in the survey, truncating the sample. The marriage decision (Mi) is modeled as a

binary indicator that takes values of 1 if the child gets married and 0 otherwise:

Mi =


1 if vi − wSyi > 0

0 otherwise

(1)

According to the equation 1, a child with the level of education Syi will get married if the

indirect utility (vi) of her progenitors from marrying off their child is greater than the labor

market earnings generated if the child stays at home (wSyi ). Otherwise, if the child is
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unmarried, her information is included in the survey, and the following equation holds:

Syi >
vi
w
≡ Ti (2)

Hence, the underlying econometric model for the estimation of the intergenerational regres-

sion coefficient (IGRC=β) is the following linear regression equation:

Syi = β0 + βSoi + εi i ∈ D, εi ∼ N(0, σ2
y), if Ssi > Ti > 0 (3)

Given the coresidence restriction, the error term has two parts:

Syi = β0 + βSoi + βvλi + µi︸ ︷︷ ︸
εi

(4)

where λi corresponds to the inverse Mills ratio and βv = covariancev,ε
variancev

(i.e., the relationship

between the payoff from marrying off a child and her level of schooling) and the structural

error εi. If this is the case, E(εi|Soi ) 6= 0, which means that there is omitted variable bias.

As discussed by Emran et al. (2018), this formula gives us a simple way to determine the

sign of bias. If the indirect utility of marrying off a child and the child’s level of education

are positively correlated, the bias is downward (i.e., plim(β̂ − β) < 0). Nonetheless, the

authors assume a downward bias based on an empirical regularity observed in the literature.

In the case of the intergenerational Pearson correlation coefficient (IGPC=ρ), it can be

written as:

ρ = β
σSo

σSy
(5)

where σSo and σSy are the standard deviations in years of schooling for the sample of parents

and children, respectively.

Emran et al. (2018) concludes that the intergenerational correlation coefficient is less

biased and hence more robust to coresidence bias than the intergenerational regression co-
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efficient. The intuition is simple; the OLS estimate gives downward bias for β, but the ratio

σSo
σSy

has an upward bias. Hence, these two biases in opposite directions play in favor of

ρ. The idea that the ratio of standard deviations has an upward bias comes from the fact

that Sy is truncated (which implies lower variance3) and the assumption that So is likely

unbiased because the household survey sample includes a random sample of household heads

and spouses.

The authors offer empirical evidence to support the conclusion that ρ is less biased than β

using two household surveys with data from India and Bangladesh, where household heads

are asked about the level of education of all their children regardless of their coresidency

status. This evidence is based on a sample of children aged 13-60 years but includes some

sensitivity analysis with age ranges: 16-60, 20-69, and 13-50 years.

III.2 Is IGPC less biased than IGRC? A re-examination

We make two simple points regarding the previous analysis that make the conclusion that

IGPC is less biased than IGRC unwarranted. First, the assumption that the ratio of standard

deviations σSo
σSy

has upward bias is unlikely to hold in the setup in which recent papers are

done. Moreover, the IGRC may not necessarily be biased downward either, which suggests

that the relative impact of coresidence bias is an empirical question more than a theoretical

one.4 Second, the empirical evidence presented in Emran et al. (2018) pools approximately

five decades of children’s birth cohorts, which may favor the correlation coefficient given the

documented fact that the correlation coefficient tends to be more stable across cohorts. In

what follows, we discuss these two points in detail.

The bias of σSo/σSy is not necessarily upward. The reasoning behind the assumption

that the ratio of standard deviations has an upward bias relies on the idea that household

3Truncation reduces the range of variation of a random variable, which decreases its variance. For
example, if x ∼ N(µ, σ2), then V ar[x|truncation] = σ2[1 − δ(α)] < σ2 where α = (a − µ)/σ, φ(α) is the
standard normal density, δ(α) = λ(α)[λ(α)−α], λ(α) = φ(α)/[1−Φ(α)] (or λ(α) = −φ(α)/Φ(α) if truncation
is from above), and 0 < δ(α) < 1 for all values of α (see Theorem 19.2 in Greene, 2012).

4We focus on the ratio, but in section IV, we also present empirical evidence that the bias is upward on
average.
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surveys randomly select household heads and spouses and ask about their educational attain-

ment. Therefore, we can estimate the standard deviation of years of schooling for parents

(σSo) without bias. In contrast, the standard deviation of years of schooling for children

(σSy) is biased due to truncation. This is certainly true in the setup in which Emran et

al. (2018) estimate IGM as the interviewees are the “parents”. However, this is no longer

true in a setup in which the education of children is observed but the education of parents

can only be identified when children and parents co-reside.5 In this alternative scenario,

the estimate of σSo is biased because of truncation, while the estimate of σSy is potentially

unbiased, which makes the estimates of the ratio of standard deviations biased downward.

An additional reason why the ratio may not be upwardly biased is that researchers

typically estimate IGM using the set of complete cases (i.e., observations where children and

parents’ education are available). Therefore, even if they potentially observe all children

or all parents (depending on how the data collection is structured), they also estimate the

standard deviation of years of schooling using a truncated sample of parents or children. In

this scenario, the bias depends on the relative magnitude of the truncation in both samples

(parents and children)6, which are ex-ante unknown. Hence, IGPC could be even more

biased than IGRC if the ratio has a bias in the same direction as IGRC.

Given the previous discussion, we believe that the sign of the bias in the case of the

ratio of standard deviations cannot be assumed to be in one particular direction ex-ante,

and it may vary across places or cohorts. We will show how the bias indeed varies across

5As an example of this case, Card et al. (2022) use 100% population records from the 1940 Census to
study intergenerational mobility of people in the 14–18 age range who were living with at least one parent.
Hence, educational attainment is observed for all the individuals in the age range, but their parents’ education
is only observed for those coresiding.

6Note that the model in Emran et al. (2018) assumes that coresidence depends only on values of Sy. In
this case, given that we typically observe a positive correlation between Sy and So, because Sy is truncated,
we may also expect to see truncation for So although of smaller magnitude (e.g., if Sy and So are distributed
as a bivariate normal with correlation ρ, then the variance of So should be as truncated as the variance of Sy

when ρ = 1 but unaffected when ρ = 0). We should expect to see a smaller truncation for So compared to
Sy when 0 < ρ < 1. However, one may well consider a model where coresidence depends on So or So and Sy,
in which case the relative size may change. For example, Francesconi and Nicoletti (2006) go over different
potential assumptions that can be made about the data generating process in a model with a coresidence
restriction.
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cohorts for one specific country (see Table 3). Moreover, in the next section, we will offer

additional empirical evidence that indeed varies across different samples using information

from 18 countries.

Pooling a large number of birth cohorts may favor IGPC in bias comparisons.

Emran et al. (2018) use data from India and Bangladesh to show that the bias in the case

of the IGRC is larger than with the IGPC. The main evidence is a comparison of estimates

of both indicators using the information of all children aged 13-60 years and then only the

sub-sample that coresides with their parents.

Our second point is that the comparison of bias is done by pooling a large number of

birth cohorts favors the indicator with lower variation across cohorts, which happens to be

the IGPC. In what follows, we explain why this is the case.

Without loss of generality, consider that there are two cohorts with different levels of

intergenerational mobility such that:

Syic = αc + βcS
o
ic + εic i ∈ [1, Nc] c = 1, 2 (6)

where we assume εic is independent of Soic and c denote cohorts. However, we estimate the

model pooling these cohorts.

In this framework, to assess the magnitude of the coresidence bias using pooled cohorts,

we would estimate an OLS regression by pooling all the information and using all the children

to get the following estimate as the benchmark:

β̂pooled =

∑N1

i=1(S
y
i1 − S̄y)(Soi1 − S̄o) +

∑N2

i=1(S
y
i2 − S̄y)(Soi1 − S̄o)∑N1

i=1(S
o
i1 − S̄o)2 +

∑N2

i=1(S
o
i2 − S̄o)2

(7)

where S̄y =
∑N1
i=1 S

y
i1+

∑N2
i=1 S

y
i2

N1+N2
and S̄o =

∑N1
i=1 S

o
i1+

∑N2
i=1 S

o
i2

N1+N2
.

This benchmark estimate, under the assumption that εic is uncorrelated to parents’
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schooling within and across cohorts, has the following expected value:

E[βpooled] = β1

∑N1

i=1(S
o
i1 − S̄o)2∑N1

i=1(S
o
i1 − S̄o)2 +

∑N2

i=1(S
o
i2 − S̄o)2

+β2

∑N2

i=1(S
o
i2 − S̄o)2∑N1

i=1(S
o
i1 − S̄o)2 +

∑N2

i=1(S
o
i2 − S̄o)2

= β1W1 + β2W2

(8)

Equation 8 means that βpooled can be interpreted as a weighted average of the level of IGRC

faced by our two cohorts. These weights are somewhat arbitrary given that they consider

the share of variation in the schooling of parents (pooling all cohorts) accounted by each

cohort.

An equivalent derivation (omitted for the sake of brevity) can be constructed for the

IGPC given that it can be computed using a regression like in equation 6 with standardized

years of schooling, which gives us that:

E[ρpooled] = ρ1W̃1 + ρ2W̃2 (9)

where W̃1 and W̃2 are similar weights based on the squared deviation from the mean using

standardized years of schooling of parents.

Given that coresidence rates vary with age (younger people coreside with parents at

higher rates), even if coresidence conditional on age is entirely random, the weights for each

cohort in a coresident sample will vary (relative to the benchmark that uses all children),

assigning less weight to older cohorts (because they have lower coresidence rates). Hence,

even if we were able to estimate intergenerational mobility with coresident samples without

bias for each cohort (or age group) separately, the pooled estimate using all the cohorts

with the coresident sample will likely be biased due to the change in weights. Moreover,

something to note is that this is not a problem if the indicator of intergenerational mobility

does not change across cohorts (i.e., β1 = β2 in our example). Hence, this will likely favor
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the IGPC given the documented fact that, in general, it varies less than the IGRC across

cohorts (see for example, Hertz et al., 2007). Figure A1 in the Appendix shows that this is

true in the case of India, where IGRC shows a pronounced decline since 1940 while IGPC

has remained relatively flat.7

III.3 Empirical evidence

Data. We use the year 2013 wave of a nationally representative household survey called

Encuesta Nacional de Calidad de Vida (ENCV) from Colombia. The survey collects infor-

mation about the educational attainment of all the members of each household interviewed

and additionally asks about the educational attainment of the father and mother of these

members and whether they are coresiding with the father and mother.

Results. Table 3 reports the main empirical evidence supporting the two points made

in the previous section. We estimate two indicators of intergenerational mobility (IGRC and

IGPC) for different age groups and pool all these age groups together. We do so using all

children and only the coresident sample. We also estimate the ratio of the standard deviation

in children’s years of schooling over the one of parents respectively. In addition, we report

the size of the coresidence bias (difference between estimates with the full sample versus

coresident sample), sample sizes, and the coresidence rate of each age group.

Several findings emerge from Table 3. First, we find that in the case of Colombia, the

level of intergenerational mobility has been declining when measured with the IGRC but

stays relatively stable when measured with the IGPC (see the top two rows). This is also

observed when the coresident sample is used, and it matches the general pattern discussed

in the previous section that is also observed for India. Second, we find that the IGRC and

IGPC are downward biased in all the age groups and the pooled group, with the exception

of the oldest age group (56-65). However, when the magnitude of the bias is compared, a

striking pattern emerges.

7Unfortunately, the data source does not have estimates across cohorts for Bangladesh.
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When we compare different age groups, the bias typically favors IGRC (see ages 56-65,

46-55, 36-45, and 21-25), but when we pool all age groups, it favors IGPC. Even more

strikingly, the bias in the IGRC computed pooling all the cohorts is more than double the

size of the highest bias found for one particular age group. Third, the ratio of standard

deviations is not always upwardly biased as assumed in Emran et al. (2018). In our data

set, age groups 56-65, 26-35, and 21-65 are biased upward, while the other three are biased

downward.

In the Appendix (see Tables A1 and A2), we show that very similar patterns emerge when

we replicate Table 3 using household survey data from Ecuador and Guatemala, although in

the case of Guatemala, the ratio of variances is indeed biased upward for all the age groups.

This rules out that these results may be related to some specificity of Colombia.

Taking all of the previous findings together, the empirical evidence supports the idea that

pooling different age groups or birth cohorts may severely increase the bias in the estimates

of the IGRC for reasons other than the coresidence restriction itself (i.e., other than the

potential correlation between children’s education and their coresident status) and that the

ratio of standard deviation may not always show upward bias. Hence, we conclude that

the evidence so far is not enough to discard estimates of the IGRC in favor of the IGPC as

previously suggested.

IV Coresidence bias in a larger set of indicators

In this section, we expand our focus to include the full set of absolute mobility, relative

mobility, and movement indicators described in Table 1. In particular, we compare the esti-

mates of each indicator for the same country and birth cohorts computed with a data source

containing retrospective information (individuals are asked about their parents’ education)

against those obtained with a data source that only contains information for individuals

living with their parents. Hence, we use the former as the benchmark because it does not re-
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Table 3: Coresidence bias for two relative indicators of intergenerational mobility in
Colombia’s ENCV 2013 household survey

Age groups (children)
21-25 26-35 36-45 46-55 56-65 21-65

IGRC .39 .47 .55 .63 .69 .56
IGPC .52 .53 .51 .53 .53 .56
IGRC (coresident sample) .39 .44 .54 .61 .71 .49
IGPC (coresident sample) .51 .5 .49 .48 .55 .54
Bias in IGRC (%) -.32 -7.2 -1 -4 3.3 -13
Bias in IGPC (%) -.56 -5.6 -3.9 -9 3.7 -3
Ratio of SD (σp/σc) 1.3 1.1 .94 .83 .77 1
Ratio of SD (coresident sample) 1.3 1.1 .91 .79 .77 .91
Bias in ratio of SD (%) -.24 1.7 -2.9 -5.3 .41 12
N 5368 9599 8598 7654 5048 36267
Coresidence rate (%) 53 31 17 11 6.5 23

Notes: The table reports estimates of the intergenerational regression coefficient (IGRC)
and the intergenerational Pearson correlation coefficient (IGPC) computed for different
age groups and pooling all these groups. These estimates use years of schooling (YOS)
censored at 15 for children and their parents. The latter uses the highest level when
information about both parents are available. We use all the children of a given age and
then restrict the sample to those that coreside with at least one parent (i.e., coresident
sample). We report the bias in these indicators as a percentage of the value computed
with the full sample (coresidents and no coresidents). We report the standard deviation
(SD) of YOS of parents (σSo) over the SD in YOS of children (σSy), and the bias
computed as a percentage of the ratio estimated with the entire sample. The row N
reports the number of children used in the estimation with the full sample, and the
coresidence rate in the last row indicates the percentage of all children (i.e., N ) living
with at least one parent.

quire a coresidence restriction and interpret the difference between both sources as indicative

of the size of coresidence bias.

We assess the impact of coresidence on these 16 indicators in two dimensions: First, we

quantify the average size of the coresidence bias (i.e., the average difference between sources

as a percentage of the value computed with retrospective information) for each indicator.

Second, we analyze to what extent these indicators provide valuable information to rank

economies or cohorts according to the level of intergenerational mobility. We compute the

Spearman rank correlation between the IGM indicators using our two data sources to evaluate

whether the rankings derived from one of them are consistent with the alternative source.
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IV.1 Data and measurement

Data. We use data from two sources containing information for 18 countries in Latin

America: Argentina, Bolivia, Brazil, Chile, Colombia, Costa Rica, Dominican Republic,

Ecuador, El Salvador, Guatemala, Honduras, Mexico, Nicaragua, Panama, Peru, Uruguay,

and Venezuela.

First, we use Latinobarometro opinion survey, which has been previously used to doc-

ument IGM in Latin America (see Neidhöfer et al., 2018). This survey is nationally rep-

resentative and contains information about the educational attainment of each individual

responding to the questionnaire, plus the information about parents’ educational attainment

(i.e., each individual is asked about the highest educational attainment of her parents).

We include in our sample individuals who were born between 1935-1995 and were at least

23 years old when they answered the survey. For each country, we pool the waves 1998,

2000-2011, 2013, and 2015 and normalize the survey weights over different waves. The data

set contains information about educational attainment that can be coded to have years of

schooling censored at 158 and completed level of education that takes values 1 for illiterate,

2 for incomplete primary, 3 for complete primary, 4 for incomplete secondary or technical, 5

for complete secondary or technical, 6 for incomplete higher education, and 7 for complete

higher education.

Second, we use census data obtained from Integrated Public Use Microdata Series-

International (IPUMS-International, IPUMS, 2019), which provides samples (typically 10%)

of the full-count microdata. The data collection is organized at the household level so it is

possible to link individuals who live with their parents in the same household at the time of

the interview using a variable that details the relationship between each individual and the

household head. We use individuals aged 21-25 years linked to their probable father and/or

mother according to the procedures used by IPUMS for family interrelationships.9 Table A3

8This variable is continuous from 0 to 12, and then we code incomplete university or technical training
as 13, complete technical training as 14, and complete university as 15.

9More details can be found in the following link: https://usa.ipums.org/usa/chapter5/chapter5.shtml.
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details the samples we use and the availability of educational attainment information. The

data set contains a variable with years of schooling (available in a subset of census samples)

that we censor at 15 years and a categorical variable (available for all our census samples)

that takes values 1 for less than secondary, 2 for primary education, 3 for secondary edu-

cation and 4 in the case of tertiary education. These levels do not represent any particular

country system and are based on a recoding done by IPUMS (2019).10 We measure the

educational attainment of parents as the highest attainment among the available parents to

be consistent with the information provided by Latinobarometro opinion survey.

Measurement. We compute 16 indicators of intergenerational mobility in education

that can be classified within the concepts of absolute mobility, relative mobility, and move-

ment and have been recently used in the literature. A description of them was provided

in Table 1 of section II. For each census sample (i.e., coresident children aged 21-25 years),

we use individuals’ respective birth years to identify a sample in Latinobarometro survey

that represents the same 5-year birth cohort and country. In total, we can identify up to 72

samples, each one a different country and 5-year birth cohort with information available in

both data sources.

IV.2 Results

We estimate 16 educational IGM indicators in both data sets and end up with at most 76

country-birth-cohorts available in both data sets (71 with information about educational

levels and 76 with information about years of schooling). Descriptive statistics of the set of

estimates computed with the census data and Latinobarometro survey can be found in the

Appendix (see Table A4 and Table A5, respectively). We compute the average difference

and the Spearman rank correlation using these estimates for country-birth-cohorts available

in both data sources (see Table 4).

In terms of the size of the coresidence bias (see the column named “average difference”

10This variable applies, to the extent possible, the United Nations standard of six years of primary
schooling, three years of lower secondary schooling, and three years of higher secondary schooling.
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in Table 4), our findings show varying levels of bias, going from less than 1 percent to more

than 10 percent.11 In the case of absolute and relative mobility, there are indicators with

a relatively small bias (for example, UCP and CER050). In contrast, all the indicators of

movement we considered have an average bias greater than 10 percent. In line with the results

of Emran and Shilpi (2018), the expected rank for children with parents in the bottom half

of the distribution (CER050) shows the smallest bias of all the indicators of relative mobility.

When comparing the IGRC to the IGPC, which was the focus of the previous section, we

find a greater average bias in the case of the former. However, the bias is positive on average,

contradicting the empirical regularity stated in Emran et al. (2018).

When we assess the level of re-ranking or how aligned the rankings produced with these

two sources are (see the column rank correlation in Table 4), we find some striking results.

First, all the indicators of absolute mobility show relatively high-rank correlations (i.e., the

ranking by the level of mobility with one source is close to the ranking with the alternative

source). Second, the indicators of relative mobility show varying levels of rank correlation

that do not follow the size of the coresidence bias. For example, CER050 has the smallest

bias but one of the smallest rank correlations. In contrast, the IGRC has one of the most

significant biases and the greatest rank correlation. Third, in line with the results for the

IGRC, the indicators of movement show relatively large bias and relative high-rank correla-

tion. Figure 1 illustrates how some indicators computed using census data are better aligned

to those obtained from the social survey Latinobarometro. For example, measures of absolute

mobility, such as bottom-upward mobility, are close and more spread across the 45-degree

line compared to relative mobility measures, such as IGRC or IGPC. Consequently, we find

a small bias and high-rank correlation in these measures of absolute mobility.

The previous results imply at least two things in practice. First, they suggest that

some indicators of absolute mobility recently used in the literature (e.g., BUM-primary)

11The table reports averages, a visualization of the distribution for each indicator using a boxplot can be
found in Figure A2 of the Appendix.
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Table 4: Comparison of estimates using a coresident sample (census data) and those with
coresidents and non-coresidents (social survey with retrospective information)

Indicator Average difference (%) Rank correlation
Absolute mobility
UCP 0.693 0.551
BUM-primary -2.199 0.910
YOS -2.959 0.718
TDM-secondary 12.844 0.551
TDM-primary 14.705 0.737
BUM-secondary -17.127 0.855
CAT -30.847 0.744
MIX -30.951 0.702
Relative mobility
CER050 6.361 0.186
IGPC 10.854 0.490
IGSC 12.448 0.368
IGRC 18.817 0.820
BHQ4 40.174 0.164
Movement
M1 -10.812 0.766
M2 -12.159 0.747
DIF -13.032 0.799

Notes: This table uses estimates of 16 indicators of intergenerational
mobility described in Table 1 computed using Latinobarometer so-
cial survey and census data. The former contains retrospective in-
formation about parents’ educational attainment while the latter
uses a sample of coresidents. The first column reports the average
difference between the estimates of both sources as a percentage of
the indicator computed with the former. The second column reports
for each indicator the Spearman rank correlation coefficient relating
the estimates using one source to the estimates using the alternative
source.

are not subject to significant coresidence bias. Still, researchers should be careful when

comparing estimates computed with coresident samples to those that use all children. A

bias of approximately 11 percent, which is the case for IGPC is sizable. For example, it

corresponds to half the standard deviation of the 109 estimates put together in Narayan et

al. (2018) for the cohort born in the 1980s.12 Similarly, a difference of 11 percent is equivalent

12This number excludes estimates that use coresident samples and consider all children (male and female)
and maximum education of parents as the measure of parental attainment.

20



to the gap in mobility between those born in the 1940s in Spain or born in the 1960s in Israel

(i.e., IGPC=0.50) and those born in Tunisia in the 1940s or born in the 1960s in Madagascar

(i.e., IGPC=0.56). Second, these results imply that estimates computed with coresident

samples can provide reliable information to rank economies in terms of intergenerational

mobility with some indicators (e.g., BUM-primary), but researchers should be careful when

ranking economies with other indicators (e.g., BHQ4). A visualization of how the rankings

change between sources is provided in Figure A3 of the Appendix. It highlights how some

country-birth-cohorts that appear to be highly mobile when using BHQ4 (rank correlation

lower than 0.16) with full sample become part of the country-birth-cohorts with the lowest

levels of mobility when using the coresidents (lines crossing from top to bottom in the graph).

In contrast, the ranking appears much more stable with BUM-primary, which has a rank

correlation equal to 0.91.

So far, we have assumed that any difference between the estimates computed with Lati-

nobarometro opinion survey and census data is because of coresidence bias. However, some

differences may appear just because of sampling variation too. To put the magnitude of the

bias and re-ranking in context, we also run a similar analysis that compares some of the IGM

measures computed with two different data sources that contain retrospective information

for 9 countries (Brazil, Chile, Colombia, Ecuador, Guatemala, Mexico, Nicaragua, Panama,

and Peru). Table A12 in the Appendix shows the rank correlation and average differences

of the set of IGM measures computed with Latinobarometro and nationally representative

household surveys13 and made available in Neidhöfer et al. (2018).14 In terms of average

differences, we find average differences of more than 5% in relative mobility computed with

the IGRC and IGPC but around 4% with IGSC. In contrast, indicators of absolute mobility

and movement show smaller differences. In the case of rank correlations, the bottom-upward

mobility indicator shows the highest alignment, while the IGPC and IGSC provide a very

13Table A11 in the Appendix specifies what household surveys and waves are being used.
14Figure A4 in the Appendix shows scatter plots of these comparisons.
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Figure 1: IGM with retrospective information vs. coresident samples

(a) IGRC (b) IGPC

(c) BUM-primary (d) BUM-secondary

Notes: The figure shows estimates for up to 72 samples (each one a different country and 5-year birth
cohort) of 4 indicators of intergenerational mobility as described in Table 1. They are computed
with a social survey that contains retrospective information (Latinobarometro) and a coresident
sample from census data using individuals aged 21-25 years.
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small rank correlation. This suggests that even in the absence of coresidence bias, some

indicators of relative mobility are not very reliable to rank economies by the level of IGM.

In their analysis, Neidhöfer et al. (2018) omit cohorts with less than 200 observations when

analyzing trends over time. When we apply the same constraint, our main findings still hold,

which suggests that the differences are not driven by this set of estimates computed with

very small samples that are arguably less reliable.

V Conclusion

Researchers and journal editors are cautious about using coresident samples to estimate

intergenerational mobility indicators because of potential sample selection bias from trunca-

tion. However, there is scarce empirical evidence on how sensitive these measures are to the

coresidence restriction (i.e., estimating an indicator using only individuals living with their

parents).

This paper contributes to the understanding of the impact of coresidence bias on educa-

tional IGM. We begin re-examining a recent conclusion that the intergenerational correlation

is less affected by coresidence bias than the intergenerational regression. We find that the

conclusion depends on the setting in which researchers are estimating educational mobility:

if both, the variance of years of schooling of parents and the variance of years of schooling

of children are truncated, then the result is not warranted. We also show that a comparison

of estimates pooling a large number of birth cohorts with a full sample against those with a

coresident sample tends to favor (in terms of bias) the indicator that varies less across birth

cohorts (usually the correlation coefficient).

Furthermore, we take advantage of two data sources to investigate how coresidence bias

affects different measures of intergenerational mobility in education for a large number of

countries and birth cohorts. Our main empirical findings are threefold: First, some indica-

tors of absolute mobility computed with coresident samples provide meaningful information
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to rank economies by the level of mobility and show low coresidence bias levels. Second,

the Pearson correlation coefficient is usually insufficient to rank economies across time and

space despite having a lower bias than alternative indicators of relative mobility (e.g., the

intergenerational regression coefficient). Third, the Pearson correlation coefficient gives a

low-rank correlation even when comparing two sources of information where none suffers

from the coresidence restriction. Similarly, the rank-based mobility indicators produce sig-

nificant levels of re-ranking even when coresidence bias is not an issue.

Our work underlines that census data is a viable alternative for further research on

intergenerational mobility in education. It opens research opportunities in economies that

lack alternative data and offers historical options in places with good data today but not in

the past. The fact that census data can be used to study IGM at a disaggregated geographical

level also opens up possibilities to find credible natural experiments to shed some light on

the drivers of IGM in education. However, for some indicators of intergenerational mobility,

researchers should be careful when comparing estimates computed with coresident samples

versus full samples.
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Appendices

The appendix provides additional tables and figures, and other relevant information.

Table A1 presents evidence of coresidence bias by cohort for Guatemala.

Table A2 presents evidence of coresidence bias by cohort for Eduador.

Table A3 lists the countries and census years used in this study and the availability of

information about years of education and/or education categories.

Table A4 provides summary statistics of indicators computed with census data.

Table A5 provides summary statistics of indicators computed with Latinobarometro social

survey.

Table A6 and A7 report estimates of the IGM indicators computed with census data,

their standard errors, and sample size.

Table A8 and A9 report estimates of the IGM indicators computed with Latinobarometro

data, their standard errors, and sample size.

Table A10 reports for each indicator of intergenerational mobility (see their description

in Table 1) the percentage of cases in which the empirical coresidence bias is statistically

significant (using 5000 bootstrap replications).

Table A11 lists the countries and respective household surveys from which intergenera-

tional mobility indicators are derived in Neidhöfer et al. (2018).

Table A12 reports the comparison of intergenerational mobility in education with different

data sources (i.e., Latinobarometro social survey versus nationally representative household

surveys).

Table A13 reports the results of a simulation exercise where coresidence varies with age

but is random conditional on age (a random 20% of individuals in cohort 1 live with parents

while a random 80% of cohort 2 lives with parents). It shows that despite having negligible

coresidence bias when estimating IGM by cohort, the estimate computed by pooling both

cohorts has a large bias.
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Figure A1 displays estimates of intergenerational mobility across cohorts in India.

Figure A2 provides information about the distribution of the difference between estimates

of IGM (see the detail of indicators in Table 1) using coresident samples (census data) and

full samples (Latinobarometro social survey) for up to 76 country-birth-cohorts.

Figure A3 compares the way in which different country-cohorts are ranked with two

different sources of information according to their level of IGM computed with the IGPC

and BUM.

Figure A4 displays scatter plots of 11 indicators of intergenerational mobility in edu-

cation estimated with coresident samples obtained from census data against those using

retrospective information with Latinobarometro social survey.

Figure A5 compares the way in which different country-cohorts are ranked with two

different sources of information according to their level of IGM computed with the IGPC

and BUM.
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Table A1: Coresidence bias and relative mobility in Guatemala’s ENCOVI household
survey

Age groups (children)
21-25 26-35 36-45 46-55 56-65 21-65

IGRC .57 .69 .76 .83 .87 .75
IGPC .56 .59 .59 .58 .64 .61
IGRC (coresident sample) .55 .66 .72 .68 .7 .63
IGPC (coresident sample) .56 .61 .64 .55 .57 .59
Bias in IGRC (%) -3.4 -4.1 -5.1 -17 -20 -16
Bias in IGPC (%) 1.2 3.6 8.9 -6.2 -11 -2
Ratio of SD (σp/σc) .97 .85 .78 .71 .74 1.2
Ratio of SD (coresident sample) 1 .92 .89 .8 .81 1.1
Bias in ratio of SD (%) 4.8 8 15 14 10 17
N 4934 7206 5291 3958 2721 24110
Coresidence rate (%) 57 29 14 6.9 3.2 25

Notes: The table report estimates of the intergenerational regression coefficient (IGRC)
and the intergenerational Pearson correlation coefficient (IGPC) computed for different
age groups and pooling all these groups. These estimates use years of schooling (YOS)
censored at 15 for children and their parents, and for the latter use the highest level
when information about both parents is available, and the one available when that is
not the case. We use all the children of a given age and then restrict the sample to
only those that coreside with at least one parent (i.e., coresident sample). We report
the bias in these indicators as percentage of the value computed with the full sample
(coresidents and no coresidents). We report the standard deviation (SD) of YOS of
parents (σp) over the SD in YOS of children (σc), and the bias computed as percentage
of the ratio estimated with the full sample. The row N reports the number of children
used in the estimation with the full sample, and the coresidence rate in the last row
indicates the percentage of all children (i.e., N ) living with at least one parent.
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Table A2: Coresidence bias and relative mobility in Ecuador’s ECV household survey

Age groups (children)
21-25 26-35 36-45 46-55 56-65 21-65

IGRC .4 .49 .54 .62 .7 .56
IGPC .48 .53 .54 .54 .59 .56
IGRC (coresident sample) .39 .48 .54 .66 .66 .48
IGPC (coresident sample) .48 .52 .53 .58 .55 .53
Bias in IGRC (%) -1.6 -1.9 -.11 6.6 -5.6 -14
Bias in IGPC (%) .32 -.44 -1.8 6.8 -7.4 -5
Ratio of SD (σp/σc) 1.2 1.1 1 .87 .84 1
Ratio of SD (coresident sample) 1.2 1.1 .98 .87 .83 .91
Bias in ratio of SD (%) 2 1.5 -1.7 .19 -1.8 9.9
N 8095 14929 12296 9440 6555 51315
Coresidence rate (%) 50 24 12 8.4 4.7 20

Notes: The table report estimates of the intergenerational regression coefficient (IGRC)
and the intergenerational Pearson correlation coefficient (IGPC) computed for different
age groups and pooling all these groups. These estimates use years of schooling (YOS)
censored at 15 for children and their parents, and for the latter use the highest level
when information about both parents is available, and the one available when that is
not the case. We use all the children of a given age and then restrict the sample to only
those that coreside with at least one parent (i.e., coresident sample). We report the bias
in these indicators as percentage of the value computed with the full sample (coresidents
and no coresidents). We report the standard deviation (SD) of YOS of parents (σp)
over the SD in YOS of children (σc), and the bias computed as percentage of the ratio
estimated with the full sample. The row N reports the number of children used in the
estimation with the full sample, and the coresidence rate in the last row indicates the
percentage of all children (i.e., N ) living with at least one parent.
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Table A3: Census data sets and availability of information about education

Country Census years Years of schooling Categories

Argentina 1970, 1980, 1991,
2001

Yes Yes

Bolivia 1976, 1992, 2001,
2012

Yes Yes

Brazil 1960, 1970, 1980,
1991, 2000, 2010

Yes, except 2010 Yes

Chile 1970, 1982, 1992,
2002

Yes Yes

Colombia 1973, 1985, 1993,
2005

Yes, except 1993
censored

Yes

Costa Rica 1973, 1984, 2000,
2011

Yes Yes

Dominican Republic 1981, 2002, 2010 Yes Yes
Ecuador 1974, 1982, 1990,

2001, 2010
Yes Yes

El Salvador 1992, 2007 Yes Yes
Guatemala 1964, 1973, 1981,

1994, 2002
Yes Yes

Honduras 1974, 1988, 2001 Yes Yes
Mexico 1970, 1990, 1995,

2000, 2010, 2015
Yes Yes

Nicaragua 1971, 1995, 2005 Yes Yes
Panama 1960, 1970, 1980,

1990, 2000, 2010
Yes Yes

Paraguay 1962, 1972, 1982,
1992, 2002

Yes Yes

Peru 1993, 2007 No, censored Yes
Uruguay 1963, 1975, 1985,

1996, 2006, 2011
Yes, except 2011 Yes

Venezuela 1971, 1981, 1990,
2001

Yes Yes

Notes: The categorical educational variable is coded with values 1-4 as: less than primary com-
pleted, primary completed, secondary completed, and university completed. Some census samples
available in the original source where there is information about education but the data is not
organized in households are excluded because we cannot link individuals to their parents.
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Table A4: Summary statistics of indicators computed with census data

Mean Std. dev. Min Max N
YOS 0.69 0.10 0.35 0.83 71
CAT 0.45 0.12 0.10 0.67 76
MIX 0.44 0.12 0.10 0.65 76
BUM-primary 0.60 0.21 0.09 0.87 76
BUM-secondary 0.27 0.15 0.02 0.65 76
UCP 0.76 0.11 0.41 0.93 76
TDM-primary 0.08 0.04 0.02 0.22 76
TDM-secondary 0.24 0.11 0.07 0.59 76
IGRC 0.59 0.16 0.26 0.99 71
IGPC 0.55 0.08 0.37 0.72 71
IGSC 0.56 0.07 0.38 0.68 71
CER050 36.43 2.12 31.68 42.28 71
BHQ4 0.10 0.03 0.03 0.18 71
M1 3.47 0.74 1.34 4.92 71
M2 2.65 0.77 0.91 4.14 71
DIF 2.85 0.82 0.92 4.38 71

Notes: This table use estimates of the 16 indicators of intergen-
erational mobility described in Table 1 computed using census
data. The columns report the mean, standard deviation, min-
imum and maximum values for the estimates computed with
up to 76 samples from 18 countries using 5-year birth cohorts.
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Table A5: Summary statistics of indicators computed with Latinobarometro

Mean Std. dev. Min Max N
YOS 0.72 0.10 0.43 0.89 71
CAT 0.65 0.08 0.40 0.80 76
MIX 0.64 0.08 0.40 0.77 76
BUM-primary 0.60 0.19 0.12 0.95 76
BUM-secondary 0.32 0.14 0.09 0.68 76
UCP 0.76 0.11 0.48 0.94 76
TDM-primary 0.09 0.07 0.01 0.36 76
TDM-secondary 0.24 0.11 0.06 0.52 76
IGRC 0.50 0.11 0.26 0.72 71
IGPC 0.50 0.07 0.33 0.64 71
IGSC 0.50 0.07 0.32 0.65 71
CER050 34.97 4.58 21.77 43.37 71
BHQ4 0.08 0.05 0.00 0.20 71
M1 3.91 0.62 2.64 5.26 71
M2 3.05 0.71 1.28 4.73 71
DIF 3.31 0.74 1.49 5.34 71

Notes: This table use estimates of the 16 indicators of in-
tergenerational mobility described in Table 1 computed using
Latinobarometro (including only those 5-year birth cohorts for
which there is census data). The columns report the mean,
standard deviation, minimum and maximum values for the es-
timates computed with up to 76 samples from 18 countries
using 5-year birth cohorts.
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Figure A1: Intergenerational mobility across birth cohorts in India

Notes: The figure display estimates of the intergenerational Pearson correlation coefficient and
the intergenerational regression coefficient by birth-decade cohort in India (1940=1940/1949,
1950=1950-1959, 1960=1960-1969, 1970=1970-1979, and 1980=1980-1989). The source of these
estimates is Narayan et al. (2018).
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Figure A2: Boxplot of differences between coresident sample and full samples

Notes: The figure provides information about the distribution of the difference between estimates
of IGM (see detail of indicators in Table 1) using coresident samples (census data) and full samples
(Latinobarometro social survey) for up to 72 country-birth-cohorts. The difference is reported as
percentage of the estimate with the full sample.
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Table A6: Indicators of absolute IGM computed with census data

ISO Year YOS s.e. CAT s.e. MIX s.e. BUM-p s.e. BUM-s s.e. TDM-p s.e. TDM-s s.e. UCP s.e. N1 N2
ARG 1945 0.716 0.004 0.508 0.004 0.502 0.004 0.665 0.005 0.226 0.003 0.046 0.002 0.226 0.011 0.774 0.011 16331 16608
ARG 1955 0.766 0.001 0.543 0.002 0.538 0.002 0.697 0.002 0.244 0.002 0.045 0.001 0.194 0.004 0.806 0.004 89017 89032
ARG 1966 0.782 0.001 0.528 0.001 0.517 0.001 0.844 0.002 0.402 0.001 0.023 0.000 0.134 0.002 0.866 0.002 151158 151588
ARG 1976 0.673 0.001 0.437 0.001 0.418 0.001 0.838 0.002 0.441 0.001 0.021 0.000 0.139 0.001 0.861 0.001 182987 182987
BOL 1951 0.690 0.005 0.376 0.005 0.373 0.005 0.369 0.005 0.154 0.003 0.058 0.005 0.224 0.017 0.776 0.017 10536 11203
BOL 1967 0.784 0.004 0.547 0.004 0.529 0.004 0.710 0.005 0.356 0.004 0.074 0.003 0.191 0.008 0.809 0.008 13656 16111
BOL 1976 0.827 0.002 0.596 0.003 0.572 0.003 0.772 0.004 0.504 0.003 0.030 0.001 0.084 0.003 0.916 0.003 27238 27238
BOL 1987 0.807 0.002 0.606 0.003 0.579 0.003 0.874 0.003 0.593 0.003 0.032 0.001 0.159 0.003 0.841 0.003 36095 36482
BRA 1935 0.426 0.001 0.096 0.000 0.096 0.000 0.089 0.000 0.041 0.000 0.220 0.003 0.455 0.005 0.545 0.005 493389 493498
BRA 1945 0.535 0.001 0.202 0.000 0.201 0.000 0.193 0.000 0.090 0.000 0.139 0.001 0.280 0.003 0.720 0.003 828612 829828
BRA 1955 0.694 0.000 0.415 0.000 0.410 0.000 0.419 0.001 0.197 0.000 0.082 0.001 0.196 0.001 0.804 0.001 1076830 1.1e+06
BRA 1966 0.718 0.001 0.442 0.001 0.433 0.001 0.464 0.001 0.201 0.001 0.096 0.001 0.243 0.002 0.757 0.002 705039 709748
BRA 1975 0.721 0.000 0.487 0.001 0.466 0.001 0.557 0.001 0.293 0.001 0.091 0.001 0.206 0.001 0.794 0.001 879857 893911
BRA 1985 0.576 0.001 0.549 0.001 0.754 0.001 0.434 0.001 0.056 0.000 0.152 0.001 0.848 0.001 916189
CHL 1945 0.647 0.003 0.345 0.003 0.341 0.003 0.477 0.004 0.132 0.002 0.106 0.002 0.339 0.009 0.661 0.009 29974 30177
CHL 1957 0.792 0.002 0.511 0.002 0.504 0.002 0.751 0.003 0.283 0.002 0.057 0.001 0.249 0.005 0.751 0.005 52616 52616
CHL 1967 0.787 0.002 0.552 0.002 0.542 0.002 0.820 0.003 0.418 0.002 0.041 0.001 0.179 0.004 0.821 0.004 59150 59150
CHL 1977 0.699 0.002 0.415 0.002 0.402 0.002 0.858 0.004 0.461 0.003 0.026 0.001 0.173 0.002 0.827 0.002 62649 62649
COL 1948 0.592 0.002 0.313 0.002 0.313 0.002 0.349 0.002 0.122 0.001 0.146 0.002 0.319 0.009 0.681 0.009 62474 62980
COL 1960 0.742 0.001 0.507 0.001 0.503 0.001 0.616 0.002 0.280 0.001 0.071 0.001 0.228 0.004 0.772 0.004 128715 129387
COL 1968 0.504 0.001 0.499 0.001 0.649 0.002 0.320 0.001 0.063 0.001 0.178 0.003 0.822 0.003 134435
COL 1980 0.768 0.001 0.611 0.001 0.604 0.001 0.696 0.002 0.453 0.001 0.050 0.001 0.092 0.002 0.908 0.002 149802 149832
CRI 1948 0.724 0.006 0.488 0.006 0.479 0.006 0.540 0.007 0.170 0.005 0.090 0.007 0.234 0.022 0.766 0.022 6702 6702
CRI 1959 0.809 0.004 0.665 0.004 0.653 0.004 0.791 0.005 0.337 0.005 0.048 0.003 0.139 0.010 0.861 0.010 11860 11860
CRI 1975 0.630 0.004 0.454 0.004 0.447 0.004 0.721 0.007 0.311 0.004 0.058 0.002 0.206 0.006 0.794 0.006 15964 15964
CRI 1986 0.643 0.003 0.501 0.004 0.524 0.003 0.800 0.008 0.439 0.004 0.035 0.001 0.193 0.004 0.807 0.004 23919 23919
DOM 1956 0.683 0.003 0.488 0.004 0.486 0.004 0.512 0.004 0.221 0.003 0.175 0.006 0.255 0.016 0.745 0.016 19224 19583
DOM 1977 0.720 0.003 0.536 0.003 0.508 0.003 0.698 0.004 0.337 0.003 0.102 0.002 0.272 0.005 0.728 0.005 34662 34662
DOM 1985 0.723 0.003 0.550 0.003 0.519 0.003 0.762 0.004 0.481 0.003 0.057 0.001 0.166 0.003 0.834 0.003 36028 37202
ECU 1949 0.666 0.004 0.364 0.004 0.361 0.004 0.380 0.004 0.129 0.003 0.079 0.004 0.221 0.016 0.779 0.016 17420 17648
ECU 1957 0.780 0.003 0.539 0.003 0.530 0.003 0.622 0.004 0.254 0.003 0.038 0.002 0.162 0.008 0.838 0.008 26073 26671
ECU 1965 0.794 0.002 0.589 0.003 0.573 0.003 0.750 0.003 0.361 0.003 0.039 0.001 0.211 0.006 0.789 0.006 34480 36135
ECU 1976 0.722 0.002 0.517 0.002 0.493 0.002 0.692 0.003 0.351 0.002 0.070 0.001 0.170 0.004 0.830 0.004 40908 48562
ECU 1985 0.753 0.002 0.530 0.002 0.496 0.002 0.815 0.004 0.512 0.003 0.035 0.001 0.105 0.002 0.895 0.002 54014 54953
SLV 1967 0.709 0.003 0.490 0.004 0.482 0.004 0.531 0.005 0.278 0.004 0.101 0.004 0.150 0.008 0.850 0.008 16949 16949
SLV 1982 0.751 0.003 0.510 0.003 0.495 0.003 0.625 0.004 0.305 0.003 0.083 0.002 0.228 0.006 0.772 0.006 24903 25037
GTM 1939 0.353 0.006 0.111 0.004 0.111 0.004 0.107 0.004 0.020 0.002 0.180 0.018 0.480 0.102 0.520 0.102 5601 5657
GTM 1948 0.474 0.006 0.214 0.005 0.214 0.005 0.199 0.005 0.063 0.003 0.090 0.008 0.310 0.039 0.690 0.039 8130 8131
GTM 1956 0.568 0.005 0.277 0.005 0.277 0.005 0.262 0.005 0.095 0.003 0.087 0.007 0.264 0.021 0.736 0.021 9145 9156
GTM 1969 0.656 0.003 0.372 0.003 0.370 0.003 0.374 0.003 0.146 0.002 0.076 0.003 0.209 0.009 0.791 0.009 27573 27641
GTM 1977 0.684 0.002 0.425 0.002 0.425 0.002 0.437 0.003 0.196 0.002 0.078 0.002 0.199 0.006 0.801 0.006 45714 45878
HND 1949 0.591 0.005 0.287 0.005 0.286 0.005 0.291 0.005 0.059 0.003 0.141 0.014 0.462 0.044 0.538 0.044 8013 8062
HND 1963 0.640 0.004 0.402 0.004 0.399 0.004 0.430 0.005 0.117 0.003 0.116 0.006 0.345 0.017 0.655 0.017 13839 13941
HND 1976 0.631 0.003 0.410 0.003 0.404 0.003 0.513 0.004 0.134 0.002 0.105 0.003 0.304 0.009 0.696 0.009 22404 22726
MEX 1945 0.583 0.004 0.310 0.004 0.309 0.004 0.351 0.005 0.070 0.002 0.120 0.005 0.533 0.023 0.467 0.023 13824 13826
MEX 1965 0.822 0.001 0.621 0.001 0.611 0.001 0.750 0.001 0.308 0.001 0.038 0.000 0.203 0.002 0.797 0.002 330775 340657
MEX 1970 0.829 0.003 0.610 0.004 0.598 0.004 0.781 0.005 0.220 0.004 0.037 0.002 0.192 0.012 0.808 0.012 14627 14642
MEX 1975 0.800 0.001 0.589 0.001 0.578 0.001 0.769 0.001 0.264 0.001 0.035 0.000 0.174 0.002 0.826 0.002 414732 410670
MEX 1985 0.791 0.001 0.587 0.001 0.575 0.001 0.809 0.001 0.350 0.001 0.030 0.000 0.151 0.001 0.849 0.001 513325 516213
MEX 1990 0.777 0.001 0.575 0.001 0.563 0.001 0.856 0.001 0.410 0.001 0.023 0.000 0.144 0.001 0.856 0.001 512286 513785
NIC 1946 0.468 0.007 0.211 0.006 0.211 0.006 0.188 0.006 0.092 0.004 0.155 0.013 0.271 0.041 0.729 0.041 5274 5276
NIC 1970 0.660 0.004 0.423 0.004 0.421 0.004 0.456 0.005 0.176 0.003 0.120 0.005 0.321 0.014 0.679 0.014 16029 16714
NIC 1980 0.678 0.003 0.480 0.003 0.478 0.003 0.520 0.004 0.289 0.003 0.080 0.003 0.205 0.006 0.795 0.006 25194 25194
PAN 1935 0.663 0.013 0.344 0.013 0.342 0.013 0.387 0.016 0.108 0.009 0.107 0.015 0.431 0.066 0.569 0.066 1323 1323
PAN 1945 0.674 0.007 0.428 0.008 0.424 0.008 0.489 0.010 0.156 0.006 0.056 0.006 0.237 0.029 0.763 0.029 4316 4318
PAN 1955 0.780 0.005 0.583 0.006 0.575 0.006 0.698 0.008 0.346 0.006 0.039 0.003 0.160 0.013 0.840 0.013 6845 6936
PAN 1965 0.770 0.004 0.570 0.005 0.555 0.005 0.773 0.007 0.380 0.005 0.034 0.002 0.200 0.010 0.800 0.010 9855 9856
PAN 1975 0.703 0.005 0.510 0.005 0.493 0.005 0.718 0.009 0.415 0.006 0.033 0.002 0.150 0.006 0.850 0.006 10904 10920
PAN 1985 0.644 0.005 0.467 0.005 0.444 0.004 0.749 0.010 0.479 0.006 0.023 0.001 0.131 0.005 0.869 0.005 12740 12778
PRY 1937 0.588 0.010 0.222 0.008 0.222 0.008 0.218 0.009 0.062 0.005 0.175 0.022 0.446 0.054 0.554 0.054 2631 2631
PRY 1947 0.704 0.005 0.331 0.005 0.330 0.005 0.336 0.006 0.084 0.003 0.080 0.007 0.294 0.024 0.706 0.024 7485 7614
PRY 1957 0.719 0.004 0.415 0.005 0.412 0.004 0.491 0.005 0.071 0.002 0.103 0.005 0.420 0.021 0.580 0.021 11159 12219
PRY 1967 0.753 0.004 0.516 0.004 0.510 0.004 0.594 0.006 0.221 0.004 0.070 0.004 0.131 0.009 0.869 0.009 13008 13020
PRY 1977 0.749 0.003 0.547 0.003 0.535 0.003 0.682 0.005 0.345 0.004 0.060 0.002 0.123 0.006 0.877 0.006 20754 21039
PER 1968 0.606 0.002 0.572 0.002 0.749 0.002 0.575 0.002 0.033 0.001 0.073 0.002 0.927 0.002 87874
PER 1982 0.514 0.002 0.477 0.001 0.846 0.002 0.646 0.002 0.025 0.001 0.066 0.001 0.934 0.001 114642
URY 1938 0.699 0.005 0.360 0.005 0.355 0.005 0.478 0.007 0.122 0.004 0.102 0.005 0.594 0.023 0.406 0.023 7819 7943
URY 1950 0.732 0.005 0.478 0.006 0.466 0.006 0.680 0.008 0.288 0.005 0.088 0.004 0.338 0.016 0.662 0.016 7783 7922
URY 1960 0.742 0.005 0.457 0.005 0.443 0.005 0.836 0.007 0.334 0.005 0.036 0.002 0.321 0.010 0.679 0.010 9872 9978
URY 1971 0.650 0.005 0.324 0.005 0.318 0.004 0.834 0.008 0.153 0.004 0.035 0.002 0.456 0.012 0.544 0.012 10287 11293
URY 1981 0.604 0.005 0.306 0.005 0.299 0.005 0.787 0.011 0.307 0.006 0.155 0.004 0.383 0.008 0.617 0.008 9566 9569
URY 1986 0.248 0.004 0.230 0.004 0.830 0.014 0.282 0.005 0.023 0.001 0.310 0.007 0.690 0.007 11662
VEN 1946 0.648 0.003 0.426 0.003 0.421 0.003 0.503 0.003 0.134 0.002 0.121 0.003 0.370 0.013 0.630 0.013 34273 34356
VEN 1956 0.782 0.002 0.570 0.002 0.562 0.002 0.689 0.002 0.270 0.002 0.070 0.002 0.224 0.007 0.776 0.007 49765 59111
VEN 1965 0.707 0.002 0.488 0.002 0.482 0.002 0.608 0.003 0.246 0.002 0.078 0.002 0.252 0.005 0.748 0.005 66199 66200
VEN 1976 0.600 0.002 0.390 0.001 0.389 0.001 0.700 0.003 0.400 0.002 0.060 0.001 0.184 0.002 0.816 0.002 106627 107000

Notes: The table reports estimates of IGM and bootstrap standard errors computed with 5000 replications.
Year refers to the first birth year of the 5-year birth cohort used in the estimation. There are 76 country-
cohorts but only 71 when the indicator uses years of schooling. N1 and N2 report the number of children-
parent pairs with years of schooling data and categorical data, respectively.
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Table A7: Indicators of relative mobility and movement computed with census data

ISO Year IGRC s.e. IGPC s.e. IGSC s.e. CER050 s.e. BHQ4 s.e. M1 s.e. M2 s.e. DIF s.e. N1 N2
ARG 1945 0.644 0.007 0.588 0.005 0.594 0.005 34.971 0.303 0.091 0.004 3.269 0.021 2.664 0.026 2.771 0.026 16331 16608
ARG 1955 0.627 0.003 0.573 0.002 0.579 0.002 35.957 0.086 0.113 0.002 3.675 0.010 3.059 0.012 3.146 0.012 89017 89032
ARG 1966 0.494 0.002 0.529 0.002 0.532 0.002 35.725 0.085 0.086 0.001 3.667 0.008 2.969 0.009 3.153 0.010 151158 151588
ARG 1976 0.430 0.002 0.525 0.002 0.538 0.002 36.959 0.061 0.100 0.001 3.004 0.006 1.889 0.008 2.183 0.009 182987 182987
BOL 1951 0.848 0.009 0.652 0.006 0.640 0.006 34.730 0.241 0.067 0.003 3.503 0.032 3.152 0.035 3.204 0.035 10536 11203
BOL 1967 0.464 0.007 0.470 0.007 0.474 0.007 40.129 0.232 0.123 0.004 4.919 0.033 4.139 0.039 4.385 0.040 13656 16111
BOL 1976 0.421 0.004 0.530 0.004 0.551 0.005 36.781 0.162 0.128 0.004 4.638 0.023 3.948 0.027 4.266 0.028 27238 27238
BOL 1987 0.259 0.004 0.371 0.005 0.375 0.005 40.868 0.140 0.177 0.003 4.522 0.020 3.494 0.025 4.051 0.026 36095 36482
BRA 1935 0.792 0.002 0.642 0.001 0.634 0.001 34.033 0.038 0.145 0.001 1.542 0.003 0.978 0.003 1.023 0.003 493389 493498
BRA 1945 0.842 0.001 0.643 0.001 0.652 0.001 33.374 0.029 0.068 0.000 2.235 0.003 1.688 0.003 1.760 0.003 828612 829828
BRA 1955 0.735 0.001 0.588 0.001 0.605 0.001 33.224 0.027 0.061 0.010 3.459 0.003 2.915 0.003 3.055 0.003 1076830 1.1e+06
BRA 1966 0.624 0.001 0.558 0.001 0.568 0.001 36.334 0.031 0.104 0.001 3.636 0.004 2.893 0.004 3.100 0.004 705039 709748
BRA 1975 0.519 0.001 0.562 0.001 0.574 0.001 39.512 0.024 0.033 0.000 3.754 0.003 2.719 0.004 3.088 0.004 879857 893911
CHL 1945 0.641 0.004 0.629 0.004 0.629 0.004 34.299 0.153 0.074 0.002 2.843 0.014 1.799 0.019 1.879 0.019 29974 30177
CHL 1957 0.469 0.003 0.511 0.003 0.529 0.003 34.621 0.134 0.041 0.001 3.964 0.012 3.235 0.016 3.328 0.016 52616 52616
CHL 1967 0.423 0.003 0.497 0.003 0.516 0.003 37.669 0.111 0.076 0.002 3.821 0.012 2.999 0.015 3.153 0.015 59150 59150
CHL 1977 0.361 0.003 0.481 0.003 0.520 0.003 37.677 0.104 0.120 0.002 3.066 0.011 2.106 0.014 2.326 0.015 62649 62649
COL 1948 0.756 0.004 0.608 0.003 0.608 0.003 35.369 0.104 0.078 0.002 2.639 0.010 1.697 0.013 1.764 0.013 62474 62980
COL 1960 0.623 0.003 0.548 0.002 0.557 0.002 35.933 0.074 0.153 0.001 3.627 0.008 2.889 0.010 3.043 0.010 128715 129387
COL 1980 0.558 0.002 0.561 0.002 0.583 0.002 34.528 0.073 0.058 0.001 4.109 0.008 3.419 0.010 3.732 0.010 149802 149832
CRI 1948 0.663 0.012 0.553 0.009 0.546 0.009 36.414 0.342 0.084 0.008 3.116 0.032 2.414 0.040 2.545 0.040 6702 6702
CRI 1959 0.530 0.007 0.512 0.007 0.508 0.007 38.088 0.241 0.091 0.004 4.066 0.027 3.476 0.033 3.688 0.033 11860 11860
CRI 1975 0.521 0.005 0.562 0.006 0.568 0.006 37.757 0.191 0.119 0.003 3.111 0.022 1.694 0.030 2.197 0.031 15964 15964
CRI 1986 0.415 0.005 0.473 0.005 0.475 0.005 38.790 0.173 0.120 0.003 3.142 0.018 1.571 0.025 2.374 0.027 23919 23919
DOM 1956 0.599 0.009 0.412 0.006 0.407 0.006 38.955 0.227 0.105 0.012 4.384 0.025 3.343 0.032 3.393 0.032 19224 19583
DOM 1977 0.382 0.004 0.405 0.004 0.417 0.005 40.424 0.171 0.151 0.003 4.460 0.019 2.815 0.026 3.306 0.027 34662 34662
DOM 1985 0.374 0.004 0.454 0.004 0.487 0.004 37.392 0.826 0.111 0.007 4.049 0.019 2.709 0.025 3.372 0.027 36028 37202
ECU 1949 0.832 0.007 0.672 0.004 0.674 0.005 34.424 0.186 0.067 0.003 2.894 0.020 2.366 0.023 2.407 0.023 17420 17648
ECU 1957 0.699 0.005 0.615 0.004 0.639 0.004 34.232 0.162 0.104 0.021 3.915 0.019 3.424 0.022 3.545 0.022 26073 26671
ECU 1965 0.525 0.004 0.526 0.004 0.543 0.004 35.216 0.157 0.101 0.002 4.402 0.017 3.752 0.021 3.967 0.021 34480 36135
ECU 1976 0.520 0.004 0.550 0.004 0.566 0.004 32.940 2.224 0.069 0.015 3.893 0.016 2.852 0.021 3.228 0.021 40908 48562
ECU 1985 0.425 0.003 0.521 0.003 0.537 0.003 36.814 0.112 0.124 0.002 3.787 0.015 2.843 0.018 3.358 0.019 54014 54953
SLV 1967 0.618 0.007 0.544 0.005 0.557 0.006 35.309 0.491 0.041 0.033 4.432 0.028 3.616 0.034 3.733 0.034 16949 16949
SLV 1982 0.492 0.005 0.521 0.005 0.541 0.005 36.391 0.181 0.060 0.002 4.484 0.023 3.453 0.029 3.738 0.029 24903 25037
GTM 1939 0.965 0.019 0.706 0.010 0.633 0.010 39.420 0.280 0.082 0.004 1.344 0.027 0.913 0.030 0.918 0.030 5601 5657
GTM 1948 0.989 0.012 0.722 0.006 0.676 0.007 35.053 0.268 0.088 0.004 2.022 0.027 1.554 0.031 1.578 0.031 8130 8131
GTM 1956 0.879 0.010 0.694 0.006 0.657 0.007 33.649 0.269 0.048 0.003 2.587 0.029 1.999 0.034 2.075 0.034 9145 9156
GTM 1969 0.770 0.005 0.657 0.004 0.635 0.004 33.599 0.165 0.054 0.002 3.293 0.018 2.700 0.022 2.816 0.022 27573 27641
GTM 1977 0.711 0.004 0.637 0.003 0.630 0.003 34.319 0.126 0.074 0.002 3.639 0.015 2.934 0.019 3.118 0.019 45714 45878
HND 1949 0.774 0.014 0.567 0.009 0.527 0.009 37.463 0.288 0.148 0.010 2.572 0.028 1.966 0.033 1.985 0.033 8013 8062
HND 1963 0.689 0.008 0.558 0.006 0.524 0.007 37.295 0.234 0.088 0.004 3.437 0.027 2.740 0.032 2.808 0.032 13839 13941
HND 1976 0.622 0.005 0.616 0.005 0.585 0.005 36.130 0.175 0.081 0.003 3.243 0.019 2.155 0.025 2.276 0.025 22404 22726
MEX 1945 0.688 0.010 0.560 0.007 0.582 0.006 35.127 0.236 0.095 0.004 2.801 0.025 1.902 0.031 2.004 0.030 13824 13826
MEX 1965 0.538 0.002 0.505 0.001 0.514 0.001 37.847 0.044 0.134 0.001 4.636 0.006 4.127 0.007 4.355 0.007 330775 340657
MEX 1970 0.505 0.006 0.530 0.006 0.524 0.006 37.551 0.212 0.111 0.004 4.380 0.025 3.893 0.030 4.141 0.030 14627 14642
MEX 1975 0.538 0.001 0.576 0.001 0.581 0.001 35.495 0.042 0.051 0.000 4.149 0.005 3.532 0.006 3.847 0.006 414732 410670
MEX 1985 0.467 0.001 0.547 0.001 0.556 0.001 34.127 0.044 0.065 0.001 4.223 0.005 3.574 0.006 3.897 0.006 513325 516213
MEX 1990 0.423 0.001 0.521 0.001 0.532 0.001 37.654 0.036 0.095 0.001 3.992 0.005 3.326 0.005 3.679 0.006 512286 513785
NIC 1946 0.942 0.016 0.675 0.009 0.655 0.009 35.069 0.341 0.088 0.008 2.125 0.035 1.522 0.041 1.546 0.041 5274 5276
NIC 1970 0.628 0.007 0.541 0.006 0.545 0.006 35.295 0.225 0.101 0.003 3.626 0.025 2.717 0.031 2.846 0.031 16029 16714
NIC 1980 0.597 0.005 0.593 0.004 0.598 0.004 35.263 0.166 0.074 0.002 3.770 0.021 2.641 0.027 2.991 0.027 25194 25194
PAN 1935 0.748 0.025 0.652 0.017 0.661 0.017 33.783 0.701 0.056 0.009 2.854 0.067 2.100 0.085 2.125 0.084 1323 1323
PAN 1945 0.769 0.013 0.663 0.009 0.677 0.009 31.685 1.213 0.051 0.010 2.924 0.039 2.292 0.047 2.358 0.047 4316 4318
PAN 1955 0.611 0.010 0.569 0.008 0.585 0.008 35.630 0.317 0.072 0.004 4.092 0.039 3.534 0.047 3.680 0.047 6845 6936
PAN 1965 0.497 0.008 0.533 0.007 0.541 0.008 40.484 3.712 0.112 0.022 3.940 0.031 3.170 0.039 3.444 0.038 9855 9856
PAN 1975 0.512 0.007 0.579 0.007 0.581 0.007 36.038 0.268 0.107 0.004 3.450 0.030 2.425 0.037 2.900 0.039 10904 10920
PAN 1985 0.439 0.007 0.542 0.007 0.523 0.007 37.817 0.231 0.109 0.014 3.122 0.027 1.775 0.035 2.468 0.038 12740 12778
PRY 1937 0.703 0.029 0.545 0.019 0.493 0.016 39.543 0.502 0.152 0.010 2.388 0.049 1.551 0.061 1.577 0.060 2631 2631
PRY 1947 0.748 0.012 0.624 0.008 0.577 0.009 35.017 0.339 0.066 0.004 2.700 0.029 2.071 0.035 2.116 0.035 7485 7614
PRY 1957 0.696 0.008 0.612 0.007 0.562 0.007 36.965 0.249 0.097 0.010 2.979 0.025 2.364 0.031 2.441 0.031 11159 12219
PRY 1967 0.639 0.007 0.596 0.006 0.581 0.006 36.497 0.223 0.106 0.004 3.404 0.024 2.717 0.030 2.849 0.030 13008 13020
PRY 1977 0.581 0.005 0.554 0.005 0.567 0.005 34.449 0.206 0.080 0.003 3.641 0.021 2.928 0.026 3.132 0.026 20754 21039
URY 1938 0.515 0.011 0.466 0.009 0.510 0.009 37.645 0.292 0.136 0.005 3.301 0.034 2.438 0.042 2.540 0.042 7819 7943
URY 1950 0.416 0.011 0.381 0.010 0.400 0.010 39.287 0.359 0.160 0.006 4.041 0.039 3.112 0.049 3.246 0.049 7783 7922
URY 1960 0.355 0.008 0.395 0.008 0.407 0.009 42.280 0.205 0.180 0.005 3.858 0.033 2.650 0.043 2.822 0.043 9872 9978
URY 1971 0.418 0.008 0.478 0.008 0.482 0.008 38.485 0.257 0.095 0.004 2.850 0.025 1.454 0.034 1.678 0.034 10287 11293
URY 1981 0.469 0.008 0.508 0.008 0.513 0.008 36.941 0.288 0.100 0.004 2.633 0.024 1.138 0.034 1.315 0.035 9566 9569
VEN 1946 0.605 0.006 0.516 0.004 0.525 0.004 35.881 0.149 0.107 0.002 3.466 0.016 2.711 0.021 2.781 0.020 34273 34356
VEN 1956 0.563 0.004 0.495 0.003 0.501 0.004 37.657 0.125 0.084 0.002 4.119 0.014 3.462 0.017 3.569 0.017 49765 59111
VEN 1965 0.564 0.003 0.537 0.003 0.543 0.003 36.915 0.100 0.137 0.002 3.852 0.012 3.028 0.015 3.101 0.015 66199 66200
VEN 1976 0.434 0.002 0.495 0.003 0.522 0.002 37.664 0.084 0.154 0.002 2.999 0.009 1.927 0.011 1.940 0.011 106627 107000

Notes: The table reports estimates of IGM and bootstrap standard errors computed with 5000 replications.
Year refers to the first birth year of the 5-year birth cohort used in the estimation. There are 76 country-
cohorts but only 71 when the indicator uses years of schooling. N1 and N2 report the number of children-
parent pairs with years of schooling data and categorical data, respectively.
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Table A8: Indicators of absolute IGM computed with Latinobarometro

ISO Year YOS s.e. CAT s.e. MIX s.e. BUM-p s.e. BUM-s s.e. TDM-p s.e. TDM-s s.e. UCP s.e. N1 N2
ARG 1945 0.666 0.013 0.633 0.014 0.629 0.014 0.621 0.020 0.264 0.014 0.045 0.008 0.170 0.029 0.830 0.029 1287 1287
ARG 1955 0.721 0.011 0.695 0.012 0.688 0.012 0.705 0.019 0.328 0.014 0.036 0.006 0.153 0.022 0.847 0.022 1498 1497
ARG 1966 0.716 0.011 0.700 0.011 0.687 0.011 0.788 0.018 0.421 0.013 0.028 0.004 0.178 0.018 0.822 0.018 1801 1801
ARG 1976 0.683 0.011 0.668 0.011 0.641 0.011 0.828 0.020 0.432 0.014 0.019 0.003 0.145 0.014 0.855 0.014 2000 2000
BOL 1951 0.668 0.014 0.601 0.015 0.601 0.015 0.300 0.016 0.156 0.013 0.151 0.025 0.151 0.031 0.849 0.031 1041 1038
BOL 1967 0.781 0.010 0.708 0.011 0.696 0.011 0.480 0.014 0.289 0.012 0.063 0.011 0.132 0.018 0.868 0.018 1760 1759
BOL 1976 0.775 0.009 0.724 0.010 0.697 0.010 0.555 0.013 0.365 0.012 0.053 0.007 0.114 0.013 0.886 0.013 2193 2192
BOL 1987 0.800 0.014 0.798 0.014 0.765 0.014 0.787 0.018 0.545 0.020 0.029 0.009 0.063 0.015 0.937 0.015 903 903
BRA 1935 0.561 0.020 0.457 0.021 0.464 0.021 0.120 0.014 0.090 0.012 0.362 0.061 0.446 0.082 0.554 0.082 602 601
BRA 1945 0.639 0.016 0.529 0.017 0.532 0.017 0.212 0.014 0.156 0.012 0.305 0.052 0.455 0.079 0.545 0.079 900 899
BRA 1955 0.746 0.012 0.621 0.013 0.623 0.013 0.370 0.014 0.248 0.012 0.180 0.026 0.194 0.037 0.806 0.037 1393 1392
BRA 1966 0.773 0.010 0.628 0.011 0.623 0.011 0.444 0.012 0.293 0.011 0.128 0.018 0.224 0.029 0.776 0.029 1913 1913
BRA 1975 0.760 0.010 0.652 0.011 0.639 0.011 0.568 0.013 0.367 0.012 0.138 0.014 0.218 0.022 0.782 0.022 2039 2038
BRA 1985 0.675 0.016 0.650 0.016 0.720 0.020 0.515 0.020 0.083 0.014 0.137 0.020 0.863 0.020 914
CHL 1945 0.775 0.013 0.683 0.015 0.686 0.014 0.540 0.020 0.329 0.015 0.060 0.013 0.130 0.025 0.870 0.025 1081 1067
CHL 1957 0.758 0.010 0.696 0.011 0.689 0.011 0.709 0.015 0.349 0.014 0.060 0.006 0.166 0.015 0.834 0.015 1697 1676
CHL 1967 0.740 0.010 0.672 0.011 0.670 0.010 0.738 0.013 0.419 0.014 0.052 0.004 0.171 0.012 0.829 0.012 1965 1959
CHL 1977 0.689 0.011 0.631 0.012 0.635 0.012 0.818 0.014 0.430 0.016 0.047 0.003 0.137 0.010 0.863 0.010 1579 1575
COL 1948 0.652 0.015 0.605 0.016 0.606 0.016 0.393 0.021 0.180 0.014 0.172 0.019 0.286 0.045 0.714 0.045 956 954
COL 1960 0.744 0.010 0.695 0.011 0.693 0.010 0.523 0.016 0.281 0.012 0.090 0.009 0.265 0.027 0.735 0.027 1741 1740
COL 1968 0.702 0.010 0.700 0.010 0.574 0.015 0.344 0.012 0.089 0.008 0.227 0.023 0.773 0.023 1964
COL 1980 0.757 0.011 0.703 0.011 0.696 0.011 0.678 0.016 0.413 0.014 0.046 0.006 0.120 0.015 0.880 0.015 1637 1637
CRI 1948 0.676 0.017 0.641 0.018 0.639 0.017 0.555 0.023 0.196 0.015 0.178 0.022 0.328 0.060 0.672 0.060 770 770
CRI 1959 0.742 0.012 0.719 0.012 0.710 0.012 0.715 0.017 0.282 0.013 0.094 0.011 0.274 0.040 0.726 0.040 1377 1377
CRI 1975 0.619 0.012 0.592 0.012 0.577 0.012 0.742 0.019 0.249 0.012 0.097 0.009 0.305 0.024 0.695 0.024 1728 1728
CRI 1986 0.606 0.019 0.592 0.019 0.562 0.018 0.741 0.032 0.363 0.021 0.065 0.010 0.348 0.032 0.652 0.032 751 751
DOM 1956 0.675 0.020 0.613 0.021 0.604 0.021 0.468 0.023 0.247 0.019 0.208 0.039 0.379 0.078 0.621 0.078 578 546
DOM 1977 0.676 0.014 0.626 0.014 0.592 0.014 0.643 0.019 0.386 0.016 0.139 0.015 0.361 0.030 0.639 0.030 1211 1187
DOM 1985 0.636 0.018 0.615 0.018 0.588 0.018 0.696 0.025 0.394 0.021 0.118 0.016 0.282 0.031 0.718 0.031 757 757
ECU 1949 0.624 0.015 0.590 0.015 0.584 0.014 0.526 0.021 0.188 0.013 0.075 0.011 0.280 0.041 0.720 0.041 1099 1098
ECU 1957 0.709 0.012 0.686 0.013 0.683 0.013 0.674 0.020 0.334 0.014 0.056 0.008 0.156 0.028 0.844 0.028 1367 1367
ECU 1965 0.736 0.010 0.714 0.010 0.709 0.010 0.748 0.016 0.382 0.012 0.047 0.005 0.146 0.019 0.854 0.019 1981 1980
ECU 1976 0.716 0.010 0.701 0.010 0.686 0.010 0.800 0.016 0.424 0.013 0.033 0.004 0.113 0.014 0.887 0.014 2138 2138
ECU 1985 0.718 0.014 0.708 0.014 0.680 0.014 0.842 0.026 0.546 0.019 0.013 0.004 0.087 0.014 0.913 0.014 1093 1093
GTM 1939 0.419 0.022 0.401 0.022 0.402 0.022 0.227 0.022 0.078 0.013 0.248 0.038 0.471 0.091 0.529 0.091 510 510
GTM 1948 0.464 0.018 0.438 0.018 0.436 0.018 0.233 0.018 0.088 0.011 0.227 0.028 0.300 0.060 0.700 0.060 807 807
GTM 1956 0.543 0.015 0.498 0.015 0.497 0.015 0.306 0.016 0.132 0.011 0.178 0.021 0.291 0.048 0.709 0.048 1116 1116
GTM 1969 0.563 0.012 0.542 0.012 0.540 0.012 0.334 0.015 0.169 0.010 0.191 0.016 0.335 0.038 0.665 0.038 1627 1627
GTM 1977 0.546 0.012 0.511 0.012 0.498 0.012 0.326 0.014 0.136 0.009 0.213 0.016 0.398 0.038 0.602 0.038 1795 1795
HND 1949 0.564 0.017 0.541 0.017 0.543 0.017 0.352 0.019 0.112 0.012 0.145 0.026 0.236 0.061 0.764 0.061 863 863
HND 1963 0.613 0.013 0.581 0.013 0.577 0.013 0.460 0.016 0.155 0.011 0.109 0.015 0.273 0.040 0.727 0.040 1351 1351
HND 1976 0.569 0.011 0.546 0.011 0.538 0.011 0.511 0.015 0.126 0.009 0.144 0.012 0.338 0.032 0.662 0.032 1880 1880
MEX 1945 0.651 0.015 0.618 0.015 0.617 0.015 0.465 0.019 0.178 0.013 0.165 0.020 0.532 0.051 0.468 0.051 1010 1010
MEX 1965 0.753 0.010 0.708 0.010 0.697 0.010 0.729 0.014 0.374 0.012 0.081 0.008 0.401 0.025 0.599 0.025 2039 2038
MEX 1970 0.747 0.009 0.695 0.010 0.680 0.010 0.763 0.013 0.415 0.011 0.081 0.007 0.332 0.021 0.668 0.021 2424 2424
MEX 1975 0.721 0.010 0.676 0.010 0.661 0.010 0.779 0.014 0.448 0.012 0.078 0.007 0.311 0.018 0.689 0.018 2408 2406
MEX 1985 0.726 0.015 0.663 0.016 0.652 0.015 0.763 0.023 0.507 0.020 0.035 0.007 0.095 0.015 0.905 0.015 1002 1000
MEX 1990 0.647 0.021 0.621 0.022 0.614 0.021 0.716 0.034 0.398 0.026 0.048 0.010 0.137 0.025 0.863 0.025 554 554
NIC 1946 0.501 0.020 0.474 0.020 0.472 0.020 0.262 0.019 0.103 0.013 0.282 0.043 0.449 0.079 0.551 0.079 630 630
NIC 1970 0.691 0.012 0.664 0.012 0.642 0.012 0.535 0.016 0.203 0.011 0.124 0.013 0.328 0.030 0.672 0.030 1574 1574
NIC 1980 0.614 0.013 0.567 0.013 0.547 0.013 0.475 0.017 0.168 0.011 0.173 0.015 0.453 0.032 0.547 0.032 1479 1478
PAN 1935 0.649 0.024 0.630 0.025 0.626 0.025 0.471 0.031 0.181 0.020 0.064 0.022 0.228 0.072 0.772 0.072 395 392
PAN 1945 0.686 0.017 0.670 0.018 0.665 0.018 0.525 0.023 0.239 0.017 0.056 0.013 0.269 0.051 0.731 0.051 734 729
PAN 1955 0.724 0.013 0.704 0.014 0.699 0.014 0.638 0.019 0.346 0.015 0.043 0.009 0.211 0.034 0.789 0.034 1140 1137
PAN 1965 0.713 0.012 0.694 0.012 0.687 0.012 0.664 0.019 0.369 0.014 0.036 0.006 0.191 0.023 0.809 0.023 1490 1484
PAN 1975 0.655 0.012 0.635 0.012 0.616 0.012 0.662 0.018 0.388 0.014 0.045 0.006 0.210 0.019 0.790 0.019 1777 1775
PAN 1985 0.600 0.019 0.568 0.019 0.541 0.018 0.615 0.032 0.403 0.023 0.034 0.008 0.245 0.027 0.755 0.027 712 711
PER 1968 0.681 0.011 0.675 0.010 0.662 0.016 0.479 0.014 0.041 0.005 0.121 0.012 0.879 0.012 1974
PER 1982 0.677 0.014 0.639 0.013 0.815 0.019 0.550 0.019 0.024 0.005 0.094 0.011 0.906 0.011 1393
PRY 1937 0.707 0.023 0.551 0.026 0.548 0.026 0.356 0.031 0.159 0.022 0.117 0.027 0.223 0.070 0.777 0.070 370 370
PRY 1947 0.715 0.016 0.572 0.018 0.564 0.018 0.421 0.022 0.170 0.016 0.147 0.020 0.181 0.039 0.819 0.039 759 759
PRY 1957 0.722 0.013 0.565 0.015 0.561 0.015 0.449 0.019 0.208 0.015 0.056 0.012 0.176 0.031 0.824 0.031 1056 1056
PRY 1967 0.756 0.011 0.608 0.012 0.602 0.012 0.545 0.016 0.250 0.013 0.081 0.009 0.199 0.028 0.801 0.028 1470 1470
PRY 1977 0.733 0.010 0.635 0.012 0.625 0.012 0.638 0.016 0.334 0.014 0.049 0.006 0.186 0.019 0.814 0.019 1595 1595
SLV 1967 0.711 0.012 0.644 0.013 0.640 0.012 0.431 0.015 0.223 0.012 0.104 0.014 0.187 0.030 0.813 0.030 1474 1474
SLV 1982 0.734 0.013 0.669 0.014 0.657 0.014 0.493 0.018 0.258 0.014 0.110 0.015 0.264 0.032 0.736 0.032 1159 1159
URY 1938 0.665 0.014 0.602 0.015 0.599 0.015 0.542 0.023 0.165 0.013 0.117 0.012 0.315 0.049 0.685 0.049 1068 1068
URY 1950 0.710 0.012 0.685 0.012 0.672 0.012 0.711 0.020 0.245 0.013 0.060 0.007 0.211 0.030 0.789 0.030 1437 1437
URY 1960 0.683 0.011 0.646 0.012 0.632 0.011 0.834 0.018 0.241 0.013 0.044 0.005 0.284 0.028 0.716 0.028 1602 1602
URY 1971 0.632 0.011 0.598 0.012 0.578 0.012 0.856 0.020 0.230 0.012 0.027 0.004 0.353 0.024 0.647 0.024 1783 1783
URY 1981 0.596 0.016 0.550 0.017 0.519 0.015 0.947 0.026 0.258 0.016 0.017 0.004 0.367 0.026 0.633 0.026 1062 1062
URY 1986 0.552 0.020 0.530 0.019 0.818 0.059 0.318 0.021 0.009 0.004 0.341 0.032 0.659 0.032 710
VEN 1946 0.742 0.014 0.680 0.015 0.672 0.015 0.411 0.019 0.225 0.015 0.116 0.019 0.335 0.057 0.665 0.057 983 935
VEN 1956 0.799 0.010 0.739 0.011 0.727 0.011 0.542 0.016 0.357 0.014 0.066 0.010 0.292 0.035 0.708 0.035 1507 1451
VEN 1965 0.801 0.008 0.740 0.009 0.726 0.009 0.602 0.013 0.430 0.012 0.061 0.007 0.214 0.020 0.786 0.020 2223 2174
VEN 1976 0.751 0.009 0.706 0.010 0.679 0.010 0.640 0.015 0.486 0.013 0.057 0.005 0.161 0.013 0.839 0.013 2244 2226

Notes: The table reports estimates of IGM and bootstrap standard errors computed with 5000 replications.
Year refers to the first birth year of the 5-year birth cohort used in the estimation. There are 76 country-
cohorts but only 71 when the indicator uses years of schooling. N1 and N2 report the number of children-
parent pairs with years of schooling data and categorical data, respectively.
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Table A9: Indicators of relative mobility and movement computed with Latinobarometro

ISO Year IGRC s.e. IGPC s.e. IGSC s.e. CER050 s.e. BHQ4 s.e. M1 s.e. M2 s.e. DIF s.e. N1 N2
ARG 1945 0.517 0.023 0.545 0.022 0.530 0.023 36.145 0.884 0.149 0.035 3.455 0.087 2.965 0.100 3.081 0.100 1287 1287
ARG 1955 0.537 0.021 0.566 0.019 0.555 0.021 33.474 0.950 0.077 0.012 3.548 0.077 3.075 0.090 3.285 0.090 1498 1497
ARG 1966 0.413 0.018 0.483 0.020 0.477 0.020 43.081 1.461 0.204 0.028 3.552 0.069 2.949 0.082 3.183 0.083 1801 1801
ARG 1976 0.393 0.015 0.510 0.017 0.507 0.018 39.615 0.519 0.198 0.050 3.087 0.061 2.417 0.075 2.797 0.076 2000 2000
BOL 1951 0.668 0.031 0.562 0.025 0.538 0.029 39.429 0.922 0.115 0.014 3.949 0.124 3.338 0.137 3.516 0.138 1041 1038
BOL 1967 0.551 0.017 0.563 0.014 0.579 0.017 35.043 0.661 0.075 0.011 4.847 0.094 4.349 0.107 4.722 0.108 1760 1759
BOL 1976 0.485 0.015 0.570 0.015 0.598 0.016 34.626 0.682 0.101 0.012 4.678 0.084 4.016 0.098 4.581 0.100 2193 2192
BOL 1987 0.322 0.020 0.458 0.024 0.489 0.027 38.304 1.016 0.181 0.045 5.257 0.138 4.725 0.160 5.338 0.159 903 903
BRA 1935 0.627 0.051 0.548 0.044 0.487 0.036 40.182 1.034 0.153 0.020 2.679 0.123 1.764 0.148 1.845 0.147 602 601
BRA 1945 0.671 0.049 0.484 0.032 0.485 0.028 38.441 0.888 0.110 0.014 3.408 0.117 2.655 0.132 2.715 0.132 900 899
BRA 1955 0.615 0.025 0.525 0.021 0.523 0.021 37.383 0.761 0.102 0.013 4.227 0.094 3.577 0.111 3.743 0.111 1393 1392
BRA 1966 0.532 0.021 0.486 0.018 0.495 0.019 36.129 0.663 0.086 0.009 4.427 0.079 3.757 0.095 3.941 0.094 1913 1913
BRA 1975 0.440 0.017 0.475 0.017 0.477 0.018 40.848 0.551 0.163 0.011 4.450 0.072 3.562 0.094 3.838 0.093 2039 2038
CHL 1945 0.561 0.023 0.642 0.021 0.649 0.023 36.584 1.052 0.084 0.010 3.817 0.090 3.262 0.111 3.393 0.112 1081 1067
CHL 1957 0.425 0.023 0.559 0.027 0.581 0.024 36.623 0.878 0.052 0.010 3.815 0.075 3.087 0.089 3.276 0.090 1697 1676
CHL 1967 0.420 0.023 0.545 0.030 0.574 0.025 34.730 1.400 0.078 0.017 3.517 0.068 2.750 0.077 2.993 0.079 1965 1959
CHL 1977 0.410 0.025 0.570 0.041 0.616 0.029 35.771 1.211 0.078 0.014 3.000 0.071 2.280 0.079 2.512 0.083 1579 1575
COL 1948 0.610 0.037 0.530 0.030 0.514 0.033 38.105 1.334 0.113 0.019 3.801 0.113 2.744 0.142 2.879 0.142 956 954
COL 1960 0.515 0.030 0.491 0.028 0.499 0.027 36.374 0.933 0.103 0.012 4.516 0.086 3.503 0.102 3.733 0.102 1741 1740
COL 1980 0.495 0.022 0.585 0.020 0.615 0.021 35.647 0.914 0.110 0.035 4.001 0.088 3.179 0.105 3.706 0.106 1637 1637
CRI 1948 0.487 0.031 0.454 0.030 0.419 0.031 39.219 1.068 0.131 0.017 4.105 0.132 3.317 0.159 3.481 0.161 770 770
CRI 1959 0.413 0.023 0.416 0.023 0.400 0.024 40.716 0.733 0.142 0.013 4.597 0.098 3.947 0.117 4.196 0.114 1377 1377
CRI 1975 0.362 0.018 0.436 0.022 0.424 0.022 38.648 1.873 0.131 0.015 3.692 0.081 2.315 0.106 2.817 0.107 1728 1728
CRI 1986 0.283 0.028 0.365 0.034 0.361 0.034 43.012 0.853 0.172 0.015 3.896 0.130 2.272 0.178 2.821 0.178 751 751
DOM 1956 0.390 0.043 0.327 0.035 0.340 0.037 42.416 1.105 0.172 0.021 5.069 0.173 4.062 0.215 4.103 0.222 578 546
DOM 1977 0.328 0.024 0.376 0.024 0.362 0.026 40.531 1.142 0.130 0.020 4.698 0.113 3.133 0.150 3.535 0.153 1211 1187
DOM 1985 0.259 0.028 0.333 0.033 0.324 0.035 43.405 1.072 0.200 0.021 4.534 0.148 2.778 0.198 3.255 0.200 757 757
ECU 1949 0.599 0.029 0.549 0.023 0.544 0.024 36.107 0.899 0.094 0.013 3.516 0.106 2.838 0.124 2.950 0.123 1099 1098
ECU 1957 0.589 0.030 0.529 0.021 0.531 0.023 34.100 1.016 0.076 0.012 4.183 0.096 3.708 0.110 3.825 0.109 1367 1367
ECU 1965 0.525 0.018 0.523 0.018 0.533 0.019 34.391 0.820 0.074 0.010 4.321 0.078 3.801 0.090 3.948 0.090 1981 1980
ECU 1976 0.479 0.019 0.556 0.017 0.566 0.017 41.743 4.265 0.157 0.041 3.910 0.070 3.328 0.083 3.620 0.083 2138 2138
ECU 1985 0.385 0.021 0.486 0.023 0.496 0.023 40.304 0.727 0.072 0.029 3.735 0.101 3.041 0.121 3.495 0.123 1093 1093
GTM 1939 0.639 0.049 0.551 0.039 0.526 0.037 40.734 1.034 0.065 0.064 2.644 0.147 1.420 0.182 1.490 0.183 510 510
GTM 1948 0.722 0.034 0.615 0.026 0.577 0.026 39.217 0.807 0.069 0.018 2.668 0.111 1.774 0.137 1.860 0.136 807 807
GTM 1956 0.689 0.028 0.581 0.023 0.540 0.024 39.120 0.731 0.112 0.013 3.184 0.105 2.268 0.124 2.406 0.124 1116 1116
GTM 1969 0.648 0.022 0.573 0.018 0.556 0.019 36.798 0.658 0.085 0.010 3.429 0.085 2.322 0.107 2.412 0.108 1627 1627
GTM 1977 0.576 0.022 0.535 0.019 0.514 0.019 37.673 0.628 0.107 0.016 3.355 0.075 1.983 0.099 2.159 0.098 1795 1795
HND 1949 0.708 0.040 0.541 0.030 0.476 0.028 42.057 0.774 0.107 0.014 3.213 0.123 2.714 0.138 2.776 0.138 863 863
HND 1963 0.629 0.027 0.521 0.021 0.492 0.023 39.549 0.739 0.144 0.017 3.722 0.099 3.061 0.115 3.180 0.115 1351 1351
HND 1976 0.545 0.020 0.526 0.018 0.488 0.020 38.475 0.648 0.119 0.012 3.413 0.075 2.329 0.095 2.450 0.095 1880 1880
MEX 1945 0.456 0.044 0.415 0.034 0.424 0.030 40.432 0.913 0.134 0.015 3.890 0.110 2.775 0.140 2.910 0.136 1010 1010
MEX 1965 0.348 0.023 0.373 0.022 0.366 0.023 41.138 0.670 0.170 0.013 4.764 0.078 3.672 0.103 3.930 0.102 2039 2038
MEX 1970 0.346 0.022 0.388 0.023 0.396 0.023 39.220 0.748 0.140 0.022 4.625 0.069 3.406 0.094 3.764 0.091 2424 2424
MEX 1975 0.331 0.019 0.393 0.023 0.406 0.022 37.329 2.723 0.090 0.021 4.391 0.069 2.859 0.099 3.320 0.097 2408 2406
MEX 1985 0.393 0.022 0.514 0.025 0.514 0.026 40.078 0.885 0.112 0.014 4.038 0.107 3.221 0.132 3.801 0.136 1002 1000
MEX 1990 0.400 0.035 0.482 0.037 0.489 0.037 39.148 1.108 0.093 0.018 3.918 0.148 2.677 0.191 3.283 0.193 554 554
NIC 1946 0.577 0.048 0.472 0.039 0.427 0.035 43.606 0.759 0.162 0.018 3.166 0.152 2.296 0.175 2.426 0.173 630 630
NIC 1970 0.455 0.019 0.487 0.020 0.480 0.021 38.363 0.664 0.102 0.013 4.508 0.096 3.299 0.122 3.741 0.121 1574 1574
NIC 1980 0.423 0.021 0.458 0.022 0.452 0.022 39.177 0.699 0.117 0.012 4.011 0.091 2.301 0.125 2.721 0.124 1479 1478
PAN 1935 0.656 0.051 0.580 0.038 0.590 0.036 37.509 1.228 0.082 0.019 3.761 0.179 3.283 0.202 3.414 0.196 395 392
PAN 1945 0.624 0.030 0.569 0.024 0.579 0.025 35.659 0.893 0.110 0.017 4.074 0.131 3.469 0.153 3.658 0.153 734 729
PAN 1955 0.523 0.025 0.491 0.021 0.493 0.023 37.215 0.746 0.103 0.013 4.754 0.118 4.219 0.135 4.352 0.135 1140 1137
PAN 1965 0.510 0.020 0.551 0.018 0.554 0.020 33.440 0.778 0.087 0.011 4.311 0.095 3.618 0.112 3.863 0.114 1490 1484
PAN 1975 0.471 0.018 0.534 0.017 0.526 0.019 40.833 3.589 0.156 0.035 3.992 0.089 3.018 0.108 3.418 0.110 1777 1775
PAN 1985 0.414 0.029 0.506 0.028 0.479 0.031 39.609 0.950 0.163 0.019 3.742 0.138 2.397 0.177 2.964 0.184 712 711
PRY 1937 0.680 0.050 0.552 0.039 0.514 0.047 40.120 1.924 0.092 0.029 3.599 0.167 2.809 0.203 2.911 0.201 370 370
PRY 1947 0.624 0.034 0.570 0.029 0.547 0.035 38.046 1.283 0.104 0.020 3.452 0.113 2.758 0.137 2.932 0.137 759 759
PRY 1957 0.601 0.031 0.557 0.024 0.552 0.027 36.227 1.140 0.095 0.019 3.684 0.102 3.156 0.119 3.257 0.119 1056 1056
PRY 1967 0.527 0.027 0.523 0.025 0.515 0.027 37.707 0.996 0.132 0.023 3.816 0.082 3.281 0.094 3.398 0.094 1470 1470
PRY 1977 0.483 0.030 0.515 0.028 0.514 0.028 35.280 1.088 0.053 0.012 3.837 0.078 3.280 0.090 3.425 0.089 1595 1595
SLV 1967 0.608 0.022 0.564 0.019 0.561 0.021 36.605 0.720 0.090 0.011 4.230 0.096 3.491 0.116 3.709 0.116 1474 1474
SLV 1982 0.467 0.024 0.515 0.023 0.561 0.023 35.368 0.886 0.105 0.017 4.623 0.107 3.722 0.134 4.047 0.131 1159 1159
URY 1938 0.552 0.028 0.511 0.025 0.515 0.025 36.574 0.961 0.084 0.019 3.330 0.098 2.584 0.115 2.779 0.114 1068 1068
URY 1950 0.520 0.022 0.488 0.020 0.491 0.022 34.870 1.054 0.097 0.019 3.625 0.083 2.975 0.100 3.192 0.100 1437 1437
URY 1960 0.433 0.022 0.451 0.022 0.442 0.023 35.544 3.754 0.098 0.031 3.399 0.077 2.683 0.092 2.981 0.092 1602 1602
URY 1971 0.444 0.021 0.484 0.021 0.484 0.021 40.717 0.607 0.108 0.019 3.024 0.064 2.082 0.082 2.394 0.082 1783 1783
URY 1981 0.414 0.021 0.497 0.024 0.492 0.025 38.237 0.825 0.126 0.015 2.671 0.072 1.283 0.102 1.722 0.107 1062 1062
VEN 1946 0.462 0.031 0.438 0.027 0.426 0.028 40.526 0.942 0.141 0.016 4.480 0.119 3.929 0.136 4.040 0.137 983 935
VEN 1956 0.360 0.023 0.393 0.023 0.385 0.024 40.488 0.814 0.124 0.015 5.171 0.097 4.587 0.113 4.839 0.110 1507 1451
VEN 1965 0.344 0.017 0.403 0.019 0.403 0.019 38.148 0.787 0.150 0.012 4.860 0.074 4.208 0.089 4.452 0.087 2223 2174
VEN 1976 0.339 0.024 0.419 0.030 0.445 0.022 41.870 0.558 0.199 0.022 4.160 0.069 3.200 0.086 3.732 0.083 2244 2226

Notes: The table reports estimates of IGM and bootstrap standard errors computed with 5000 replications.
Year refers to the first birth year of the 5-year birth cohort used in the estimation. There are 76 country-
cohorts but only 71 when the indicator uses years of schooling. N1 and N2 report the number of children-
parent pairs with years of schooling data and categorical data, respectively.
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Table A10: Bias Inference

1% 5% 10% N
YOS 54.9 64.8 70.4 71
CAT 100.0 100.0 100.0 76
MIX 98.7 100.0 100.0 76
BUM-primary 51.3 64.5 69.7 76
BUM-secondary 78.9 85.5 89.5 76
TDM-primary 34.2 47.4 55.3 76
TDM-secondary 31.6 44.7 50.0 76
UCP 43.4 51.3 53.9 76
IGRC 66.2 80.3 83.1 71
IGPC 45.1 59.2 71.8 71
IGSC 49.3 63.4 69.0 71
CER050 66.2 70.4 77.5 71
BHQ4 49.3 54.9 62.0 71
M1 71.8 78.9 81.7 71
M2 77.5 85.9 88.7 71
DIF 83.1 87.3 90.1 71

Table A11: Nationally representative household surveys

Country Name of survey Acronym Survey waves
Brazil Pesquisa Nacional por Amostra de Domicilios PNAD 2014
Chile Encuesta de Caracterización Socioeconómica Nacional CASEN 2006, 2009, 2011, 2013, 2015
Colombia Encuesta Nacional de Condiciones de Vida ECV 2003, 2008, 2010-2013
Ecuador Encuesta de Condiciones de Vida ECV 1994, 1995, 1998, 2006
Guatemala Encuesta Nacional sobre Condiciones de Vida ENCOVI 2000, 2006, 2011
México Encuesta Nacional sobre Niveles de Vida de los Hogares MXFLS 2002, 2005-2006, 2009-2012
Nicaragua Encuesta Nacional de Hogares sobre Medición de Nivel de Vida EMNV 1998
Panama Encuesta de Niveles de Vida ENV 1997, 2003, 2008
Peru Encuesta Nacional de Hogares ENAHO 2001-2015

Notes: Nationally representative household surveys used to compute intergenerational mobility estimates in Neidhöfer et al. (2018).
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Table A12: Comparison of indicators with retrospective information but different data
sources (social surveys vs. household surveys)

Indicator Average difference (%) Rank correlation
Absolute mobility
BUM-secondary -1.985 0.840
UCP 3.639 0.518
Relative mobility
IGSC 3.642 0.067
IGPC 7.019 0.050
IGRC 13.210 0.699
Movement
M2 -0.438 0.590
M1 -0.961 0.638

Notes: The first column reports the average difference as percentage
of the indicator computed using Latinobarometro. The second column
reports the Spearman rank correlation coefficient for 7 indicators of in-
tergenerational mobility described in Table 1 computed using Latino-
barometro social survey and other alternative nationally representative
household surveys (see details in Table A11). The sample include multi-
ple cohorts for 9 countries that sum up to 113 estimates. The source of
these estimates is Neidhöfer et al. (2018).

Table A13: Monte Carlo Simulation

Mean Std. dev. Min Max N
Average bias for IGPC, %. Cohort 1 -0.10 2.85 -10.79 9.29 1000
Average bias for IGPC, %. Cohort 2 -0.01 0.74 -2.22 2.13 1000
Average bias for IGPC, %. Pooling cohorts 0.93 0.96 -1.80 4.18 1000
Average bias for IGRC, %. Cohort 1 -0.03 3.36 -10.80 12.00 1000
Average bias for IGRC, %. Cohort 2 -0.01 0.86 -2.41 3.22 1000
Average bias for IGRC, %. Pooling cohorts 11.99 1.27 8.07 15.98 1000

Notes: The table reports summary statistics of a Monte Carlo Simulation with 1000 repetitions.
Each repetition is a simulation of the following: We generate 10,000 observations where parental
education y follows y ∼ N(8, 2) and children education x depends on parental education linearly
such that Corr(y, x) is approximately 0.5 for both cohorts while the regression coefficient from
regressing y on x is 0.5 for the first cohort and 0.75 for the second.
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Figure A3: Comparison of rankings with full sample and coresident sample

(a) BUM-primary (b) BHQ4

Notes: The figure plots lines connecting the rank of estimates for the same country-cohorts com-
puted with two data sources (social survey vs. census data, the former with retrospective informa-
tion and the latter being a coresident sample). It is sorted according to the rank computed using
Latinobarometro social survey. The sample includes multiple 5-year birth cohorts for 16 countries
that sum up to 72 estimates.
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Figure A4: Comparison of indicators with retrospective information but different data
sources

(a) BUM (b) UCP (c) IGPC

(d) IGRC (e) IGSC (f) M1

(g) M2

Notes: The figure plots estimates for the same country-cohorts computed with two data sources
(social survey vs. household survey, both with retrospective information). The sample include
multiple cohorts for 9 countries that sum up to 113 estimates. The source of these estimates is
Neidhöfer et al. (2018).
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Figure A5: Comparison of rankings with different data sources

(a) BUM (b) IGPC

Notes: The figure plots lines connecting the rank of estimates for the same country-cohorts com-
puted with two data sources (social survey vs. household survey, both with retrospective informa-
tion). It is sorted according to the rank using Latinobarometro social survey. The sample include
multiple cohorts for 9 countries that sum up to 113 estimates. The source of these estimates is
Neidhöfer et al. (2018).
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