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Gauging Cross-national Differences in Education Attainment

Introduction

Human capital is an important concept within the Societal Infrastructures and
Development project (SID); it is a welfare indicator, a factor that shapes developmental
processes, and a driver of other welfare indicators, such as economic growth. Educational
attainment is a widely used and accepted indicator of the stock of human capital in a
country (for example, see Psacharopoulos and Arriagada, 1986, 1992; Lau, Jamison, and
Louat, 1991; Barro and Lee, 1993, 2001; Nehru, et. al., 1995). The main source of cross-
national data on educational attainment is the United Nations Educational, Scientific and
Cultural Organization (UNESCO).

UNESCO collects education data by surveying its member countries; its methodology is
relatively straight-forward. At five-year intervals it sends questionnaires to individual
countries. The first year with truly comprehensive educational data is 1960; the series
continues at five-year intervals through 2005. UNESCQO’s questionnaire is sent to the
governmental unit in each country that is responsible for handling educational data.
These units are designated by the member countries and are normally an education-
related ministry or an organization that collects national statistical information. While
UNESCO personnel work with the designated organizations within member countries to
generate accurate information, the quality of the data undoubtedly varies across countries.
Moreover, there is some “play” in what is acceptable to submit to UNESCO. For
example, while the UNESCO questionnaire explicitly solicits information for a given
year, its instruction manual says that if the data solicited are not available a country may
report the most recent data available. Countries are also encouraged by UNESCO to
provide estimates for missing or incomplete data.

Data quality issues in the UNESCO archive are compounded by the fact that countries are
not obligated to complete the questionnaire. Consequently, there is a considerable amount
of missing data, though it varies by year, country, and region of the world. This is
troubling because some of the missing data are systematic (i.e., non-random); they
disproportionately affect poor countries or politically isolated entities that lack either the
resources or the will to complete the survey. There is also a geographical bias; most of
the countries lacking data are African, Asian, Middle Eastern or Southeast Asian; after
the break-up of the Soviet Union much data are missing for the post-Soviet States.
Because of this missing data problem various researchers have developed estimation
procedures to address it. The importance of educational attainment data to the SID project
is such that a significant investment was made to build on these efforts.

Our principal objective was to generate as complete an educational attainment dataset as
possible for the 175 countries in the SID project for as much of the post-WWII era (to
2005) as possible. The philosophy underlying these efforts rests on two premises. The
first is the fact that the non-random occurrence of missing data on factors such as
educational attainment can bias statistical analyses. Thus, having missing data for a
disproportionate share of exceptionally poor countries (e.g., African nations) can generate




misleading inferences about the developmental role of education. The second factor is
that the existence of “good data” for almost two-thirds of the SID country-years means
that we have a solid information base for estimating missing data — at least for selected
countries and time frames. The value of the existing data is enhanced by the fact, for most
countries and most time frames, educational attainment changes slowly and is highly
structured — over time and across cognate countries.

Within a given country the proportion of residents who complete secondary education
does not fluctuate greatly over time; that is, countries do not routinely experience marked
annual jumps in attainment. Moving large segments of the population through
educational institutions requires time and resources — and is constrained by communal
norms and individual lifestyles. All of these factors militate against large variations and
distinguish educational attainment data from such data as inflation and crop yields, which
can fluctuate markedly from year to year. The structured nature of educational data also
means that, even if we totally lack data for a country, we are not necessarily without
information to generate refined estimates. For example, the available data on African
educational attainment rates suggests that they are far below global averages. This
provides the basis for making some informed estimates about education attainment rates
in African countries by using cognate groups of African countries with available data.
The error introduced by using such estimates may be less than the bias introduced by
failing to incorporation a sizeable and distinct subset of the global community of nations.

To achieve our objective we examined the structure of the missing educational attainment
data and decomposed the problem into distinct sources of missing data. Whenever
methodologically sound solutions were available, we devised source-specific strategies to
estimate the missing data. We used the augmented dataset to construct a pair of
composite variables that measure educational attainment for two age groups that
constitute the standard groupings for country-level educational attainment data.
E_ATTAIN;s. refers to educational attainment (in years) for the proportion of the
population that is fifteen years of age and over; E_ATTAIN,, refers to educational
attainment for the proportion of the population that is twenty-five years of age and over.
Our efforts to address the missing data problems in the available educational attainment
data — which involved a three-wave procedure — are described, illustrated and analyzed in
the following sections.

The first section discusses the source of the root data for educational attainment:
UNESCO data for four educational attainment variables at five-year intervals — as
modified by Barro and Lee (2001). This section also describes the modifications to the
2001 Barro and Lee dataset that were made to integrate it with the SID project, which
involved adding some countries and deleting others. The second section outlines our
“wave-one” efforts to address the missing data. The addition of more than forty countries
to the Barro and Lee dataset, and its extension to 2005, resulted in missing data for about
36% of the country-years. Most of our efforts in the first wave focus on estimating




missing data for the 15 and older group, for reasons rooted in the structure of one of the
most powerful of the estimation techniques (the perpetual inventory method).*

The third section reports on the procedures used to transform the four educational
variables in each dataset (15 and older, 25 and older) to generate a preliminary version of
the E_ATTAINgs. and E_ATTAIN,s,. variables. The fourth section reports our “wave two”
efforts, which involved using the composite variables to predict missing values in one
composite from available data in the other (e.g., E_ATTAINs, iS used to predict
E_ATTAINzs, , Where E_ATTAIN,s, IS missing; and vice versa). These efforts reduced the
missing data to 6.2 % of the country-years for the period from 1960 to 2005. Thus, for
this period we have complete data on 162 countries, all but 13 of the 175 countries in the
SID project.

The fifth section explains our “wave-three” efforts. In this phase we developed
procedures to “backcast” the 1960-2005 dataset to 1950 for the ninety-two countries that
were independent before 1960. This effort is made possible because of availability of
fairly complete data for the composite variables in the 1960-2005 era. The sixth section
summarizes the role of the different estimation strategies, illustrates the SID educational
attainment data by displaying it across countries and over time; and assesses the
credibility of the augmented dataset by comparing it with the Barro and Lee in an
examination of economic growth.

The Barro and Lee Refinements to the UNESCO Educational Attainment Data

Description of the Barro-Lee Data Data

A review of the pertinent literature suggested that the work of Barro and Lee in refining
and extending the original UNESCO data has been the most sophisticated and ambitious.
Their work is reported in Barro and Lee (2001). Because of its standing in the field, we
began our effort by obtaining the Barro-Lee dataset from the web site of the Center for
International Development at Harvard University (BL2000).? The Barro and Lee archive
is actually composed of two datasets. The first contains attainment data for the population
15 and older (15+); the second contains attainment data for the population 25 and older
(25+). Each dataset gauges a country’s educational attainment by listing the proportion of
the population in each of four categories:

! Focusing on the 15 and older group generates the most complete set of data possible because deploying
the perpetual inventory method requires less data to produce estimates, as noted below. This is an efficient
strategy because, once the available data for the 15 and older group is transformed into a composite
variable (E_ATTAINgs,) it is possible to generate refined estimates for the 25 and older group
(E_ATTAIN,s.).

2 http://www.cid.harvard.edu/ciddata/ciddata.html.




proportion with no education;

proportion whose highest education level was primary education;
proportion whose highest education level was secondary education; and
proportion whose highest education level was tertiary education.

Each data set contains observations for each country at five year intervals from 1950
through 2000. The variable names and descriptions of the data sets are listed below.

Population 15 and Older

COUNTRY Country Name

YEAR Year

POP_15 Population 15 and older (in thousands)

NOEDUC_15 Percent of 15 and older population with no education
PRIM_15 Percent of 15 and older population attained primary
SEC_15 Percent of 15 and older population attained secondary
TERT_15 Percent of 15 and older population attained tertiary

Population 25 and Older

COUNTRY Country Name

YEAR Year

POP_25 Population 25 and older (in thousands)

NOEDUC_25 Percent of 25 and older population with no education
PRIM_25 Percent of 25 and older population attained primary
SEC_25 Percent of 25 and older population attained secondary
TERT_25 Percent of 25 and older population attained secondary

BL2000 data has observations for 141 countries for the 15+ group and the 25+ group.
There are missing data for about 1% of the four attainment variables in both datasets.

Modifications to the Barro and Lee Dataset

A number of modifications were made to the BL2000 data to integrate it with the SID
project. The first was to delete observations for countries with populations less than
500,000 (i.e., the micro-states). Ten microstates were eliminated from the 15+ group and
eleven were deleted from the 25+ group; Appendix E-1 contains a list of the countries
and years deleted because of their population size. The second modification pertains to
the 25+ group. Thirty-seven countries contained observations of attainment data for either
1950 or 1955 and, in one case (Philippines), data for both 1950 and 1955. To simplify the
generation of missing data for the 1960-2005 period, these observations were deleted.
These observations were reintegrated into the dataset after estimates for the 1960-2005
period were made, as noted above. Appendix E-2 contains a list of the countries and
years deleted because they were before 1960.

The third modification was to add the following variables to each data set: 1) a country
identification variable containing the country’s Correlates of War country code
(cowcoDE); 2) a dummy variable indicating whether or not the country was




independent (INDEP) in a given year; ° and 3) a dummy variable (BLEE) indicating
whether or not the country-year observation was in the original BL2000 dataset. The
addition of these variables facilitates merging these data with other datasets, identifying
the missing data that needed to be estimated (we only provide estimates for independent
nations), and differentiating the original Barro and Lee data from the estimates provided
here. Having the capacity to differentiate the original data from the augmented data
provides the basis for assessing the impact of the missing data estimated here.*

A fourth modification was necessary because the BL2000 datasets are not balanced
panels (i.e., some countries that existed in the 1960-2000 time-frame do not have
observations on attainment data for every year). For example, while Libya was an
independent country between 1960 and 2000, it has only three observations (1965, 1975,
and 1985). Thus, the BL2000 datasets were converted into balanced panel datasets, with
an entry for every country for every year. Next, the timeframe for the newly balanced
educational attainment datasets was expanded to include an observation for 2005.
Balancing these data and adding the 2005 observation had the effect of increasing the
amount of missing data to about seventeen percent in both datasets.’

The final modification was to include the countries in the SID project that were missing
from the BL2000 data; SID includes all countries with a population of at least 500,000 in
2004. This required the addition of 43 countries to the 15 and older dataset and 44
countries to the 25 and older dataset. Appendix E-3 contains a list of the countries added.
After adding the addition countries and balancing the panel, the BL2000 data provides
attainment data for 64% of the balanced panel.

Wave One Strategies for Missing Data Reduction

We used seven different strategies in our wave-one efforts. We began by scouring the
UNESCO data archive for data and developing perpetual inventory model estimates
where possible. We also used literacy rates as estimate of “no education” rates,
interpolated data values where possible, and extrapolated to fill in missing values in
initial years of a country’s time-series — where needed and possible. We also developed
strategies to replace missing values in African countries and post-Soviet states. Finally,
we extended the series to 2005. The details for each of these strategies are reported below
and in the accompanying appendices.

® The independence variable is based on the Gleditsch and Ward’s release 3.2 dated 22 January 2007.

* We also include a dummy variable for each estimation technique developed. This allows users to be
selective in which of the estimation techniques they are comfortable in using, if any.

® The percent of missing data was calculated by first computing the number of possible data points in each
year. The number of data points in any given year is equal to the number of independent countries
multiplied by four. The total number of possible data points is the sum of these yearly figures. The percent
missing is the ratio between the existing data points and the total possible data points.




UNESCO Data, Country Archives, and Perpetual Inventory Model Estimates

We began our efforts to address the missing data problem by searching the UNESCO
Statistical Yearbooks from 1963 to 1997 for attainment data not included in the BL2000
data set. At the same time we also collected enrollment ratios for primary, secondary, and
tertiary schooling. Where available, the net enrollment ratios were collected.® If net
enrollment ratios were unavailable, gross enrollment ratios were collected.” Enrollment
ratios after 1999 were collected from the UNESCO Institute for Statistics Data Center.®

In countries with at least one available data point for the attainment variables and
available enrollment ratios, we followed Barro and Lee by using perpetual inventory
methods to estimate missing attainment data.® These methods are used to estimate capital
stock for a particular point in time given information on: (1) capital stock at a previous or
later point in time, (2) investment, and (3) depreciation of capital stock. Estimates of
capital stock using perpetual inventory methods may be either forward-flow or backward-
flow estimates (Barro and Lee, 1993). Estimates of capital stock for a given time based
on earlier capital stock values are referred to as forward-flow estimates. Equation (1)
contains an example of a forward-flow estimate where K is the value we wish to estimate
(capital stock at time ), /; is information on investment at time ¢, K., is the value for
capital stock at time 7, and r is information pertaining to depreciation of capital stock.°

Kt :Kz—l(l_r)+]z (1)
Equation (2) contains an example of a backward-flow estimate in which the value of

capital stock at a previous point is based on later capital stock values, investment, and
depreciation.

K= ta-r) @

t-1 (1 _ 7/')

There are four attainment variables that can be used as measures for human capital stock
for each population group: the number of persons with no education (H,), the number of

® UNESCO defines net enrollment ratios (NER) as follows: The enrollment of the official age group for a
given level of education expressed as a percentage of the corresponding population.

" UNESCO defines gross enrollment ratio (GER) as follows: The total enrollment in a specific level of
education, regardless of age, expressed as a percentage of the eligible official school-age population
corresponding to the same level of education in a given school year. When the net enrollment ratio is
compared to the gross enrollment ratio, the difference between the two highlights the incidence of under-
aged and over-aged enrollment in a given level of education.

8 http://stats.uis.unesco.org/unesco/TableViewer/document.aspx?Reportld=143&IF _Language=eng

° Estimates for missing data in the 25 and older data set followed the methodology in Barro-Lee (1993);
estimates for missing data in the 15 and older data set followed the methodology in Barro-Lee (2000).

19 Notation is from Baffes and Shah (1998, p. 294).




persons who attained a primary education (H;), the number of persons who attained a
secondary education (H>), and the number of persons who attained a tertiary education
(H3). We draw from Barro and Lee (2000) for an example of how we estimated missing
values in the education attainment data for the population 15 and older. We know the
number of people in the population without education at time -5 (H.s5) and wish to
estimate the number of people with no education at time ¢ (Hy,)."" Substituting the
variable representing the population with no education into equation (1) yields our
forward-flow estimate of missing data.

Ho,t :Ho,t—s(l_r)"'lt (3)

Investment in human capital (as measured by education attainment) does not immediately
enter the labor force, as does investment in some physical capital. Rather, there is a delay
between the actual investment and when the fruit of such investment enters the labor
force and is reflected in our measure of human capital stock (Nehru, 1995). At time ¢, the
cohort of persons between the ages of 15 and 19 becomes visible to our measure of
human capital stock. We assume that anyone with no education at time ¢ was not enrolled
in primary schooling at time #-5. Thus, our measure of investment in human capital is the
number of people in the population between age 15 and 19 at time ¢ who were not
enrolled in primary school at time ¢-5 where L15, is the population age 15-19 at time ¢
and PRI, s is the portion of primary school aged children who were enrolled in primary
school at time #-5.

H,, =H,, s (1_ ’”)"‘ [L15z (1_ PRI, )] (4)

There is no universally known rate of depreciation in human capital stock; thus, a
common measure of depreciation is some mortality rate (). We can then substitute the
mortality rate in equation (4) as our rate of depreciation in human capital stock.

Ho, =H,, s(1-6)+[L15,(1- PRI, ) 5)

Barro and Lee (2000) specify the morality rate as the ratio of the population 15 and older
at time ¢-/ (L..5) and the sum of the population 15-19 at time ¢ (L15,) and the population
15 and older at -5 (L,.;) minus the population 15 and older at time ¢ (L,).

(115, + L, —L,)
L

5= (6)

t-5

To make the education attainment measure comparable across countries, we want to
convert the raw number of people 15 and older with no education (H)) into the percent of
the population 15 and older with no education (4,). This is calculated by dividing the
number of people 15 and older with no education at a given time by the number of people
in the population 15 and older at the same point in time. More formally,

11t is important at this point to remember that these data are in country-year format at five year intervals.



















Map 6
Average Years of Schooling for 25 and Older, 2000
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Assessing the Credibility of the Augmented Educational Attainment Data: A
Comparative Examination of Education and Economic Growth

To assess the credibility of the augmented SID educational attainment data we conducted
a comparative analysis of the relationship between education and economic growth. The
analysis focused on the form of the relationship and compared the Barro and Lee data
with the augmented data described above. To facilitate this analysis the different sources
of data are color-coded: the Barro and Lee data are depicted in orange while the SID
estimates are depicted in blue.?* As noted earlier, the major sources of the augmented
educational attainment data come from three sources: the African estimates, the backcast
estimates for the 1950s, and the inventory model estimates for the post-2000 cases.

The first step in this analysis was to produce a scatter plot of per capita GDP and
E_ATTAIN,.. This scatterplot is depicted in Graph 5 and it clearly indicates a strong
positive relationship between a country’s human capital stock and its economic well-
being. Indeed, the correlation between educational attainment and GDP is .81 for the
Barro-Lee data and .75 for the SID data. However, there are also a number of “tentacles”
stretching out from the main cloud in the scatterplot. These tentacles are of some concern
because if they are the result of the estimation procedures employed here they would call
into question the utility of the augmented data. However, closer scrutiny reveals that

2! Because the original Barro and Lee data were in five year intervals from 1960 through 2000 we expanded
it to a country-year format using linear interpolation. Once reformatted, the Barro and Lee data contain a
little over 4200 cases. The SID data contains a little over 3000 cases.
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above, the largest sources of estimated data are the pre-1960 estimates, the post 2000
estimates, and the African estimates. Graph 8 contains a scatterplot highlighting the pre-
1960 and post-2000 cases. Neither group of estimations can be fairly depicted as outliers
as the preponderance of the data points lie within the main cloud. Indeed, the correlation
between the pre-1960 educational attainment and per capita GDP is .78 while the
correlation between the post-2000 educational attainment and GDP is .83. These
correlations are quite similar to that using the original Barro and Lee data (.81). Thus, we
turn to an examination of the African estimates.

Graph 8
SID Data 1950-1959 and 2001-2005

erage Educational

In contrast to non-African countries, African countries have a weaker relationship
between educational attainment and per capita GDP in both the Barro-Lee and SID data.
The correlation between per capita GDP and Barro-Lee’s educational attainment data for
Africa (0.54) is slightly higher than that between per capita GDP and the SID educational
attainment estimates for Africa (0.47); for non-African countries the correlation is 0.77
using the reformatted Barro and Lee data and 0.65 using the SID data. Graph 9 contains a
scatter plot of GDP and joins the Barro and Lee African data with the SID African data.
A closer inspection of these data reveals that there are a number of countries where there
is virtually no correlation between per capita GDP and educational attainment in both
data sets (see Graph 10). Table 7 reports the countries with minimal correlations between
educational attainment and growth. The SID data contains more countries where the
relationship between educational attainment and GDP is exceptionally weak than are
found in the Barro-Lee data, which accounts for the slightly lower correlation between
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human capital stock and economic well-being in the SID data for Africa. If these
countries are removed, the correlation is 0.51 using the Barro and Lee data and 0.60 using
the SID data.

Graph 9
Barro-Lee and SID African Data
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Table 7
Countries with No Correlation
Between GDP and Educational

Attainment
Barro-Lee SID

Benin Eritrea
Congo Gabon
Mozambique Guinea
Sudan Liberia
Rwanda Nigeria

Sudan

Zimbabwe
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Graph 10
Selected Barro-Lee and SID African Data
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Given the overall relationship of educational attainment and per capita GDP we would
expect the educational attainment measure to be a reasonably good predictor of GDP. For
example, we would posit that:

GDPpc=a + B E_ATTAINs:+ 1 + vi

(10)

To test this relationship we model per capita GDP using a random effects model where
GDP is a function of educational attainment (5;), an unobserved country-specific
disturbance (u;), and case specific error term (v;,) (see Baltagi 2001, Chapter 2).

Table 8
Model Coefficients

Merged

Merged Barro-

Barro-Lee SID Barro-Lee Ba;fr:i-clgee Asflrli?;a Lee and SID
and SID Africa
E_ATTAINs, 0.17 0.21 0.19 0.06 0.08 0.07
Intercept 7.41 6.98 7.21 7.23 7.12 7.16
N 3825 2259 6084 960 977 1937
R? (within) 0.34 0.42 0.37 0.04 0.10 0.08
R? (overall) 0.65 0.56 0.61 0.28 0.20 0.24
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The Barro-Lee measure of educational attainment has a slightly lower coefficient than the
SID measure of educational attainment (see Table 8). In both sets of data, educational
attainment coefficient is much smaller for African countries and the explanatory power of
the model is quite weak. This finding demonstrates the importance of estimating
attainment data for the large number of African countries missing from the Barro and Lee
data. It provides a more meaningful basis for estimating the developmental role of
educational attainment, as well as the opportunity to study countries that evidence
relationships between education and wealth that are distinctive from global norms.
Understanding these distinctive relationships can provide insights into the factors that
affect the role of education in development.

Conclusion

This paper develops, summarizes and documents an extensive effort to extend, in a
methodologically defensible manner, cross-national data on one of the variables most
crucial to our understanding of societal development: educational attainment. It
demonstrates the feasibility of using an integrated set of strategies to devise source-
specific solutions to eliminating missing data. In some cases we were able to find new
sources of data; in other cases we were able to piece data together in ways that allowed us
to estimate gaps in national time-series. We also used established data estimation
procedures (perpetual inventory flow methods) where possible. To address other issues
we developed new procedures that allowed us to capitalize on existing data to fill gaps
(cross-variable estimation) and extend the time series (dynamic univariate backcasting).

In addition to being transparent in each of the methods used, where and when they were
used, and what contribution they make to the overall estimation effort (see Chart 1 and 2;
Appendix 14), we are meticulous in documenting the country-years affected by each
procedure (see Appendices 6-12). This makes it possible for others to eliminate estimated
data when they have doubts about specific estimation procedures. The result of our
efforts is a pair of composite variables that measure educational attainment for two age
groups that are standard in the literature (15+; 25+). These composites compare favorably
with the Barro-Lee data when their distributions are examined and they perform
comparably to the Barro-Lee data in explaining per capita GDP. Their value-added lies in
capturing more countries for a longer period of time. As documented above, this is
valuable because it captures more marginal countries that have distinctive relationships
between educational attainment and development. The hope is that contributions such as
these can advance our efforts at understanding developmental processes, particularly for
those nations most in need of development.
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Appendices

Appendix E-1
Countries with Populations Less Than 500,000
Deleted From Barro-Lee 2000 Data Set

15 and Older

Antigua and Barbuda 1960

Dominica 1960, 1970, 1980

Hong Kong 1960, 1965, 1970, 1975, 1980, 1985, 1990, 1995, 2000
Reunion 1965

Seychelles 1960, 1970, 1985

St. Kitts and Nevis 1960, 1980

St. Lucia 1960, 1970, 1980

St. Vincent and Grenadines 1960, 1980

Vanuatu 1980

Western Samoa 1965, 1970, 1975, 1980
25 and Older

Antigua and Barbuda 1960

Dominica 1970, 1980

Hong Kong 1960, 1965, 1970, 1975, 1980, 1985, 1990, 1995, 2000
Puerto Rico 1990

Reunion 1955, 1965

Seychelles 1960, 1970, 1985

St. Kitts and Nevis 1960, 1980

St. Lucia 1970, 1980

St. Vincent and Grenadines 1980

Vanuatu 1980

Western Samoa 1965, 1970, 1975, 1980
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Appendix E-2

Countries with Observations Prior to 1960 Deleted From Barro-Lee 2000 Data Set

25 and Older
Algeria
Argentina
Bulgaria
Canada
Chile
Colombia
Costa Rica
Croatia
Ecuador

El Salvador
Finland
France
Greece
Guatemala
Haiti

Iran

Israel

Italy

Japan
Korea, South (Rep.)

1955
1950
1955
1950
1950
1950
1950
1955
1950
1950
1950
1955
1950
1950
1950
1955
1955
1950
1950
1955

Malta

Mauritius
Mexico
Myanmar (Burma)
Nicaragua
Norway

Panama
Paraguay
Philippines
Romania

Sudan

Turkey

United Kingdom
United States
Venezuela

Yugoslavia (Serbia)

Zaire
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1950
1950
1950
1955
1950
1950
1950
1950
1950, 1955
1955
1955
1950
1950
1950
1950
1955
1955




Appendix E-3

SID Countries Not Included in Barro-Lee 2000 Data Set

15 and Older
Albania
Angola
Armenia
Azerbaijan
Bahamas
Belarus
Bhutan
Bosnia-Herzegovina
Burkina Faso
Cambodia
Cape Verde
Chad
Comoros
Cote d'lvoire
Djibouti

25 and Older
Albania
Angola
Armenia
Azerbaijan
Bahamas
Belarus
Bhutan
Bosnia-Herzegovina
Burkina Faso
Cambodia
Cape Verde
Chad
Comoros
Cote d'lvoire
Djibouti

East Timor
Equatorial Guinea
Eritrea
Gabon
Georgia
Guinea
Korea, North
Kyrgyzstan
Laos
Lebanon
Luxembourg
Macedonia
Madagascar
Maldives

East Timor
Equatorial Guinea
Eritrea

Gabon
Georgia
Guinea
Guinea-Bissau
Korea, North
Kyrgyzstan
Laos

Lebanon
Luxembourg
Macedonia
Madagascar
Maldives
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Malta
Mongolia
Morocco
Nigeria
Oman

Qatar

Saudi Arabia
Somalia
Suriname
Turkmenistan
Ukraine
Uzbekistan
Vietnam, Republic of

Yemen PDR (South, Aden)

Mongolia
Morocco
Nigeria
Oman

Qatar

Saudi Arabia
Somalia
Suriname
Tanzania
Turkmenistan
Ukraine
Uzbekistan
Vietnam, Republic of
Yemen
Yemen, PDR




Appendix E-4
Sample Proof of “No Education” Estimator

Given:

Ho,z = Ho,zf5 (1_ 5)+ [L15z (1_ PRI, 4 )]

(L15,+ L, —L,)
Lt—S

o=

HO, HO, -5
hy, = 7 ~ and Ay, :L—’

t t-5

Then:

HO,t :HOt 5 1- (L15t +Lt_5 _Lt)]:|+[L15t(l_Pth—5)]

HO,t = HO,t—S 1- L15t + its - LLt jj| + [Llst(l_PRIt—S )]

H,, =H,, 1~ Lyl- L ﬂ+[L15t(1—PR1t_5 )]
Lt75 Lt75

HO,t = HO,t—S

d j +[215,(1- PRI, )]

t-5 Lt—S

1

L

Ho,z = Ho,zfs

J(L, —115,)+[L15,(1- PRI, )|

Ho,t = ho,t—s (Lz - Ll5t )+ [Llsz (1_ PRIt—S )]

H,, {i] =hy, s [%J(L, ~115,)+ (%J[LlSt (1- PRI, )]

Lt t t

L1 L1
hO,t = hO,t—S[l_ 5t J = [ L5t J(l_ Pth—S)

L t

t

44




Appendix E-5
Forward and Backward-flow Estimators, by Age Category

Population age 15 and older

Where:

hy = percent of population 15 and older with no education

h; = percent of population 15 and older attained primary education
h, = percent of population 15 and older attained secondary education
hs; = percent of population 15 and older attained tertiary education
L = population 15 and older

L15 = population 15-19

L20 = population 20-24

PRI = net primary enrollment ratio

SEC = net secondary enrollment ratio

HIGH = net tertiary enrollment ratio

Forward-flow

115\ [( 115,
hOl = hOt—S (1_ L, j + |:{ L, j(l_ PRIt—S ):|

hlt = hlt—5 (1_ LiSt j + |:( LiSI j(PR[t—S - SECt )}

hy, =h, . [1— LES j + H Lf ](SEC[ )} - K Lio ](HJGH, )}
hy, = hy, (1— Lff ]+ K Liof ](HIGH, )}
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Backward-flow

ho, — K Lf j(l— PRI, )}

ho:-s =
[1_ 115, ]
Lt
hlt |:(L15t j(PRIt—S - SECt ):|
hy, s = t
( L 15, j
Ll
h,, K Lf" J(SECt )} + H Lio J(HIGHt )}
h2t—5 = t t
[1_ L15, j
Lt
20|
h3t—5 = t
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Population Age 25 and Older

Where:

ho = percent of population 25 and older with no education

h; = percent of population 25 and older attained primary education
h, = percent of population 25 and older attained secondary education
hs = percent of population 25 and older attained tertiary education

L = population 25 and older

L25 = population 25-29

PRI = net primary enrollment ratio

SEC = net secondary enrollment ratio

HIGH = gross tertiary enrollment ratio

Forward Flow Equations

L25, L25,
hOt = {hm—s [1_ L ﬂ + K L j(l_ PRI, 5 )}
L2 L2
hlt = hlt—s 1- 5l + 5[ (PR[t—lS - SECt—lO)
Lt Lt

L2 L2
th = th—S [1_ L5t j:| + |:( L5t j(SECt—lo - HIGHt—S ):|
‘ t

hy, =| hy [1— LES’ ﬂ + H LES’ j(HIGHt_S )}
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