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Abstract

In October 2019, the World Bank and UNESCO Insti-
tute for Statistics proposed a new metric, Learning Poverty,
designed to spotlight low levels of learning and track prog-
ress toward ensuring that all children acquire foundational
skills. This paper provides the technical background for that
indicator, and for its main findings—first, that even before
COVID-19, 53 percent of all children in low- and mid-
dle-income countries could not read with comprehension
by age 10, and second, that at pre-COVID-19 trends, the
Learning Poverty rate was on track to fall only to 44 percent
by 2030, far short of the universal literacy envisioned under
the Sustainable Development Goals. The paper contributes
to the literature in four ways. First, it formally describes the
new synthetic Learning Poverty metric, which combines
the dimensions of learning with schooling and thus reflects
the learning of all children, and it presents, for the first
time, standard errors associated with the proposed measure.

Second, it documents how this indicator is calculated at
the country, regional, and global levels, and discusses the
robustness associated with different aggregation approaches.
Third, it documents historical rates of progress and com-
pares them with the rate of progress that would be required
for countries to halve Learning Poverty by 2030, as envi-
sioned under the learning target announced by the World
Bank in 2019. Fourth, it provides heterogeneity analysis by
gender, region, and other variables, and documents learning
poverty’s strong correlation with metrics of learning for
other ages. These results show that the Learning Poverty
indicator, together with improved measurement of learning,
can be used as an evidence-based tool to promote progress
toward all children reading by age 10—a prerequisite for
achieving all the ambitious education aspirations included
under Sustainable Development Goals 4.
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1. Introduction

In October 2019, the World Bank and UNESCO Institute for Statistics launched a new metric, Learning
Poverty, which highlighted that 53% of all children in low- and middle-income countries were not able to
read an age-appropriate text with comprehension by age 10 (World Bank 2019). This paper provides the
full technical background and main results for the learning poverty metric, as well as robustness tests,
heterogeneity analysis, tests of external validity, and extensions.

Before proceeding to the technical details, it is important to explain the rationale for the metric and
preview the main findings that it generates. In the realm of international education goals, ensuring that
all children acquire basic reading skills should not seem like much of a stretch. The Sustainable
Development Goals, which every UN member signed onto in 2015, embody much higher global
aspirations for education. SDG 4 makes the following commitment: by 2030, the signatories will “Ensure
inclusive and equitable quality education and promote lifelong learning opportunities for all.” The
various targets under this goal cover the educational landscape, starting with universal access to quality
ECD and preschool and extending to equal access to affordable university education. But the very first of
these commitments is Target 4.1, which is to “ensure that all girls and boys complete free, equitable,
and quality primary and secondary education leading to relevant and effective learning outcomes.” In
other words, the world has committed to achieve universal completion of secondary school for all youth
— and with meaningful learning — by 2030.

But given the depth of the “learning crisis” in many low- and middle-income countries (Pritchett 2013,
UNESCO 2017, World Bank 2018a), there are reasons to question whether this target is feasible and
whether it will be a useful motivator to propel the required actions (see also UNESCO 2019). This was
true even before the COVID-19 pandemic hit, and it is even more so now, as the school closures and
global recession triggered by the pandemic interrupt student learning and reduce attachment to
schooling (Azevedo 2020, Azevedo et al 2020, World Bank 2020).

The learning poverty metric is designed to spotlight one fundamental skill at the core of the SDG
aspirations: the ability to read by age 10 with at least a minimum level of comprehension. Ensuring that
all students read with comprehension is essential to achieving the ambitious SDG targets and to building
human capital. Children need to learn to read so that they can read to learn. Those who do not become
proficient in reading by the end of primary school often cannot catch up later, because the curriculum of
every school system assumes that secondary-school students can learn through reading. Reading is a
gateway to all types of academic learning. And intuitively, a target of “every child reading by age 10”
seems attainable. In high-income countries, 90% of all children learn to read with comprehension before
the end of primary school, and for the highest-performing countries, the figure reaches 97% or more.
While it may take decades to build up an entire high-quality education system, teaching children to
reach a minimum proficiency in reading should require much less time. Finally, reading proficiency can
serve as a good proxy for (contemporaneous) foundational learning in other subjects, particularly at the
level of the educational system. (See Annex 1.)

But more than aspiration and intuition are needed to guide action, which is why the World Bank and UIS
developed the learning poverty measure. This paper contributes to the literature in four ways. First, it
explains this new synthetic measure, which combines learning with schooling, thus capturing learning
for all children and not only of those currently in school. Second, it shows how the indicator was



generated using newly combined data to measure how far the world is from achieving the target of all
children reading by age 10. Third, it documents the rate of progress that would be required for countries
to halve learning poverty by 2030—the target year for the SDGs—and compares it to historical rates of
progress. Fourth, it provides detailed analysis documenting the robustness and external validity of the
learning poverty indicator, as well as the insights that can be gained by disaggregating by gender, region,
and other variables. To develop these estimates, we combine data from 100 countries, accounting for
81% of children worldwide and 80% of children in low- and middle-income countries, using
internationally comparable learning thresholds produced as part of the Global Alliance to Monitor
Learning (GAML) led by UIS (UNESCO Institute for Statistics). The results, documented in detail in this
paper and summarized briefly in World Bank (2019), are sobering:

More than half of children in low- and middle-income countries have not achieved minimum
levels of proficiency in reading by age 10, or in most cases by the end of primary. An
estimated 53% of children at or near the end of primary school age are not yet able to read a
short, age-appropriate story with comprehension. By labeling this deprivation as “learning
poverty,” we hoped to give focus to those children left behind and to accentuate just how
important achieving at least a minimum proficiency in reading ability is as a vehicle to a
productive, fulfilling life in the modern world.

At the rates of progress seen so far this century, the goal of ensuring that all children can read
by 2030—in other words, reducing the rate of learning poverty to zero—is far out of reach.
While the share of children who are “learning-poor” has been declining, the pace of progress is
far too slow to ensure that all children will be able to read by 2030. We estimate that under
“business as usual”—that is, with progress at the rate we saw during 2000-17—44% of children
in 2030 will still be unable to read at age 10. This indicator is an early warning that all the
education-related SDGs are in jeopardy, and that grounding aspirations in reality requires a
more plausible medium-term target. The high global learning poverty rate is also an early
warning for countries with low Human Capital Index scores (Kraay 2018). As shown below,
children who suffer from learning poverty typically end up with low levels of secondary-school
learning as well; this limits their countries’ ability to improve on the learning-adjusted years of
schooling metric that is a major component of the Human Capital Index (Filmer et al 2018).

Even if countries reduce their learning poverty at the fastest rates we have seen in recent
decades, the world will not come close to attaining the “every child reading” goal by 2030.
The simulations in this paper document that even if every country were to reduce learning
poverty like the top performers over the 2000-15 period—meaning that they matched the rates
achieved by countries at the 80" percentile of the regional distribution of gains—the global
learning poverty rate can be reduced from 53% in 2015 only to 27% in 2030.% Stated differently,
if every low- and middle-income country ramped up its efforts to address learning poverty and
doubled or tripled its historical rate of progress, it would be possible to cut the global learning
poverty rate in low- and middle- income countries by nearly half.

2 For EAP and SAR, the two regions that lack sufficient data on annualized progress, we have used the global values to simulate
rates of progress. Note also that in this simulation, countries that have achieved above the 80t percentile during 2000-15 are
assumed to sustain their higher rates of progress.



e All of these findings are based on data from before the COVID-19 pandemic—meaning that
the situation is now even worse than indicated by these estimates.® While the data sources
used in this analysis are not yet available for 2020, nor will they be available for at least another
year or two, there is no question that the levels of learning poverty are now higher, and the
recent trends worse than reported here.

In summary, this analysis documents the magnitude of the learning crisis in a key dimension of
foundational skills—basic literacy—and it shows that historical rates of progress were far too slow, even
before COVID, to achieve meaningful progress toward global and national goals. The learning poverty
indicator is simple and intuitive enough that it can be used as a focal indicator for global and national
campaigns to change that trajectory. Indeed, it is already influencing the World Bank’s operational
engagement:*in October 2019, the World Bank announced a corporate commitment to support
countries to “by 2030, reduce by at least half the share of children in low- and middle- income countries
who cannot read by age 10.” The intent of this learning target is to promote tangible progress toward
the SDGs and improved Human Capital by focusing on medium-term learning goals and motivating
immediate action to improve foundational skills.> Our analysis shows that this intermediate goal was
already highly ambitious when announced, requiring the global rate of progress to increase to nearly
triple its 2000-2017 rate. The effects of COVID will make it even harder to achieve, but they also
underline how important it is to have a summary indicator like learning poverty to track progress in
building more effective and equitable basic education systems in the wake of the crisis.®

In addition to providing the full technical analysis underlying the summary results presented in World
Bank (2019), this paper presents the accompanying standard errors for the estimates, explores the
robustness of its regional and global aggregation approach, external validity, and heterogeneity by
variables of interest, among other features of the measure. The rest of this paper is organized as
follows. Section 2 defines the learning poverty indicator, and describes the methodology used to
construct it and Section 3 describes the data used. Section 4 presents the learning-poverty estimates for
the population of children in low- and middle-income countries and other country groupings, and
examines the robustness of this global measure. It also unpacks the measure into its different
components and discusses the heterogeneity of the measure within countries. Section 5 presents
simulations of the likely progress by 2030 under business-as-usual and high-case scenarios and
compares them to the medium-term learning target adopted by the World Bank as a feasible stretch
target—halving learning poverty by 2030. Section 6 concludes.

3 Azevedo (2020) simulate that in a pessimistic scenario, learning poverty in low- and middle-income countries could increase
from 53% to 63% due to COVID-19.

4 World Bank (2019).

5 This paper is focused on defining learning poverty and mapping trends and levels of the indicator, providing the rationale,
data, and methodology underpinning the indicator and the learning target. A parallel policy note discusses the policy
interventions that the World Bank is using to support country efforts toward the achievement of their national targets, and
toward this global learning target (Crawford and others Forthcoming), while another companion paper provides additional
analysis and proposes an inequality sensitive extension of the learning poverty measure (Azevedo 2020).

6 See Azevedo and Montoya (2021) for a brief discussion on how the learning poverty measure can be of particular value to
help countries focus their education policy response to COVID-19.



2. How we measure Learning Poverty: Definition and methodology

This section defines learning poverty and describes the methodology used to operationalize it.

Defining Learning Poverty

At the country level, as per World Bank (2019), we define learning poverty as the percentage of 10-year-
olds who cannot read and understand a short passage of age-appropriate material—in other words,
those who are below a “minimum proficiency” threshold for reading. Following Azevedo (2020), this
measure can be defined as the union of two deprivations: 1) schooling deprivation and 2) learning
deprivation. A child is considered schooling-deprived (SD) if he or she is of primary school age and out-
of-school.” The dimension of learning deprivation (LD) applies only for children in school, and identifies
those pupils who are below this minimum proficiency (BMP) level for reading, as measured in standard
learning assessments. The final learning poverty measure combines the two dimensions in a single
indicator.®

This “union approach” to measurement reflects the choice that, as presented in the SDGs, all age 10
children must be both in school and learning (see the more detailed discussion on each deprivation
dimension below). This gives us the following formula for learning poverty:

LP= SD + [(1-SD) x LD] (EQ.1)
where:
LP = Learning poverty

SD = the schooling deprivation dimension, which captures the share of children of primary-school
age who are out of school; this dimension is reflected by the indicator of Out-of-School children
or 0o0S. This dimension is linked to the indicator 4.1.4 from the SDG 4 thematic framework.

LD = the learning deprivation dimension, which captures the share of children at the end of primary
who are below the minimum proficiency level (MPL) for reading, as defined by the Global
Alliance to Monitor Learning (GAML) in the context of the SDG 4.1.1b monitoring, and observed
by the indicator BMP (for “below minimum proficiency”)

The choice of a union approach to aggregate the deprivation dimensions of this measure implies that all
schooling-deprived children are regarded as being learning-deprived, or below the minimum proficiency
level for reading.

7 The indicator used to capture school deprivation is the complement to the UIS Adjusted Net Enrollment Rate, Primary. The
adjusted net enrollment is defined as the number of pupils of the school-age group for primary education, enrolled either in
primary or secondary education, expressed as a percentage of the total population in that age group. Some children of primary
school age might enter primary school early and advance to secondary school before they reach the official upper age limit of
primary education. The Net Enroliment Rate does not include those children, underestimating the number of children who
receive a full course of primary education. To overcome this limitation, an adjusted net enrollment rate in primary education
can be calculated.

8 See Azevedo (2020) for a more formal discussion, including the main axiomatic properties of this measure.



Given this formulation, countries can improve their performance on this indicator in two ways: (1) by
strengthening the quality of learning in their systems, and in particular by focusing on raising proficiency
levels for children below the minimum proficiency threshold to at least this minimum level; and (2) by
expanding coverage and bringing their primary-school-age out-of-school population into the system (as
long as at least some of those children in school learn enough to exceed the minimum proficiency
threshold).

The remainder of this section explains how this measure is implemented to produce our global estimate.

Schooling Deprivation: Identifying out-of-school children

The first element of learning poverty is schooling deprivation. As discussed above, this element reflects
the belief that all primary-age children should be learning in schools of some type, a belief that every
country has enshrined in law and that is enshrined in the SDGs. In addition to fulfilling a universal right
and serving as a necessary condition for sustained learning, schooling offers many benefits beyond
learning. As the COVID-19 school closures have shown, schools have numerous other functions that
contribute to children’s health and well-being®—such as promoting safety, nutrition?, and socialization,
and facilitating parents' labor market participation!'—and at the macro level schooling can help build
social cohesion,'? democracy, and peace.® All those complementary functions mean that schooling has
value over and above the measured cognitive learning that it leads to, and they justify including
schooling deprivation in the concept of learning poverty.

Beyond reflecting these social values and goals, including schooling deprivation as a dimension of
learning poverty also creates better incentives for policymakers than would a measure based only on
learning measured in school. It gives countries in which enrollment is not universal the ability to reduce
learning poverty by improving access,* and penalizing countries that are only able to provide quality
education to a smaller fraction of their school-age population.

Learning Deprivation: Identifying reading proficiency

When we speak of a child “attaining minimum reading proficiency,” we mean that the child has the
ability to read and understand a short passage of age-appropriate material, whether a simple story or
non-fiction narrative of a few paragraphs.

9 UNICEF 2020; WFP 2020.

10 Adelman, Gilligan, and Lehrer 2008; Bhutta et al. 2013.

11 Blau and Robins 1988; Blau and Currier 2006.

12 gasterly, Ritzen, and Woolcock 2006.

13 Khan 2016.

14 For further discussion on the implications of combining an ordinal (binary) variable and a cardinal variable in a single
multidimensional measure, see Azevedo (2020).

15 This construction also penalizes countries that might try to improve their learning poverty rate by encouraging worse-
performing students to drop out of the system. Ideally, we would want to go a step further and control for any potential
selection bias among enrolled children that might take place when the (in-school) learning assessment is administrated, by
assigning zero learning to all children who were in the original sample frame but did not take the assessment. Unfortunately,
data to implement this adjustment is not systematically available across learning assessments. Recognizing this possible
selection effect is particularly relevant for countries considering the use of this measure to track progress over time and
improve accountability.



To operationalize this concept, the World Bank collaborated closely with the UNESCO Institute for
Statistics (UIS), which has the mandate to lead the SDG monitoring process in education. The UIS leads
the Global Alliance to Monitor Learning (GAML), which in 2019 agreed on the following definition of the
minimum proficiency level in reading at the end of primary (MPL)*®

“Students independently and fluently read simple, short narrative and expository texts. They locate
explicitly-stated information. They interpret and give some explanations about the key ideas in these texts.
They provide simple, personal opinions or judgements about the information, events and characters in a
text.” (UIS and GAML 2019)

In addition to this nutshell statement, which is intended to be accessible to the nonexpert, the GAML
has also proposed a common terminology to describe classifications in the context of the MPL. This is a
critical first step toward linking cross-national and national learning assessments with a common
benchmark.

Equating across assessments

The next step is to equate other international and national assessments to this benchmark. As an
example, on the international Progress in International Reading Literacy Study (PIRLS) of 4™-graders,
“proficiency” is equated to reaching at least the Low International Benchmark in reading—or a score of
400. According to the PIRLS 2016 documentation, achieving this score signals that “when reading
predominantly simpler Literary Texts, students can: Locate and retrieve explicitly stated information,
actions, or ideas; Make straightforward inferences about events and reasons for actions; Begin to
interpret story events and central ideas” (IEA 2016). Similarly, for “predominantly simpler Informational
Texts, students can: Locate and reproduce explicitly stated information from text and other formats
(e.g., charts, diagrams); Begin to make straightforward inferences about explanations, actions, and
descriptions.”

PIRLS is the major global primary-age assessment focused on reading, and if all countries participated in
it, the task of constructing global estimates of minimum proficiency would be trivial, as it would require
aggregating results from a single cross-national assessment.” However, most countries participating in
PIRLS are high-income, and only a small minority of low- and middle-income countries participate in the
assessment. One of the main contributions of the GAML process is that it has overcome this data gap by
benchmarking several major cross-national assessments—and increasingly national learning
assessments as well—against the standard.

To incorporate these other assessments into the analysis, we need to harmonize their benchmarks of
reading proficiency with the GAML definition. For each new assessment incorporated into the database,
the harmonization process requires looking at the definitions of each level of proficiency and selecting
the one that maps most clearly into this definition. For PIRLS, the minimum proficiency level is Level 2—
which, as noted above, represents the Low International Benchmark—whereas for the PASEC regional

16 The GAML is designed to improve learning outcomes by supporting national strategies for learning assessments and
developing internationally comparable indicators and methodological tools to measure progress towards key targets of SDG 4.
It was established by the UNESCO Institute for Statistics, which also hosts the Secretariat.

17 PISA, the best-known international student assessment, tests the competencies of 15-year-olds. Since our interest is in
assessing reading ability in late primary school, that test comes too late in the children’s development to be the primary source
for this exercise. However, later in this analysis, we will use PISA as a robustness check on our core findings.



assessment of West and Central Africa (to take one example), it is Level 4. This level then is used to
calculate the reading proficiency rate for that country, which the share of students reaching at least that
level of proficiency.

This process of equating proficiency levels on different assessments to the GAML definition is not
straightforward. Even the long-running regional assessment initiatives like PASEC (West and Central
Africa) and LLECE (Latin America and the Caribbean) use different definitions and a different number of
levels than other assessments like PIRLS, and those might not even be the same over time. Their test-
development methodologies and test administration procedures also vary. Moreover, because not all
countries participate in global or regional assessments, for some major countries we rely on their
interim reporting using their national assessments; equating these assessments is even more
challenging. For these reasons, the World Bank and UIS did the mapping using a combination of
descriptor matching and empirical triangulation (see Table 1 for the minimum proficiency cutoff value
used for each assessment).

Navigating age differences

Among the differences across assessments, one important point concerns the age at which children are
tested. The reference age for our exercise is age 10, for reasons discussed above. However, all learning
assessments used in this analysis are sampled based on specific grades rather than age.® PIRLS and
TIMSS are administered in Grade 4, meaning that the average student assessed is indeed 10 years old,
but this is not the case for the regional assessments. (See Table 1 for the grade and average student age
for each assessment.) PASEC and LLECE are administered in Grade 6, so the average age in those
assessments is 12.8 and 12.4, respectively.’® The national assessments are administered at different
grades, so to incorporate those assessments, we chose for each country the grade between 4 and 6
(inclusive) for which relevant and reliable data were available. This is consistent with the SDG
monitoring by UIS and GAML, which lists “End of Primary (or Grades 4 to 6)” as the relevant age
category for the end-of-primary students (SDG 4.1.1b).

18 The only learning assessment which samples a specific age group is PISA.

19 The 6th-graders tested in the SACMEQ assessment are even older, at an average age of 13.5. There are a few exceptional
cases in which PASEC, PIRLS, and TIMMS were implemented in a different grade from the standard grade at the request of the
tested countries, but this is not recommended nor encouraged, as it undermines the comparability.



Table 1 Assessment data used in constructing the consolidated global dataset

Number  Total student

of population
Minimum Number  countries represented
proficiency Grade(s) of (low- & (low- & Mean
Assessment level assessed Most recent year countries middle- middle- Agel?
(MpPL)®) (total) income income after
after 2011)
2011) (millions)
Low
PIRLS International 4 2016 62 15 58 10.1
Benchmark
(400 points)
Low
TIMSS® International 4 2015 65 7 17 10.1
Benchmark
(400 points)
Level 3
(4)
LLECE (514 points) 6 2013 17 15 47 12.4
Level 4
PASECH) (55 points) 5and 6 2014 17 13 33 12.8
Level 5
(6) - -
SACMEQ (510 points) 6 2013 14 135
. . Varies
National Varies by 4,5,0or6 2017 (Varies by country) 15 12 281 by
assessments country
country

Notes: (1) For all cross-national assessments other than TIMSS and LLECE, Minimum Proficiency Levels (MPLs) for regional and international
assessments are taken from the revised UIS proposals prepared for consideration by GAML meeting in August 2019. For National Assessments:
UIS and WB staff estimates; (2) Mean age is for the total population of students that took the test; (3) For TIMMS, we have used science scores,
the subject and threshold level with the highest cross-country correlation with PIRLS; (4) Using the SERCE scale for both SERCE and TERCE
rounds; (5) For the Democratic Republic of Congo, PASEC data are for 5t"-graders in 2010; and (6) SACMEQ was used only for estimating
changes in learning poverty, not levels.

Our estimates of learning poverty can therefore be considered as a lower bound on the share of children
who cannot read proficiently by age 10, given that in some countries students will have had an extra
year or two to learn to read after age 10 before they are assessed. We do not adjust for age, because
our goal is to develop a global measure of the proficiency of children at age 10, rather than to focus on
cross-country differences in achievement.

Another way of thinking about this is to distinguish between the construct and indicators we use to
measure learning poverty:

e The construct of “all children reading by age 10” is an ideal that embodies normative statements
about both learning and access. To achieve it, not only should all children be reading
proficiently after 3 full years in primary education, but they should also have entered school at
age6or7.

e By contrast, the actual indicators used to measure learning poverty are based on grade rather
than age, as noted above. Since the assessments are of 4"- through 6™-graders, the children
tested will have had at least 3 to 5 years in school to reach what, according to the ideal, should



be an age-10 minimum proficiency, or even the entire primary-school-age segment for the out-
of-school indicator.

Therefore, the learning poverty results presented below are likely a conservative estimate of the extent
of the literacy challenge.

Reference year and reporting window

Estimating the current share of children in learning poverty requires deciding how to define “current.” In
practice, given that the out-of-school information is collected regularly, how current the indicator can be
is largely determined by the availability of the below-minimum-proficiency (BMP) indicator that
measures learning deprivation.

We have chosen to set the reference year for the current estimates as 2015, and to include results of
any qualifying assessments administered within four years before or after that year (2011 to 2019).%° In
other words, the global estimate given below is labeled as 2015 but relies on assessments distributed
over a nine-year window. This decision is driven by availability of learning data. The international and
regional assessments in the database are carried out every 3 to 4 years, and even where assessments
have been implemented recently, there is a lag of a couple of years before the data becomes available.
The most recent year of the four global and regional assessments ranges from 2013 (for LLECE) to 2016
(PIRLS). This might suggest creating a narrower window around 2015, but some countries that are not
covered by those assessments have good data available only for 2011-12, and a handful of other
countries have data from as recent as 2017. This approach allows us to produce a global estimate based
on data from 62 countries representing 80% of the population of low- and middle-income countries.
Using the same temporal window, we have data for 100 countries and 81% of the population, including
high-income countries.

Note that this range is intended as a moving window. For future rounds of estimates, we plan to use the
same nine-year window around the new anchor year. PASEC, TIMSS, and LLECE were all implemented in
2019, and PIRLS will follow in 2021, providing a wealth of new data to draw on. New rounds of national
assessments will be available for some of the countries that have not applied the international
assessments, and their coverage might allow us to re-assess the ideal reporting window. Going forward,
it will be critical to ensure the temporal comparability of learning assessments, and in particular the
national assessments; without such comparability, a meaningful measure of temporal progress will be
impossible.

After we present the results, we will briefly discuss and show the robustness of our global estimate to
different reporting windows.

Regional Reporting and Global Aggregation

Because one of the main objectives of this paper is to provide a global picture of learning poverty, it is
critical to discuss how the global aggregate is constructed. This would be a trivial task if our indicator
were available for all countries for a specific reference year within a reporting window. However, this is

20 As previously discussed, this approach follows similar criteria used in monitoring of global monetary poverty, which faces
similar constraints on availability of recent data.

10



not the case. As discussed below, there are substantial data gaps, and those gaps are not uniformly
distributed across regions or income levels (see Table 2 for more details).

To overcome this limitation, and following the practice used for other SDG indicators, we aggregate our
global number as a population-weighted average of the regional learning poverty rates. Implicitly, this is
equivalent to imputing the relevant regional weighted average to all countries that lack the necessary
data.? Thus, for example, the learning poverty rate for Sub-Saharan Africa is a population-weighted
average based on 46% of children in the region (see Table 6), computed using data for 17 countries.
However, in the global aggregate, all 48 countries in Sub-Saharan Africa are represented, as the regional
learning poverty rate is applied to all 123 million children in the 10 to 14 age cohort in the region.

Hence, the learning poverty rate for each region is the population-weighted aggregate for the countries
from that region for which there are assessment and out-of-school data that meet the criteria explained
above. Regional figures are reported only if at least 40% of the region’s population of reference is
covered by actual data.?? This protocol is aligned with those of other global indicators under the SDGs,
such as the International Poverty line, which also uses a 40% regional-population coverage threshold for

reporting regional aggregates (World Bank 2018b). 3

3. Data

This section describes in detail the data used to calculate learning poverty rates and the changes in the
rate over time.

Learning assessment data

The consolidated learning database draws on assessment data from 5 major international and regional
student assessments administered since 2000, as well as selected national assessments from the same
period that have been benchmarked against the GAML descriptors. Below, we briefly explain each
source, the rationale for using it, and the judgments involved in equating proficiency levels.?* Table 1
(above) summarizes the cutoff level used to define proficiency, the grade level assessed, most recent
year, the number of countries, and total population covered by assessment program. Further details on
each national assessment are available in our GitHub repository (see Annex 10 for more details).

In the few cases (for countries outside of the Latin America and Caribbean, or LAC, region) in which a
given country had administered multiple types of assessments, we applied a hierarchy of assessments in
the order listed below. Specifically, if we had PIRLS data for Grade 4 for a country (in the relevant time

21 This choice is fully aligned with other global aggregation methodologies used in the SDGs, such as the Global Monetary
Poverty using the International Poverty line (World Bank 2018b).

22 Within the conditions previously specified—that is, GAML comparability and the 8-year window centered on 2015.

23 |In our work, we do not try to account for any temporal differences caused by the fact that not all countries have learning data
for the same years. This is in contrast with the approach in some other exercises; for example, the Global Poverty monitoring
exercise uses macro numbers such as private consumption to interpolate national poverty numbers prior to the regional and
global aggregation.

24 The GAML created some initial mappings between three regional assessments (PASEC, LLECE, and SACMEQ) as part of the
SDG monitoring process. These have been updated during GAML workshops in early April 2019, and the revised proficiency
level descriptors were discussed in the GAML meeting in Yerevan in August 2019. These are included in Table 2. While we
typically use these thresholds, we triangulate them with other data where possible.
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period), we used those data to estimate reading proficiency. If not, we would proceed next to the
relevant regional reading assessment (PASEC or SACMEQ); if the country had no regional assessment
data, we would proceed to the TIMSS Science or Math assessment; and so on.% For countries in the LAC
region, LLECE was used as the preferred assessment, for reasons discussed below. The hierarchy of
assessments is as follows:

1) Global Assessments — Reading

a) PIRLS (global): As noted above, PIRLS is the anchor assessment used for this database. Of the
major cross-national learning assessments, it is the one that is administered to children at
roughly the target age: it assesses a random sample of Grade 4 students in each country, and
the average age of tested children is 10.1 years. Proficiency is defined as reaching the Low
International Benchmark, which means a score above 400 points.

2) Regional Assessments - Reading

a) LLECE (Latin America and the Caribbean): LLECE has implemented three rounds of regional
assessments in Latin America and the Caribbean. The most recent round for which we have
data, the third round, was carried out in 2013 and covered 13 countries. We have used data
from both the second and third rounds, also known as SERCE (2006) and TERCE (2013). Given
the dual objective of estimating a global learning poverty rate for 2015 and simulating the
expected rate of progress until 2030, we have used TERCE results expressed in the SERCE scale,
as described and reported by OREALC/UNESCO (2014). For all countries in the LAC region, we
also used LLECE as the preferred source of learning assessment information even when PIRLS
data were also available for the country, as was the case for Chile, Colombia, and Honduras. The
reasons for this choice were: (1) to increase within-region comparability; (2) to increase the data
available to determine trends, given that there are more historical observations available for the
LLECE assessments (Chile and Honduras participated in only one PIRLS each, and Colombia
participated in two rounds of PIRLS with a 10-year gap between them—2001 and 2011); and (3)
to avoid some data comparability problems (as in Honduras, which implemented the PIRLS 4"-
grade exam for 6™-grade students). Based on the proposed revisions to the minimum
proficiency threshold for this assessment, an examination of the proficiency-level criteria, and
triangulation with other data sources, we defined minimum reading proficiency as reaching
Level 3 on TERCE (in the SERCE scale).?®

b) PASEC (West and Central Africa): PASEC has also carried out several rounds of data collection in
Francophone African countries. The most recent round was carried out in 2013/2014. We used

25 We do not use EGRA assessments, for three reasons. First, EGRAs are typically administered on a younger population or at
lower grades than the age 10/grade 4 cohort. Second, even in the case of the two countries for which nationally representative
4th- and 5t-grade EGRAs are available, the proficiency level descriptors for those assessments cannot be mapped as of now to
the GAML proficiency benchmark. Third, and more fundamentally, EGRAs are not designed for this purpose. As one leading
EGRA advocate colorfully put it while commenting on an early draft of this paper, “It is a good general principle not to try to
saw with a screwdriver! In the early grades, too much depends on the inherent opacity of the orthography in which languages
are rendered” for those assessments to be used for this purpose.

26 Use of Level 3 is consistent with the revised UIS proposals for consideration by GAML meeting in August 2019 (but deviates
from the 2018 provisional GAML recommendation of mapping to Level 2). A comparison with PISA results (reported below)
supports this decision to adopt Level 3. It also supports the decision to use Level 4 as the MPL for PASEC, as recommended by
the revised proposal for GAML (and thus to deviate from the 2018 GAML recommendation).
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data from that round of PASEC to provide estimates for 13 countries. We defined reading
proficiency as reaching Level 4, in line with the proposals to GAML.

c) SACMEQ (Southern and Eastern Africa): SACMEQ has carried out several rounds of data
collection for Eastern and Southern African countries. The latest round of the SACMEQ
assessment (SACMEQ V) was carried out in 2013. Due to concerns about the quality of the data
for this round, we do not use this data to establish levels. We do, however, use it for estimating
changes in proficiency over time, adopting Level 5 as the proficiency threshold, in line with the
proposals to GAML.%

3) Global Assessments — Non-Reading (Science or Math)

a) TIMSS (global): Some countries that have not participated in PIRLS or the regional assessments
have participated in the TIMSS international math and science assessment of 4™-graders. For
these countries, we use the science scores as a proxy for reading scores, counting children as
proficient if they exceeded the Low International Benchmark. We have two rationales for using
this proxy. The first is conceptual: the ability to answer science questions requires reading
proficiency, since most science questions are word problems. The second is empirical: across
the countries for which we have data for both subject areas, proficiency on science is highly
correlated with reading proficiency. Within the PISA assessment, the science-reading
correlation is 0.98, and for countries that have participated in both TIMSS and PIRLS, the
correlation between the two is 0.965 (Table 12). There were 15 countries in which TIMSS was
used to construct the learning poverty indicator (see country table in Annex 7 for more details).
The preferred subject was science, and the minimum proficiency set at the “low” benchmark. In
14 countries we were able to use TIMSS Science; TIMMS Math was used only for Jordan, which
had no TIMSS Science score.

4) National assessments (interim SDG reporting): For some larger-population countries that have not
participated in any of the assessments listed above, we used interim data from National
Assessments, as per the UIS SDG 4.1.1 reporting protocol.?® As with the regional assessments, this
required deciding on the appropriate level of proficiency to map to the global benchmark. We made
these judgments by: (1) drawing on the proficiency-level descriptors within each national
assessment to select the level that most closely matched the global description of reading
proficiency; and then (2) consulting UIS and World Bank country experts and triangulating with
other data sources (such as PISA or citizen-led assessments) to determine whether any adjustment
was necessary. These decisions are highly consequential, given that the 12 countries for which we
rely on national assessments are responsible for 57% of the children in our database.?

27 If instead we omit the SACMEQ data from the spells database, the estimated rate of improvement for the 2000-2017 period
declines somewhat. As a result, the simulations lead to even more modest expected improvements in learning poverty by
2030—reinforcing the idea that the core findings we present in this paper may, if anything, understate the current and future
dimensions of the learning poverty challenge.

28 ]S (2019).

29 These countries are Afghanistan, Bangladesh, Cambodia, China, Ethiopia, India, Kyrgyz Republic, Malaysia, Pakistan, Sri Lanka,
Uganda, and Vietnam. Note, however, that even if we exclude these 12 countries, the estimated global learning poverty rate is
quite similar to the full global estimate, at 54% for low- and middle-income countries and 46% when high-income countries are
also included.
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The resulting consolidated global dataset includes estimates of reading proficiency for 116 countries. Of
these countries, 100 have data from the period starting in 2011;3° 62 of these are low- or middle-income
country clients of the World Bank. The total population represented by the estimates for all years in the
dataset is 515 million children between age 10 and 14, which corresponds to 84% of the global cohort.
Once we restrict the dataset to data from 2011 onward, the corresponding global figures are 496 million
and 81% of the global cohort, and the figures for low- and middle-income countries are 437 million and
80%. (See Annex 3, Table 15 for more details.)

Measuring out-of-school children

As discussed, one additional input is data on out-of-school children. Our preferred measure of school
participation is adjusted net enrollment rates for primary school, computed using administrative records
such as National Educational Management Information Systems (EMIS). The primary data source for this
information was UIS, with validation by World Bank and UIS country education specialists.3! Given that
this data is not always available for every year, we filled in missing data with information from the
closest available year. If data are available for two years equally close to the missing year, the older
value is systematically used.3 If, despite this procedure, we still had missing values for adjusted net
enrollment rates, we followed a hierarchy of alternate enrollment rates for our measure of school
participation; Annex 4 describes this hierarchy and also provides a summary of decisions made for
specific countries. In using the adjusted net enroliment rate, we account for some children of primary
school age who might enter primary school early and advance to secondary school before they reach the
official upper age limit of primary education.

30 See the next section for a discussion of why 2011 is used as a cutoff.

31|n some cases, the evidence was compelling enough to require alternative sources of data. One such case was Afghanistan,
for which the official UIS data show an adjusted net enrollment rate of 28% in 1993 and a gross enrollment rate of over 100%
for 2017, while the Afghanistan Living Conditions Survey (2016/2017) reports that enrollment is 50.4%. This last estimate which
was deemed closer to the reality by country teams and was therefore used in our estimates.

32 The earlier year tends to be closer to the latest population census round (that is, 2010) and is therefore less sensitive to any
errors in population projections. Moreover, for countries that are expanding their primary school systems (which are more
likely to be low-income countries with higher levels of learning poverty), the older number would give a more conservative
estimate.
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Population

We use population figures for the age 10-14 cohort, which matches the expected population of children
at the end of primary. Given that population numbers are needed in these calculations only as weights
for the regional and global aggregates, the use of 5 age cohorts is preferred to a single one.?* We advise
great caution on the extrapolation of the learning poverty rates into the absolute number of children
living in learning poverty, since such extrapolation will be extremely sensitive to the choice of
population definition. To ensure cross-country comparability, we use an international population
source; see Annex 5 for a detailed description of the population data. In the next section we discuss the
robustness of our global learning poverty estimates to different population definitions.

Data coverage, access, and quality

The learning poverty indicator is based on data covering four-fifths of children at the end of primary. In
other words, 80 percent of children in low- and middle-income countries live in a country with at least
one learning assessment at the end of primary, carried out in the past 9 years, that is of sufficient quality
to be used for SDG monitoring.3* This extensive coverage became possible only in recent years, with the
progress in measuring learning in countries and the GAML’s efforts to establish comparability, which has
made possible the construction of a global indicator based on harmonized proficiency levels. It is worth
noting that the 80% population coverage for learning poverty is much higher than the coverage of the
global monetary poverty indicator when it was first launched in the 1990s.3°

Despite this progress, major gaps remain in data coverage, concentrated in the countries where the
learning crisis is most acute. While LAC and EAP have almost 90 percent coverage, less than half of
children in Sub-Saharan Africa live in a country with a National Large-Scale Learning Assessment (NLSA)
or a cross-national learning assessment of adequate quality to be used for this purpose (Table 2).
Differences in coverage by income level are also striking. Virtually all children in high-income countries
are in educational systems with such monitoring at 4™ grade; the corresponding figure for low-income
countries is less than 40 percent, and often those assessments take places as late as 6 grade. Recency
of the data also differs: in high-income countries, 70% of these assessments took place in the last four
years, but in low- and middle-income countries, the figure is only 35%. Data comparability, both within
countries over time and across countries, also still poses a significant challenge. These gaps underscore
the urgent need for action on improving data availability and quality (see Annex 10).

33 We also replicate results using different population data, such as a single age cohort (age 10) or all children of primary school
age (as defined by the legislation of each country); this leads to no qualitative change in the results.

34 Quality is assessed in this context in terms of design, implementation, comparability, frequency, timeliness, documentation,
and data access. Note that if we count the number of countries with adequate learning assessments for the learning poverty
indicator, rather than using this population-weighted figure, then coverage is considerably lower.

35 This level of data scarcity is not unprecedented. In 1981, when global monetary poverty was first reported at a global scale,
only 55% of the global population was covered by household surveys, with several regions not even reaching the 40% reporting
benchmark. The coverage has increased substantially since 2000, thanks to the impetus generated by the MDG process, and it
now remains close to 90%. For more information see http://iresearch.worldbank.org/PovcalNet/home.aspx.
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Table 2 Learning Poverty indicator: Population and country coverage by country groups

All Countries Low- and Middle-Income Countries*
N N Population Population N N Population  Population
countries countries with data Coverage countries countries with data Coverage
Country Group with data total (millions) (%) with data total (millions) (%)
Overall 100 217 496 81.1 62 144 437 79.7
East Asia and 13 37 129 86.6 6 23 119 86.9
Pacific
Europe and 33 58 42 84.0 12 23 20 74.0
Central Asia
Latin American 16 42 47 86.8 16 30 47 88.4
- and Caribbean
2 Middle East
& and North 14 21 27 71.4 6 12 22 68.8
Africa
North America 2 3 23 100.0 N/A N/A N/A N/A
South Asia 5 8 171 98.1 5 8 171 98.1
Sub-Saharan 17 48 57 46.1 17 48 57 46.1
Africa
High income 44 79 63 97.7 6 10 4 99.7
o .
g Uppermiddie 27 60 162 91.8 27 58 162 92.2
o income
g .
g Lower middle 16 47 219 75.8 16 46 219 76.0
£ income
Low income 13 31 51 63.3 13 30 51 64.8
e Partl 38 73 60 93.0 N/A N/A N/A N/A
c
'g IBRD 39 68 335 914 39 68 335 91.4
(]
—' IDA/ Blend 23 76 101 56.0 23 76 101 56.0

Source: Authors’ calculations using the Global Learning Assessment Database; UIS Enroliment Data; and UN Population numbers.

Notes: Data includes only assessments since 2011 (See Table 17 in Annex 3 for an expanded range); Population coverage considering share of
population ages 10-14 years old. Lending Categories: Part 1 countries do not borrow from the World Bank Group; International Bank for
Reconstruction and Development (IBRD); International Development Association (IDA); and IDA-eligible based on per capita income levels and
are also creditworthy for some IBRD borrowing (Blend). (*) Low- and Middle-Income countries refers to Part 2 countries, which are eligible to
borrow from the World Bank Group and include high-income IBRD clients.

Relationship to other global learning databases

This initiative is not the first effort to build a global database that harmonizes learning data from
different assessments. We have already noted above the UIS-led effort that is underway to develop
harmonized learning indicators as part of the SDG monitoring process; that effort, on which this paper
builds, is based on mapping proficiency levels from different assessments against each other. The
current efforts to harmonize learning indicators for SDG monitoring include item-based linking of
assessments. Two important global efforts precede the initiative described in this paper: the World
Bank’s Harmonized Learning Outcomes (HLO) effort, which published harmonized data from many
learning assessments at the primary and secondary level (Patrinos and Angrist 2018); and the UIS global
database, which relied on “doubloon countries” to align scores across different assessments (UIS,
2017c).

This initiative contributes to those previous efforts in the following ways:
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e  First, it creates an actionable indicator based on internationally agreed standards for the
learning that should be taking place in primary school. By drawing on the GAML-based
proficiency estimates, it makes use of a detailed descriptor-based equating of proficiency levels
across assessments. By measuring proficiency—specifically reading proficiency in late primary
school—it provides an actionable indicator that we hope countries can change relatively quickly
with focused effort. It is therefore based on whatever reliable and relatively recent information
is available for this purpose. This approach to linking learning data differs from and
complements the numerical linking approach of the HLO-ratio (Patrinos and Angrist, 2018) and
the Altinok “doubloons” (UIS, 2017c), which are based on the creation of “exchange rates”
across assessments using countries that participate in multiple assessment programs in a given
subject, schooling level, and testing round. The HLO, for example, measures the overall learning
performance of each system, so it casts a wider net of age ranges and subjects and years.

e Second, it allows us to produce estimates now, rather than waiting for the outcomes of
psychometric linked learning assessments using common items which reflect the Global
Proficiency Framework. That process will produce valuable insights, but good provisional
estimates of the baseline and rates of change are necessary to guide action now. We are
already in 2021—more than one-third of the way through the SDG period of 2015-30—and the
10-year-old children of 2030 were born last year.

e Third, it expands the data available for these comparisons. By drawing on knowledge of World
Bank and UIS staff working in countries with data gaps, as well as on the WB and UIS teams’
understanding of the national assessments in these countries, it can incorporate new data from
a number of assessments that are not yet included in the other databases.

Relationship of Learning Poverty with the SDG 4 monitoring framework

The learning poverty measure is also well aligned the SDG 4 monitoring framework. In particular with
the SDG 4.1.1 on learning and the Out-of-School Children rate indicator in the SDG 4 thematic
framework (4.1.4). In which,

e Indicator 4.1.1 is stated as: Proportion of children and young people (a) in grades 2/3; (b) at the
end of primary; and (c) at the end of lower secondary achieving at least a minimum proficiency
level in (i) reading and (ii) mathematics, by sex

e Indicator 4.1.4 is stated as: Out-of-school rate (1 year before primary, primary education, lower
secondary education, upper secondary education)

The minimum proficiency level used by Indicator 4.1.1 b is cut-off value used to identify the student
population in Learning Deprivation (LD), while 4.1.4 corresponds to the School Deprivation measure in
equation 1.3%%

36 |n the case of countries that lack a 4.1.1b value, we have used the 4.1.1a reported value as long as the grade covered is either
Grade 4 or 5. One example is the use of PIRLS, which many high-income countries use to report 4.1.1a; given that it covers 4th
grade (age 10), we have considered it a valid indicator for the learning deprivation measure.

37 The SDG 4.1.4 indicator is defined as the complement to the total net enroliment rate [100-(Total number of students of the
official age group for a given level of education who are enrolled in any level of education, expressed as a percentage of the
corresponding population)]. In the case of the learning poverty measure, given the focus on the primary school age children, the
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4. Results: Levels and patterns of learning poverty

This section presents the learning poverty estimates for low- and middle-income countries and explores
the robustness of those estimates.

Where we are now: Half of children in low- and middle-income countries are learning-poor

The headline number that emerges from this analysis is that 52.7% of all children in low- and middle-
income countries are not able to read proficiently by age 10—or even at age 12, when many of them are
tested. Based on the experience of rich countries, it should be possible to reduce this learning poverty
rate to the single digits—say, 5% to 8% —just as absolute poverty is near zero in those countries. In the
case of monetary poverty, the global rate had already been reduced to 11% before the pandemic, well
on the way to a global target of poverty elimination by 2030.38 Yet in the education sphere, one out of
every two children in the developing world is not learning to read by late primary-school age (again,
even before the pandemic). And the rate is much higher in some regions: in Sub-Saharan Africa, learning
poverty is 87%, or more than six times as high as the 13% rate found in Europe and Central Asia’s low-
and middle-income countries. There is considerable variation within regions too, with learning poverty
in regions such as ECA and EAP ranging from 2% in the country with lowest learning poverty to over 50%
in countries with the highest rates, or a ratio over 30.

The global average for low- and middle-income countries is held down by the inclusion of the upper-
middle-income countries, which average 29% learning poverty. But in lower-middle-income countries,
55% of children cannot read proficiently, and in low-income countries, the rate is over three-quarters at
90%. (See Table 3 for more details.)

Similar patterns are found in the data by World Bank lending status. Even in the IBRD countries in the
database, about 40% of children are not reading proficiently by late primary. And in the other groups, a
substantial majority of children do not acquire minimum proficiency; for example, the learning poverty
rate is 80% for IDA/Blend countries.

preferred indicator is the complement to the adjusted net enrollment rate [100-(Total number of students of the official primary
school age group who are enrolled at primary or secondary education, expressed as a percentage of the corresponding
population)]. For a detailed rank of the preferred data sources of the schooling deprivation used in the LP measure please see
Annex 3.

38 At the baseline of the MDGs, in 1990, the global monetary poverty rate (excluding other High-Income Countries), using the
international dollar per day, was 43%. Under the MDGs, the world agreed on the target to halve this number by 2015. At the
same time, the global number for 1990 was 36% and it reached 10% by 2015. The last time global monetary poverty was higher
than 50% was in 1981; in that year, the first year in which it was reported, the rate was estimated at 52% (with a survey
coverage of 55% of the World population). For more details, please visit the Povcalnet website at
http://iresearch.worldbank.org/PovcalNet/povDuplicateWB.aspx.
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Table 3 Share of children who are learning-poor by late primary, by country group

All Countries Low- and Middle-Income Countries*
Learning S.E. Minimum  Maximum Learning S.E. Minimum  Maximum
Poverty L.P. L.P. L.P. Poverty L.P. L.P. L.P.
Country Group (%) (%) (%) (%) (%) (%) (%) (%)
Overall 48.0 0.4 1.6 98.7 52.7 0.4 1.7 98.7
East Asia and 19.8 0.8 17 51.1 212 0.9 1.7 51.1
Pacific
Europe and 8.8 0.2 16 64.5 13.3 0.4 22 64.5
Central Asia
Latin American
S and Caribbean 50.8 0.8 20.7 80.7 50.8 0.9 20.7 80.7
&
& Middle East and 58.7 0.6 117 94.7 63.3 0.9 35.7 94.7
North Africa
North America 7.6 0.5 43 7.9 N/A N/A N/A N/A
South Asia 58.2 0.9 14.8 934 58.2 0.9 14.8 93.4
Sub-Saharan 86.7 03 483 98.7 86.7 03 483 98.7
Africa
High income 8.7 0.2 1.6 66.6 23.9 0.5 4.0 66.6
ko .
g Upper middie 29.0 05 2.2 80.7 29.0 0.7 2.2 80.7
o Income
2 .
g Lowermiddie 55.1 0.7 1.7 85.1 55.1 0.7 17 85.1
k= Income
Low income 89.8 0.3 78.2 98.7 89.8 0.3 78.2 98.7
w Partl 7.7 0.2 1.6 51.0 N/A N/A N/A N/A
S IBRD 40.0 0.6 1.7 80.7 40.0 0.6 1.7 80.7
2 IDA/Blend 79.5 0.3 51.1 98.7 79.5 0.3 51.1 98.7

Source: Authors’ calculations using the Global Learning Assessment Database; UIS Enroliment Data; and UN Population numbers.

Note: For specific country numbers please see Table 20, in Annex 6; Standard errors calculated through bootstrapping, see Annex 9 for details.
(*) Low- and Middle-Income countries refers to Part 2 countries, which are eligible to borrow from the World Bank Group and include high-
income IBRD clients. See Table 2 for the number of countries per classification.

Robustness and Validation

As discussed earlier, these results build on several assumptions and methodological choices. In this
section we check the robustness of the results to variations in some of those assumptions and
triangulate the results with other indicators to confirm the external validity of the measure.

Choice of reporting window

To build our global aggregate, we have to establish a valid reporting window. As previously discussed,
our preferred window is a 9-year window centered on 2015. It is reassuring to see that the choice of
reporting window does not seem to change the global estimates drastically, at least with the currently
available data. Table 4 shows the sensitivity of the results to this choice, using the latest available data
and reporting windows of different lengths (9, 7, and 5 years). Although the choice of reporting window
does affect the number of countries, and to a greater extent the population coverage, it does not
change the learning poverty very much. However, narrower reporting windows tend to lower the global
learning poverty estimate, reflecting a composition bias: countries with more recent data have lower
learning poverty rates.
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Table 4 Sensitivity of results with respect to choice of reporting window

All Countries Low- and Middle-Income Countries*

Learning  S.E. Population Learning S.E.  Population

Poverty L.P. Coverage N Avg. Poverty L.P. Coverage N Avg.
Window (%) (%) (%) countries  Year (%) (%) (%) countries  Year
Latest 49.0 0.3 84.2 116 2015 53.8 0.3 82.9 74 2014
9 years 48.0 0.4 81.1 100 2015 52.7 0.4 79.7 62 2015
7 years 47.0 0.4 72.6 90 2015 51.7 0.5 70.3 52 2015
5 years 43.5 0.4 56.4 60 2016 47.9 0.5 52.1 22 2016

Source: Authors’ calculations using the Global Learning Assessment Database; UIS Enroliment Data; and UN Population numbers.
Note: Standard errors calculated through bootstrapping, see Annex 9 for details. (*) Low- and Middle-Income countries refers to Part 2
countries, which are eligible to borrow from the World Bank Group and include high-income IBRD clients.

Choice of population of reference

Another important choice is which population of reference to use. In this subsection we present the
robustness of our global estimates to different choices of our population numbers. We show that our
results are qualitatively similar in terms of the global learning poverty rate, while they can significantly
differ in terms of the total number of learning-poor. Table 5 shows the both the global rate and the total
number of learning-poor, using four population definitions, namely: (i) our preferred measure, which
combines the five age cohorts from 10 to 14 years of age; (ii) a single age cohort (10 years of age); (iii) all
children of primary school age, defined based on the de jure ages at which children are supposed to
start and finish primary school (5-16); (iv) all children from age 9 to the official de jure age at which
children are supposed to finish primary; and, (v) all children enrolled in primary school.

Results for the global rate are quite robust to these changes in population cohorts: learning poverty
ranges from 53% to 55% for low- and middle-income countries, and from 48% to 51% for the whole
world. By contrast, the absolute number of learning poor unsurprisingly differs greatly based on the
population definition, ranging from 60M to 720M children globally (Table 5). It is important to keep in
mind that there is no perfect choice of population of reference given the data limitations, and those
differences may generate noise around the credibility of the estimates.

This exercise has implications for how learning poverty figures are communicated. First, the learning
poverty rate can be used with confidence that it is not sensitive to the primary-age population of
reference used. Second, given that absolute numbers are often seen as more powerful as
communication tools, those citing the numbers of learning-poor will need to be careful to specify clearly
the population of interest, and to caveat that such indicator is just for illustration purposes. A final
important point from Table 5 is that no matter what definition is used, between 98% and 99% of all
learning-poor children in the world live in low- and middle-income countries.
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Table 5 Sensitivity of results to choice of population of reference

All Countries Low- and Middle-Income Countries*

Learning S.E. Population Learning Learning S.E. Population Learning
Population Poverty L.P. Population Coverage Poor Poverty L.P. Population Coverage Poor
Definition (%) (%)  (millions) (%) (millions) (%) (%)  (millions) (%) (millions)
Ages 10-14 48.0 0.3 612 81.1 294 52.7 0.4 548 79.7 289
Age 10 48.3 0.4 125 80.7 60 53.0 0.4 112 79.3 59
Ages 5-16 48.1 0.3 1498 80.8 720 52.8 0.3 1343 79.4 708
Ages 9+ 50.5 0.3 449 77.9 227 55.4 0.3 402 76.0 223
Primary 48.0 0.3 804 80.8 386 52.9 0.3 718 79.2 380

Source: Authors’ calculations using the Global Learning Assessment Database; UIS Enroliment Data; and UN Population numbers.
Note: Standard errors calculated through bootstrapping, see Annex 9 for details. (*) Low- and Middle-Income countries refers to Part 2
countries, which are eligible to borrow from the World Bank Group and include high-income IBRD clients.

Consistency with other learning data

As a check on the estimated learning poverty rates, we can compare them with estimates of reading
ability for other age groups from other sources. Several datasets include data on reading abilities of
adolescents, adults, and younger children; in this subsection, we use them to explore whether reading
proficiency levels are indeed as low as suggested by our learning poverty measure.

Here, we check the end-primary reading proficiency results against four other sources:

Skills of 15-year-olds (PISA): The first check uses data from PISA on the literacy of 15-year-olds. This
comparison may be especially useful as an independent check on the relevance and consistency of the
learning poverty data, for two reasons: first, PISA assesses competencies of students just 3 to 4 years
past the end of primary, and second, it is available for many middle-income countries and (more
recently, with the PISA-D program) for a few low-income countries.?* On the PISA Reading test,
proficiency levels range from Below Level 1b to Level 6. Level 2 is typically considered the minimum
proficiency level for lower-secondary, and using it is equivalent to the approach we have used at the end
of primary.®® In other words, the share of students scoring below Level 2 is the analogue, for 15-year-
olds, to the end-of-primary learning deprivation measure used to produce our learning poverty
measure. Given that the average age for the end-primary assessments in our dataset ranges from 10 to
13, the assessments measure students only a few years apart, and therefore the end of primary and
lower secondary learning deprivation measures should correspond closely. In this exercise, we have
used PISA assessments around 3 to 5 years after the year of our learning poverty measure, in an attempt
to track similar age cohorts. These measures are equivalent to the complement of the SDG 4.1.1b and
SDG 4.1.1c indicators.

39 Although it is theoretically possible that a country could perform poorly on 4th-grade reading proficiency but well on reading
of 8th-graders or young adults—for example, if its secondary schools are managed better than its primary schools—this is not
likely in practice. Systems that are high-performing at the lower grades tend to do well at higher grades too. While no single
international literacy assessment assesses children in both 4t and 8t grade, the TIMSS Science assessment does, and the cross-
country correlation for 2015 between 4th-grade and 8th-grade scores is quite high, with a correlation coefficient of 0.96.

40 Level 2 is described as the “baseline level . . . at which readers begin to demonstrate the competencies that will enable them
to participate effectively and productively in life as continuing students, workers and citizens” (OECD PISA for Development
brief). In its country reports, the OECD signals the importance of this baseline by highlighting the share of a country’s student
population that is below Level 2. This is also the level that the GAML process recommended for the SDG 4.1.1c monitoring.
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Because virtually all of the countries participating in PISA are either high- or middle-income, this test can
be applied only to those countries and not the low-income countries in our dataset (notable exceptions
are the PISA-D participant countries). Figure 1 compares the PISA Level 2 or PISA/Secondary learning
deprivation measures against our end-primary learning deprivation and our learning poverty measures
for 60 countries (panels a and b), 25 of which are among our middle- and low-income countries (panel c
and d). The results are instructive:

As expected, there is a strong relationship between end-of-primary and lower-secondary
learning deprivations in reading. The Pearson’s correlation of the end-of-primary learning
deprivation (used in our learning poverty measure) with the PISA reading learning deprivation is
0.87, meaning that we can predict % of the variation in a country’s performance in lower-
secondary just by knowing its performance in end-primary proficiency. And this correlation
appears to reflect actual skills of the cohort: the correlation weakens if, as a placebo test, we
compare instead PISA scores from rounds that took place much earlier than our learning poverty
was collected. For example, if we use PISA measures collected from 6 to 11 years prior to the
year of our learning poverty estimates, or even more than 11 years before the assessment of
the end of primary, we find correlations of, respectively, 0.69 and even 0.14 (see Table 18 in
Annex 6). If we focus only on middle- and low-income countries, the latter correlation is also
quite low.

But despite the strong relationship between primary and secondary learning deprivation rates,
the primary rates are much lower than secondary rates in most cases. Visually, this means that
most of the points in the graph are well above the 45-degree line in Figures 1a and 1c. For the
average country in the sample, the gap is 10 percentage points, and for middle- and low-income
countries it is 16 percentage points (see Table 18 in Annex 6).

This difference holds if we use either our measure of learning poverty or just the share of end-
of-primary learning-deprived students (as shown by the different panels of Figure 1 and by Table
19 in the Annex).
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Figure 1 Rates of learning deprivation in reading: comparison of end-primary and lower-secondary measures (15-year-olds,

PISA)
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Source: Learning deprivation at lower-secondary (SDG 4.1.1c) is measured as the share of students scoring below Level 2 on the PISA reading
test (OECD). PISA assessments used are those administered between 3 to 5 years after the learning assessment used for the Learning Poverty
measure, as used in panels b and d (or the end-of-primary learning deprivation measure, panels a and c).

The fact that lower-secondary learning deprivation (as measured by PISA or the SDG 4.1.1c) is
substantially higher than our end-primary measure of learning deprivation (SDG 4.1.1b) in these high-
and middle-income countries is surprising, given selection into secondary schooling. In most middle-

income countries, enrollment of 15-year-olds is far from universal. The students who remain in school
long enough to be tested by PISA tend to be more advantaged (which usually means higher-scoring)
than those who drop out. This selection effect should increase relative test scores, leading the lower-
secondary learning deprivation rates to be lower than those for primary.

These results suggest that our estimated end-primary learning deprivation rates do not overstate the
problem, at least for middle-income countries. Indeed, the comparisons with lower-secondary learning
deprivation rates (PISA below Level 2) suggest that our learning poverty rates may underestimate the
true values for many countries with low learning deprivation rates, by some 20 percentage points.

Adult skills (PIAAC): Another check of consistency is to compare with the literacy skills of young adults.
Other factors such as on-the-job learning will also affect adults’ literacy, but especially for the young
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cohort, the quality of learning during the school years is likely to be a major determinant. On the
OECD’s PIAAC survey of adult skills, Level 2 can be considered as the minimum proficiency. In Japan, less
than 3% of the young-adult population (age 16-24) is non-proficient by this measure, and in the rest of
PIAAC’s top 10 countries in young-adult literacy, the number is less than 10%. By contrast, in Chile 39%
of young adults are non-proficient on PIAAC; in Turkey, the figure is 37%; and in the Russian Federation,
it is 14%. These young-adult nonproficiency rates from PIAAC are highly correlated with our learning
poverty measure, with a correlation coefficient of 0.76. However, learning poverty is substantially
lower, at 19% for Chile, 25% for Turkey, and just 3% for the Russian Federation. Across countries,
learning poverty is a median of 6 percentage points lower than PIAAC nonproficiency. Like the PISA
results, these results too suggest that, if anything, our estimates of primary age nonproficiency are
conservative.

UIS estimates of “Children not learning”: In addition to these measures of adolescent and adult skills,
there is another recent estimate of the extent of the problem that is more directly comparable. The UIS
estimated in 2017 that “more than 617 million children and adolescents are not achieving minimum
proficiency levels (MPLs) in reading and mathematics” (UIS 2017a). Underlying those totals is UIS’s
estimate that 56% of primary school-age children do not attain the minimum proficiency in literacy.*
This estimate was based on a more limited coverage of end-of-primary proficiency in low- and middle-
income countries than the one we use here, as national learning assessments were not included, and it
used a different harmonization methodology (very similar to that of the HLO) that appears to include
inferring primary school learning from lower secondary school assessments in some cases.** Also, unlike
our global learning poverty estimates, UIS’s earlier global figure includes high-income countries;
restricting the sample to low- and middle-income countries would further increase the Children Not
Learning share.*® Thus this comparison too suggests that the global learning poverty estimate of 53% is
on the conservative side as an indicator of the scale of the learning challenge.

Early-grade learning (3™ and 4" Grade, LLECE and PASEC): Another check is the extent to which our end-
of-primary learning measure is aligned with early primary grade results for each country. This is
important as we would like to know if educational systems that are performing well at early grades are
more likely to be performing well at the end of primary, and vice versa. This is analogous to the
triangulation with lower secondary. Although only two regional assessment programs, LLECE and PASEC,
enable us to make this comparison, this exercise still gives us a greater representation of low- and
middle-income countries than the PISA and PIAAC comparisons do.

Given the choice of grade assessed and periodicity of these two assessment programs, we cannot
compare scores for a single student cohort, so the results should be interpreted as the association of the
quality of learning delivered in early grades and at the end of primary. We make the comparisons in
terms of both the average reading score and the share of learning-deprived students. In the case of Latin
America (Figure 2 panels a and c), a cross-country comparison of early-grade and end-of-primary

41 Table 1 of UIS (2017a)

42 UIS (2017b) reports that “to estimate meaningful regional aggregates, the proportion of students achieving minimum
proficiency level at the end of primary education by subject were assumed to be equal to the proportion of students achieving
the minimum proficiency level at the end of lower secondary education. This treatment was applied to countries with large
regional weight such as China, Egypt and India” (p. 15).

43 UIS (2017a) estimates the share of Children Not Learning in lower-middle-income and low-income countries at 76% and 91%,
respectively (see Table 2). These estimates are substantially higher than our learning poverty estimates of 54% and 78% for the
same country groups.
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performance shows a very strong relationship, with approximately 90% of the variance being explained
and a very low dispersion of the countries around the trend line. For Sub-Saharan Africa, the results are
substantially different: while we find a positive relationship when we compare mean scores, the
relationship is not very strong (Figure 2d), and we find virtually no relationship when we use the learning
deprivation measure for end-primary (Figure 2b).

One channel that might explain the weaker correlation in Sub-Saharan Africa than in Latin America is the
transition in language of instruction, which happens around age 10 in many African countries and which
likely weakens students’ literacy as tested in the second language. Using data from PASEC, we find
results consistent with this hypothesis. First, the early-grade relationship is significantly stronger for
math. Second, if we remove countries such as Burundi, in which there is a documented transition from
Kirundi to French, the strength of this relationship would jump from an RHO of 0.03 to -0.53 in the case
of learning deprivation (see Table 19 in the Annex). This suggests that in systems where there are
transitions in language of instruction during primary school, interpretation of the learning poverty
results should take this into account.

Figure 2 Learning Deprivation and Average scores in reading: Early Grade vs End of Primary

a. Latin America (LLECE) learning deprivation at the end of b. Sub-Saharan Africa (PASEC) learning deprivation at the end
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Source: Author’s calculation. Note: for Early Grade we use the national average score in reading (grade 2 for PASEC and grade 3 for LLECE); for
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LLECE). PASEC data from 2014 (n=10) and LLECE from 2006 (n=16) and 2013 (n=15).
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Conclusion: These initial comparisons show that the learning poverty estimates for low- and middle-
income countries correlate strongly with other estimates of reading ability, including those for other age
groups (with some exceptions that may be driven by changes in language of instruction). The
comparisons also suggest that, if anything, the learning poverty estimates are somewhat conservative as
indicators of the scale of the learning crisis. For example, consider the implications of the PISA
comparison, which shows that the PISA learning deprivation rates** are considerably higher than our
primary learning deprivation and even learning poverty rates. This means that children who just clear
our minimum proficiency threshold by the end of primary are not on track to meet PISA Level 2 by age
15—which in turn means that they will not even “begin to demonstrate the [reading] competencies that
will enable them to participate effectively and productively in life as continuing students, workers and
citizens.” In other words, the actual level of learning poverty or share of learning-deprived students in
low- and middle-income countries could be even higher than the 53% reported above. But whether the
learning poverty rate is 53% or even higher, the high rate has major implications both for the prospects
of reaching universal reading proficiency and for the way forward.

In what follows, we will build on these findings to present some evidence on the heterogeneity of the
proposed learning poverty measure and will return to some of the points presented above.

Understanding the heterogeneity of Learning Poverty

In this subsection we discuss the heterogeneity of learning poverty across four important dimensions.
First, we unpack the contribution of both schooling and learning to learning poverty, globally and for
different groups of countries. Second, we introduce a learning gap measure. Since our learning indicator
is the share of students below minimum proficiency, by definition it is not sensitive to changes in the
distribution that take place below the threshold; below, we use the gap measure to show the
importance of tracking those changes too. Third, we present learning poverty measures disaggregated
by gender, which is a key dimension of inequality in many countries that may require special
interventions. Fourth, we present evidence on spatial differences in learning poverty within a country,
using Brazilian data for the illustration.

Unbundling Learning Poverty: The relative contribution of quantity and quality of schooling

learning poverty is multidimensional, as is it capture both learning and schooling by combining two
separate yet conceptually related indicators. From a diagnostic and policy perspective, it is useful to
unbundle this indicator and try to understand how much learning deprivation (LD) and schooling
deprivation (SD) contribute to the overall level of learning poverty. The decomposition of our learning
poverty measure suggests that weaknesses in learning (for enrolled children) account for 84% of the
learning poverty in low- and middle-income countries (see Table 6). ** This is not surprising, given that
the out-of-school rate is about 8% in our data. However, there are important differences across country
groupings. In the Sub-Saharan Africa, low-income, and IDA/Blend country groupings, we find that
schooling gaps are still responsible for approximately 30% of learning poverty (see Table 6), consistent

44 We define PISA learning deprivation using the same MPL used for SDG 4.1.1c: a PISA score of 407, or the PISA Low
International proficiency level.
45 For methodological details of the decomposition approach used see Azevedo (2020).
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with the relatively high share of out-of-school children in these regions. What is more striking, however,
is the relatively high contribution of the schooling component in the ECA region and high-income
countries, where schooling contributes about a quarter of the learning poverty. In North America, the
figure is 50%. One hypothesis is that the challenge of serving the “last mile” of children—those who live
in remote locations or who face bigger barriers due to family background, migration status, or
disability—becomes more important in relative terms as the quality of an educational system improves
in absolute terms.

Table 6 Identifying the contributions of learning and schooling deprivation to learning poverty4t

All Countries Low- and Middle-Income Countries*
Absolute Relative Absolute Relative
Learning Value Contribution Learning Value Contribution
Poverty LD SD LD SD Poverty LD SD LD SD
Country Group (p-p-) (p-p:)  (p-p) (%) (%) (p-p-) (p-p-)  (p-p.) (%) (%)
Overall 480 400 80 834 16.6 527 440 87 85 165
East Asia and 198 190 07 9.2 3.8 212 205 06 969 31
Pacific
i;'ir:pe and Central 8.8 66 22 751 249 133 9.6 37 721 279
g latinAmericanand oo 400 36 929 71 508 472 36 929 7.1
.ngo Caribbean
.
o Middle East and 587 546 41 930 7.0 633 589 44 930 7.0
North Africa
North America 7.6 38 38 501 499 N/A N/A  N/A  N/A  N/A
South Asia 582 512 7.0 879 121 58.2 512 7.0 879 121
Sub-Saharan Africa 867 623 243 719 281 86.7 623 243 719 281
_ High income 9.1 6.7 2.4 73.6 26.4 22.3 16.6 5.7 74.5 25.5
()] .
g Upper middle 303 285 18 940 6.0 300 281 19 938 62
) Income
o .
g Lower middle 558 500 58 896 104 559 501 58  89.6  10.4
k= Income
Low income 895 611 284 682 318 89.6 61.1 284 683 317
w Partl 8.1 59 22 733 267 N/A N/A  N/A  N/A  N/A
o
S |BRD 401 380 21 948 52 39.9 378 21 948 52
Q
— IDA/Blend 825 584 240 709 29.1 82.5 584 240 709  29.1

Source: Authors’ calculations using the Global Learning Assessment Database; UIS Enroliment Data; and UN Population numbers.

Notes: Decomposition of learning poverty by its two dimensions: learning deprivation (LD) and schooling deprivation (SD) rates; for a
methodological description, please see Azevedo (2020); (*) Low- and Middle-Income countries refers to Part 2 countries, which are eligible to
borrow from the World Bank Group and include high-income IBRD clients.

How important is the learning deprivation gap?

The distribution of children according to learning levels below the MPL matters. Here we introduce a
complementary measure, learning deprivation gap, which is sensitive to changes in learning below the

46 As per Equation 1, the absolute value of the schooling deprivation (OoS) contribution to learning poverty is the actual
reported rate of out of school. For the learning deprivation measure, however, this is not the case, since what is reflected in the
learning poverty is the learning deprivation weighted by the complement of the schooling deprivation, or out-of-school,
population. Alternatively, this can be seen an adjustment to present both the LD results in terms of by the same population as
the SD, namely the all children in the age-group of reference, and not just the student population. See Azevedo (2020) for a
more detailed discussion on this point.
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MPL.*” While the underlying learning measure (the score on a student assessment) is a continuous
variable, the learning deprivation indicator used to calculate learning poverty is the share of students
Below Minimum Proficiency. As a result, the learning deprivation indicator is not sensitive to how far
below this minimum proficiency level students might be. This omission can be especially relevant for
countries or regions with high levels of inequality in the learning distribution among the learning-poor.
In such countries, there could be substantial improvements in learning that fail to move students above
the reference threshold, and thus fail to reduce learning poverty.

For this reason, we also explore a learning deprivation gap measure, defined as the population-
standardized average distance to the MPL for the students below the MPL.*® Figure 3 below illustrates
that as learning deprivation increases, so does the dispersion of the learning deprivation gap across
countries. Thus, two countries with similarly high learning deprivation rates can have very different
learning deprivation gaps, and the policies required to get the same reduction in learning deprivation
could differ considerably. For example, two PASEC countries (shown in orange in Figure 3) with over 90%
of students below the minimum proficiency threshold turn out to have very different learning
deprivation gaps of 13% and 33%, respectively, suggesting that the variance of proficiency below the
threshold is quite different for these two countries. The country with the higher learning deprivation gap
is likely to need greater flexibility in its learning policy packages to target learners at a wider range of
learning levels, relative to the one with a smaller learning deprivation gap.

Figure 3 Learning deprivation and the learning deprivation gap by country
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Source: Authors’ calculations using the Global Learning Assessment Database; Note: each point represents one country-assessment observation
(N =399).

Note: This figure is for illustration purposes only, and comparisons of learning gaps should only be done within specific learning assessment
programs.

47 For a detailed discussion of the axiomatic properties of the learning poverty measure and an extension to a distributional
sensitive class of measures, see Azevedo (2020).
48 See Azevedo 2020 for the functional form.
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How does learning poverty vary by gender?

Using all available cross-country assessments (as well as gender-disaggregated enrollment data from
UIS), we have computed gender-specific learning poverty rates. Given data availability, we have only
been able to compute this disaggregation for 93 countries, covering 59% of the global children and 55%
of children in the developing world. Sub-Saharan Africa and East Asia are two regions with low coverage,
largely because of problems in accessing the national learning assessment microdata, especially in
China, Ethiopia and Uganda. In other words, our gender-disaggregated results have substantially lower
coverage rates than our headline global number does (81% for all countries and 80% for low- and
middle-income countries). This should be taken into consideration when interpreting these results,
because gender patterns the missing countries might differ from what is shown here.

The results show that in virtually all countries for which we have data, girls have lower rates of learning
poverty than boys do (Figure 4). Table 7 shows that girls are on average 4 percentage points less
learning-poor than boys.* The difference is significantly smaller in Europe and Central Asia and in North
America, and larger in the Middle East and East Asia and Pacific. The gender differential is significantly
greater in middle-income countries: while in high-income and low-income countries differences are
quite small, the gap reaches 5 percentage points in upper middle-income countries.

Table 7 Learning poverty by boys and girls, and country groups, for a subsample of countries

All Countries

Low- and Middle-Income Countries*

Boys Girls Boys Girls

N Avg SE Avg SE N Avg SE Avg SE

countries LP LP LP LP countries LP LP LP LP

Country Group w/ data (%) (%) (%) (%) w/ data (%) (%) (%) (%)

Overall 93 501 05 463 0.4 53 577 05 53.6 05

East Asia and Pacific 9 296 1.4 211 14 2 39.0 22 279 21

Europe and Central Asia 37 100 03 82 02 13 144 05 127 04

< Latin American and Caribbean 19 527 09 486 1.0 18 530 1.0 489 1.2
o

‘@  Middle East and North Africa 13 660 08 568 0.8 7 682 08 591 08

* North America 2 8.0 0.6 7.1 0.5 N/A N/A  N/A  N/A N/A

South Asia 2 593 10 568 1.0 2 593 09 568 1.0

Sub-Saharan Africa 11 8.9 05 8.8 0.5 11 8.9 0.5 838 05

T High income 45 8.4 0.3 6.6 0.2 6 257 07 220 06

< Upper middle income 28 445 06 394 07 27 446 06 395 07

g Lower middle income 13 583 0.8 543 08 13 583 0.8 543 0.8

= Low income 7 929 04 930 04 7 929 04 930 03

w Partl 40 7.5 0.3 5.8 0.2 N/A N/A  N/A  N/A N/A

g IBRD 40 513 0.7 467 0.6 40 51.3 06 467 0.7

~ IDA/Blend 13 821 0.6 8.7 04 13 821 05 807 04

Source: Authors’ calculations using the Global Learning Assessment Database; UIS Enroliment Data; and UN Population numbers.

Note: Gender breakdowns calculated using all learning assessments since 2000 for which data was available. Estimates do not reflect all the
learning assessments in the pooled dataset, because of a lack of gender-disaggregated data, and so the averages of the male and female

49 |f numeracy (rather than literacy) were used to calculate the learning poverty rate, the pattern might be expected to be

different. Among adolescents, boys slightly outperform girls on PISA math scores, for example. Yet on the 4th-grade TIMSS
math assessment, girls outperform boys in many countries, such as Saudi Arabia, Jordan, South Africa, and Indonesia, and in the
median country there is no gender difference.
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columns do not match the global averages reported earlier. Standard errors calculated through bootstrapping; see Annex 9 for details.
Countries without gender-specific enrollment information and with a national enrollment higher than 98.5 are assumed to have gender parity
on enrollment. (Nine countries are affected by this assumption: Austria, Canada, Costa Rica, Czech Republic, Germany, Georgia, Iran, Singapore,
and Tunisia.)

Gender gaps are also higher for countries in the middle of the distribution of learning poverty. Figure 5
shows that the gender gaps are significantly higher for countries with a learning poverty rate between
30% and 70%. This finding is consistent with the patterns in other measures of horizontal inequality,
such as spatial, rural/urban, and social-economic differences in learning poverty. It is also aligned with
the work of Crouch, Rolleston, and Gustaffson 2020, who argue that tackling the learning crisis in high-
learning-poverty countries also addresses learning inequity and inequality.

Figure 4 Learning poverty gender gap, by country Figure 5 Learning poverty gender gap by level of Learning
Poverty
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We can also examine the decomposition into the learning and schooling components by gender. At the
global level, learning and schooling contributions to learning poverty are quite similar by gender, with
90% of the overall measure being accounted for by learning for both boys and girls, versus only 10% by
schooling. Note that this is slightly higher than the 84% accounted for by learning above, likely because
the countries for which gender disaggregation is not possible are countries with greater access
challenges (for example, Sub-Saharan Africa). Here too, we see important differences across country
groupings (Table 8). In particular, the contribution of the out-of-school component is greater for girls
than for boys in Europe and Central Asia, the Middle East and Northern Africa, Sub-Saharan Africa, and
North America, while the reverse is true in South Asia, East Asia, and Latin America. In virtually all cases,
girls are doing systematically better than boys in terms of learning, both in absolute and relative terms,
but the enrollment picture differs greatly across regions: in Sub-Saharan Africa and Middle East and
Northern Africa, girls’ lower enrollment remains a significant challenge both in relative and absolute
terms, while in East Asia, Latin America, and South Asia the boys are the ones that tend to be left behind
at primary school-age. In no other region does the access challenge remain as large as in Sub-Saharan
Africa, especially for girls.
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Table 8 Decomposition of learning poverty by learning and schooling, for boys and girls

Boys, all countries Girls, all countries
Absolute Relative Absolute Relative
Learning Value Contribution Learning Value Contribution
Poverty LD SD LD SD Poverty LD SD LD SD
Country Group (p-p.) (p-p)  (pp) (%) (%) (p-p)  (pp) (pp) (%) (%)
Overall 50.1 44.2 5.9 88.3 11.7 46.3 39.9 6.4 86.2 13.8
East Asia and Pacific 29.6 26.0 3.6 88.0 12.0 21.1 20.3 0.8 96.2 3.8
E\‘S‘ir:pe and Central 10.0 73 27 730 270 8.2 56 27 677 323
c gtriir;k’;\girica” and 52.7 487 41 923 77 486 455 32 935 65
g xir?f;e Eastand North ¢ 626 35 947 53 568 517 51 910 9.0
North America 8.0 4.4 3.6 55.1 449 7.1 3.1 3.9 44.2 55.8
South Asia 59.3 53.6 5.7 90.4 9.6 56.8 50.6 6.3 89.0 11.0
Sub-Saharan Africa 86.9 70.1 168 80.7 193 83.8 62.1 216 742 258
E High income 8.5 6.1 2.4 71.4  28.6 6.7 4.3 2.4 63.5 36.5
% Upper middle income 46.8 42.9 3.9 91.6 8.4 41.3 37.8 3.4 91.7 8.3
g Lower middle income 59.0 53.2 5.8 90.2 9.8 54.9 49.1 5.7 89.6 104
§ Low income 92.7 71.6 21.1 773 227 92.8 62.3 30.6 67.1 329
& Part 1 7.6 5.4 2.2 70.5 295 5.9 3.6 2.2 61.6 38.4
T IBRD 51.9 48.4 3.5 93.2 6.8 47.0 44.7 2.3 95.2 4.8
S IDA / Blend 83.9 64.5 194 769 231 82.7 547 281 66.1 339

Source: Authors’ calculations using the Global Learning Assessment Database; UIS Enroliment Data; and UN Population numbers.

Notes: Shapley value decomposition by learning deprivation (LD) and schooling deprivation (SD) dimensions, for a methodological description
please see Azevedo et al (2012); (*) Low- and Middle-Income countries refers to Part 2 countries, which are eligible to borrow from the World
Bank Group and include high-income IBRD clients.

How does learning poverty differ across regions within countries?

Another important dimension for disaggregation is the within-country spatial differences in learning
poverty. Tracking these differences enables the spatial targeting of specific policy packages, and when
temporal comparisons are available, it makes possible the identification of “what works” from within an
educational system. This in turn creates opportunities for packaging, replicating, and scaling these best
practices to reduce learning poverty. Using data from the Brazilian National Learning Assessment (NLA,
Prova Brasil) and the Education Management information system, we were able to create a national
learning poverty measure that captures both the out-of-school population and the share of 5"-grade
students achieving the Brazilian minimum proficiency level (defined in the national learning assessment
scale). Note that this is a national measure has not yet been “equated” to the GAML MPL threshold to
facilitate international comparisons, although that could be a useful next step.

Because the Brazilian NLA is a census and is designed for temporal comparability of learning, we are able
understand the spatial distribution of learning poverty in Brazil in two points in time, which allows an
examination of how a national learning poverty has changed both temporally and spatially. One
particular region of Brazil stands out: the state of Ceard, which is one of the poorest states in the North-
East of Brazil but has among the lowest learning poverty rates (highlighted in Figure 6). While this
success in reducing learning poverty cannot be attributed to any single policy or program, it is grounded
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on a series of reforms that include results-based financing and the provision of technical assistance to
the municipal education boards (Loureiro and Cruz 2020, Loureiro et al. 2020). These results, which are
well known in Brazil, have informed the design of programs to improve quality of education at the end
of primary in other Brazilian states.*

Figure 6 Learning Poverty by Brazilian Municipality (national definition)

a. National Learning Poverty - 2013 b. National Learning Poverty - 2017

LP 2013 (%) LP 2017 (%)

80 - 100 30 - 98
60 - 80 60 - 80
40 - 60 40 - 60
20 - 40 20-40

mO0-20 m4-20
No data No data

Source: Authors’ calculations using IBGE and INEP/MEC data
Notes: The LP number for Brazil is calculated at the municipal level, using the microdata from Prova Brasil, INEP School Census and IBGE
population estimative. The National MPL threshold used was 200 points in Portuguese.

5. Where we are headed: Simulations of future changes in learning poverty

This section moves from estimating current levels of learning poverty to trying to understand where
learning poverty was headed before COVID-19 hit. Because the pandemic has altered that trajectory—
although we lack the data to know by how much—the simulations presented here should be viewed as a
best-case scenario.

The estimates above show that over half of children in low- and middle-income countries are not
reaching minimum reading proficiency, and that the figure could be even higher. For low-income
countries, the share is close to 80%. A crucial question, then, is how this learning poverty rate has
changed in recent years. Is it declining rapidly enough to ensure that in 2030, all children will be
proficient in reading by age 10, or at least by the end of primary school? The analysis in this section

50 See Costa and Carnoy 2015, Loureiro and Cruz 2020, and Loureiro et al. 2020 for details. Programs influenced by the Ceara
model include the PARC (Parceria para Alfabetizagcdo via Regime de Colaboragdo) program designed by Associagdo Bem
Comum, Fundagdo Lemann and Instituto Natura.
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shows that it is not: eliminating learning poverty by 2030 would require historically unprecedented
progress.>?

Progress in reducing learning poverty since 2000: Distribution of changes

To assess this question, we examine spells of within-country improvement in learning poverty within a
given assessment, for the subsample of countries in which the same assessment was applied more than
once between 2000 and 2017. This approach gives us 72 change spells for 50 low- and middle-income
countries, distributed across the various assessments that can be compared over time. Figure 7 shows
the distribution of spells for all countries in the database, arranged from lowest to highest rate of
improvement.

Figure 7 Distribution of annualized changes in learning poverty for low- and middle-income countries, 2000-2017
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72 spells within range [-4, +4]
18 spellz within [0, +4], learning poverty increases
15 spells within {-4, -2] rapid improvement

Annualized Change in Learning Poverty (p.p.)
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Source: Authors’ calculations using the Global Learning Assessment Database; and UIS Enroliment Data.

Note: Each bar represents one spell, showing the annualized change in learning poverty for a given country between two points in time;
includes only temporally comparable spells within the same assessment and grade, for low- and middle-income countries. See Table 5 for the
breakdown of these 72 spells by assessment. Negative values represent a decrease in learning poverty—that is, an improvement in outcomes.

51 For more detailed information on the spells database, please check Annex 8.
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Three important points come out of this simple figure:

e The median annual reduction in learning poverty, across all spells, is less than 1 percentage
point per year. With a global learning poverty rate of 53% in 2015, this suggests that unless
improvement accelerates dramatically from recent historical patterns, the world will fall well
short of eliminating learning poverty by 2030.>?

e In around 20% of the recorded episodes of annualized change, learning poverty increases.
Thus, although global rates of reading have been improving, there is no guarantee of progress in
individual countries.

o Nevertheless, there have been some cases of rapid improvement. About 20% of the recorded
spells show annualized reductions in learning poverty of 2 percentage points or more. Even if
this tail of the distribution reflects some statistical noise, this indicates that it is possible to make
rapid progress (in some cases, through a combination of better learning for enrolled students
and increased enrollment).

Beyond what we learn from the averages and distribution, there can also be lessons from the individual
country spells, especially in the tails. We need to be cautious with interpretation; these are just 3- to 4-
year spells, so mean reversion can cause a spell of rapid reduction in learning poverty to be followed by
a slowdown in the next period. Lessons drawn from sustained rapid improvements are therefore likely

to be more reliable. For analysis of such cases, see Crawford and others (Forthcoming), which uses such
rapid improvers to draw lessons on effective early-grade literacy interventions.

The data presented in this section have been for individual country spells, unweighted for population,
but adjusted for multiple observations from the same country.

52 As a reminder, because the latest learning data is from 2017, these estimates do not take the effects of the COVID-19
pandemic into account.
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Global simulation of learning poverty to 2030: Business-as-usual vs high scenario

This section presents simulations of how our global learning poverty estimate can be expected to
change between 2015 and 2030. We offer two scenarios: a business-as-usual scenario, based on the
rates of change from 2000 to 2017; and a high scenario, which assumes that each country progresses at
the most rapid rates achieved in its region over that period. The bottom line is that in neither scenario
do the low- and middle-income countries achieve universal reading proficiency by 2030, even if we
define “universal” loosely to mean 95% of the population, and even without taking the effects of COVID-
19 into account.

These scenarios are based on the historical annualized reductions in learning poverty for each region
and globally (Table 9).

Table 9 Annualized change in learning poverty (in percentage points) by country group, 2000-2017

Business 60th 70th 80th 9oth

as Usual Percentile Percentile Percentile Percentile

Country Groups (Bau)¥ (High)

Overall 0.68 0.87 1.34 1.85 2.56
East Asia and Pacific®? 0.68 0.87 1.34 1.85 2.56
Europe and Central Asia 0.68 0.86 1.06 1.25 2.24
,§D Latin American and Caribbean 0.62 0.64 1.29 1.81 2.02
& Middle East and North Africa 0.36 0.89 1.16 2.28 2.92
South Asia®? 0.68 0.87 1.34 1.85 2.56
Sub-Saharan Africa 0.92 1.10 1.93 2.49 3.46
High income 0.53 0.57 0.63 0.68 3.34
% g Upper middle income 0.86 1.06 1.51 1.89 2.49
c- Lower middle income 1.10 1.16 1.91 2.72 3.22
Low income -0.08 0.01 0.11 1.02 1.93
.g . 0-25% Learning Poverty 0.58 0.68 0.86 1.25 3.10
§ § 25-50% Learning Poverty 1.06 1.51 1.93 2.72 3.34
s & 50-75% Learning Poverty 0.62 0.86 1.10 1.81 2.14
E 75-100% Learning Poverty 0.92 1.48 1.89 2.14 2.49

Source: Authors’ calculations using the Global Learning Assessment Database; UIS Enroliment Data; and UN Population numbers.

Note: Senate weights are used to ensure an equal contribution by each of the countries in the sample of spells. (1) Business as Usual (BaU)
scenario reflects the country-specific growth rates; and for countries with no spells, the median of the group was used. (2) Global values were
used due to an insufficient number of spells in the region.

The historical data also allow us to understand how much changes in schooling and learning affect the
observed variations in learning poverty. Table 10 shows that shows that two-thirds of the average
improvement of learning poverty can be attributed to improvements in learning, while one-third comes
from reductions in schooling deprivation. However, the regional differences are striking. While in the
Middle East all of the improvement can be attributed to schooling dimensions, in Latin America the
reverse is true; in that region, improvements in learning more than compensated the worsening of the
schooling indicator. In Sub-Saharan Africa we find a more balanced pattern, in which improvements in
both schooling and learning have been almost equally important.
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Table 10 Decomposition of the average reduction in learning poverty by learning and schooling deprivations

Annualized Annualized Annualized Percentage of Percentage of
Reduction in Reduction in Reduction in Annualized Annualized
Learning Learning Schooling Reduction in Reduction in
Poverty Deprivation Deprivation Learning Poverty Learning Poverty
Region (p-p.) (LD) (p.p.) (SD) (p.p.) Explained by LD Explained by SD
Overall 0.93 0.59 0.35 63% 37%
East Asia and Pacific 2.72 2.11 0.62 77% 23%
Europe and Central Asia 0.74 0.32 0.42 43% 57%
Latin American and 0.84 0.91 -0.07 109% -9%
Caribbean
Middle East and North 0.57 0.16 0.73 -28% 128%
Africa
Sub-Saharan Africa 1.29 0.67 0.62 52% 48%

Source: Authors’ calculations using the Global Learning Assessment Database; UIS Enroliment Data; and UN Population numbers.

Note: Decomposition of change in learning poverty by the change in its two dimensions: learning deprivation (LD) and schooling deprivation
(SD); for a methodological description, please see Azevedo et (2012). Includes all spells considered in the simulation (N=72). South-Asia has
been omitted, as there was data on changes for only one country. Table 22 in the Annex reports the same mean values decomposed by this

exercise.

Business-as-usual

For the business-as-usual scenario, we start from the current estimated level for each country and apply

the country’s historical rate of improvement (median value) to simulate the future learning poverty rate.

For the many countries that have not applied the same reliable assessment at least twice—that is, the

countries not represented in Figure 7 above—we lack good country-specific data on historical changes in

learning poverty. In those cases, we use the median regional rate of change for the simulation.

Figure 8 shows the results of this simulation. Under business as usual, the mean population-weighted
change in learning poverty is a reduction of 1 percentage point per year. At this pace, starting from a

learning poverty rate of 53% in 2015, the rate will still be an estimated 44% in 2030—meaning that 44%
of late-primary children in low- and middle-income countries will still not have reached minimum

proficiency in reading.>?

53 This message is consistent with the concerns about slow progress raised by UNESCO (2019), a report for the 2019 UN High-

Level Political Forum on the SDGs.

36



Figure 8 Learning poverty under two scenarios, 2015-30 (simulation)
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Source: Authors’ calculations using the Global Learning Assessment Database; UIS Enroliment Data; and UN Population numbers.

High scenario

But perhaps business-as-usual is too pessimistic. For much of the 2000-2017 period, policymakers did
not focus much on learning. To be sure, the substantial improvement in primary-school completion
throughout this period should have reduced learning poverty. As described above, all children out of
school count as learning poor in this statistic, so enrolling them should have lowered learning poverty,
as long as at least some of them learned to read (as Table 10 suggests happened in practice). But
policymakers’ neglect of learning likely constrained the gains that were possible. Now that the
international education community is focusing more on learning—a shift reflected in Sustainable
Development Goal 4 and the learning indicators being used to track it—progress could well accelerate.

How much? To bound the possible improvements, the high scenario uses the 80" percentile of actual
experience. Specifically, it assumes that every country can reduce learning poverty as quickly as the 80%-
percentile country in its region did during the 2000-2017 period.>* As Figure 8 shows, this allows much
more rapid progress. Nevertheless, the learning poverty rate for 2030 will still be 27%—considerably
higher than the rights-based target of zero, or even an alternate target set at the single-digit rates found
in many wealthier countries.

54 We also assume that if a country’s historical rate of progress exceeds the regional 80t percentile, it will remain at that higher
rate. An alternative assumption for this high scenario would be to set the rate of improvement for every country equal to the
global 80t percentile. It turns out, however, that the regional 80th-percentile scenario yields faster global reductions in learning
poverty. This is because the regional 80% percentile is higher in Sub-Saharan Africa than in other regions, and the regional
scenario applies that more rapid rate to Africa’s large child population.
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Regional progress under the two scenarios

Table 11 reports both simulation scenarios by regions. The table indicates that between 2015 and 2030,
learning poverty in Africa might drop 12 percentage points in the business-as-usual scenario, and 37
points in the high scenario. Although substantial, this learning poverty reduction is not enough to reduce
Africa’s share of the global learning-poor population, especially as demographic pressure is likely to
strain education systems in Africa. Even under the high scenario, almost half of children in Africa and a
third of children in South Asia will still be learning-poor in 2030. By contrast, two regions—East Asia and
the Pacific, and Europe and Central Asia—will have single-digit learning poverty rates under either
scenario.”

With these shifts, learning poverty might be even more unequally distributed between regions in 2030
than it was in 2015. At the baseline, learning poverty is concentrated in three main regions, with 82% of
all learning-poor living in South Asia, Sub-Saharan Africa, and East Asia. In the business-as-usual
scenario, concentration in the top three regions will increase to 88%, and the spatial pattern will also
shift, with the Middle East taking the place of East Asia in that group. And in the high scenario, as
learning poverty falls sharply, concentration in the top three regions will increase even more, to 92%.
Latin America will take the place of East Asia among the regions with the most learning-poor, and Africa
will be the only region that will see its share of the global learning-poor increase substantially, from 37%
to 52%.

Table 11 Learning poverty rates in 2030 under two scenarios (simulation using spells by region)

Region’s Share of

Population (millions) Learning Poverty (%) Global Learning-Poor (%)
Region 2015 2030 2015 2030 2030 2015 2030 2030
Base BaU High Base Bau High
East Asia and Pacific 137 138 21.2 6.4 0.3 10.0 3.3 0.3
Europe and Central Asia 27 32 13.3 3.4 1.8 1.2 0.4 0.4
Latin American and Caribbean 53 51 50.8 39.6 23.7 9.4 7.5 7.4
Middle East and North Africa 33 44 63.3 56.2 28.9 7.1 9.2 7.8
South Asia 175 167 58.2 50.5 315 35.2 31.6 32.4
Sub-Saharan Africa 123 171 86.7 75.0 49.4 37.0 48.0 51.9
Overall 548 602 52.7 44.4 27.1 100.0 100.0 100.0

Source: Authors’ calculations using the Global Learning Assessment Database; UIS Enroliment Data; and UN Population numbers.
Note: Business as Usual (BaU) scenario uses country-specific growth rates; for countries with no spells, the regional average was used. High
scenario considers the rate of improvement equal to the regional 80t percentile. All figures consider only Part 2 countries.

How to interpret these simulations

The most important caveat is that these simulations do not represent a forecast. The simulations are
based on historical rates of progress, using the best available data (with all its imperfections). They do
not model the many factors influencing progress in each country—such as income growth, policy shifts,

55 For these higher-performing regions, “single digits” is probably more useful as a guide to the future for these regions than the
precise values in the table. Recall that these are results of a simulation exercise, not projections. In the case of ECA in
particular, because the region has such a low initial value, the simulations to 2030 are in the range where simply extrapolating
from past rates of improvement leads to unlikely outcomes. Almost no country has a learning poverty rate as low as 2 percent,
so although these low- and middle-income ECA countries will likely achieve single digits, they won’t likely reach the that low a
rate.
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conflict, migration, pandemics and any other shocks. Beyond this, the simulations do not take into
account the impacts of the COVID-driven school closures and economic shock on schooling and learning,
because the data are not yet available to construct learning poverty estimates for 2020-21. Nor do we
know yet whether they will affect only the level or also the long-term trend rate of decline. But it is
clear that the pandemic will make the task of eliminating learning poverty even more challenging.

What these simulations are intended to do, instead, is indicate the magnitude of the changes that were
already necessary even before COVID, relative to what we’ve seen so far this century. The bottom line is
that eliminating global learning poverty by 2030—or even some years after that—would require
unprecedented rates of improvement.

Implications for target-setting

Meaningful action to improve foundational skills requires evidence-based targets to focus policies and
operational engagement. The learning poverty indicator and this analysis can be used by policymakers
and external actors like the World Bank to inform such targets, and indeed that has already begun to
happen. Based on an early version of this analysis, the World Bank adopted the following target for its
operational work with low- and middle-income countries: “By 2030, reduce by at least half the share of
children who cannot read by age 10” (World Bank 2019). As shown above, this target can be attained
(starting from the 2015 global level) if all countries accelerate their progress to at least the 80th
percentile of the post-2000 distribution of spells of improvements. In other words, every country needs
to perform like a country that has cut learning poverty rapidly enough to place it among the top 20% of
improvers since 2000 (and at the same time, those that have exceeded that 80"-percentile rate need to
sustain their previous rates of progress).>®

It is important to note that while this target focuses on reducing the share of children with very low
performance in low- and middle-income countries, for most of these countries this will also mean an
improvement in their average performance. Evidence that in moving from very low mean performance
to at least middling levels of mean performance, countries do so mostly by significantly cutting down the
share of children at very low levels of performance. Policies to improve learning among lower-
performing schools and pupils (the “bulging tail” of the distribution) are required to improve learning
equitably and to reduce unfair inequality (Crouch and Rolleston 2017; Crouch, Rolleston, and Gustafsson
2020; Mullis et al 2016).

A final point is that the COVID-19 pandemic has made the challenge greater. Although we do not yet
have any learning data for 2020 from these comparable assessments, simulations suggest the school
closures and other shocks from the pandemic could increase the global learning poverty rate by up to 10
percentage points (Azevedo 2020). This shock could require revisiting learning targets and the policy
packages necessary to reach them. At the same time, some of the interventions that will likely be most
effective in reversing the learning losses caused by school closures could also lead the most rapid long-
term reductions in learning poverty (Kaffenberger 2020, World Bank 2020).

56 The 80t percentile rate is based on distribution of performance using the data available as of the writing of this paper. As
more temporally comparable data on learning poverty becomes available it will be critical to update these estimates, and revise
our expectations regarding the feasibility of halving learning poverty by 2030.

39



6. Conclusion

The learning poverty indicator presented in this paper is motivated by the urgent need to solve the
learning crisis in low- and middle-income countries, a need that is made even more urgent by the
COVID-19 shock. Rebuilding education systems, building countries” human capital, and advancing
toward the Sustainable Development Goals all require ensuring that all children acquire foundational
skills for life and work. The ability to read with comprehension is a fundamental skill that every
education system around the world strives to impart by late in primary school—generally by age 10.

The evidence presented in this paper adds to the considerable evidence that not only are many low- and
middle-income countries failing to meet the higher-level education goals, but they are also struggling to
impart these more basic foundational skills.

To highlight this problem and focus efforts to solve it, this paper has described in detail the learning
poverty indicator launched by UIS and the World Bank in 2019 and has quantified the extent of the
problem globally. Drawing on a dataset, newly assembled for this purpose, that covers 80% of children
in low- and middle-income countries, this paper has documented that about 53% of all children in low-
and middle-income countries cannot read age-appropriate material by age 10. In other words, more
than half of the children in the world suffer from learning poverty.

We have also presented the most comprehensive rigorous estimates of historical progress in reducing
learning poverty in low- and middle-income countries. Our estimates reveal that at the 2000-2017 rate
of improvement, the learning poverty rate would fall only to 44% by 2030. An early version of this paper
therefore inspired a new medium-term target to guide the World Bank’s work in low- and middle-
income countries: cut learning poverty by at least half by 2030. Starting at the 53% rate estimated for
2015, this target would be attainable if all countries match the 80" percentile of historical performance
in their regions, which meant more than doubling the rate of progress globally. Further analysis
presented here has shown that the learning poverty indicator, although simple in design, is robust and is
highly correlated with metrics of learning covering other age groups. In addition, we have presented
disaggregated analysis of Learning poverty along gender and regional dimensions.

In the wake of COVID-19, the global learning poverty rate is doubtless even higher than it was in 2015,

and as a result the acceleration in learning and schooling improvement needed to halve it will be even

greater. We hope that countries will be able to use this indicator to galvanize action and track progress
as they recover from the pandemic.
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Annexes

Annex 1: Validity of reading as a proxy for other foundational skills

One argument for focusing on foundational literacy via the learning poverty indicator is that it can serve
as an easily understood proxy for success in building other foundational skills, particularly at the level of
the educational system. If it proves to be a good proxy, then low learning poverty rates can be a marker
of the health of the education system—in the same way that low rates of child stunting are a marker of
healthy early childhood development. The theory behind this is that systems that ensure that all
children can read are likely to succeed in helping them learn other subjects as well. The data bear this
out: across countries and schools, proficiency rates in reading are highly correlated with proficiency in
other subjects in the same grades (Table 12). For example, the correlation between a country’s reading
score on the Progress in International Reading Literacy Study (PIRLS) assessment and its TIMSS math
score is 0.92, and the cross-subject correlations within other assessments are strong too, ranging from
0.87 to 0.97 at the municipality and school levels. On the OECD PISA assessments of 15-year-olds, the
cross-country correlation between reading scores on math or science remains high, even after
controlling for socio-economic status. At the student level, this correlation unsurprisingly weakens
significantly, as shown in the last column of Table 12; still, it remains strongly positive in all of the tests
summarized here, at between 0.561 and 0.895. Beyond these correlations with other cognitive scores,
evidence shows that higher levels and earlier development of language and reading skills is associated
with early development of a child’s self-regulation, a fundamental socioemotional skill (Skibbe et al.,
2019).

Table 12 Correlation of reading scores with math and science scores by assessment and level of aggregation

Subject Country Municipality School Student

PIRLS-TIMSS Math 0.923

(4th grade) Science 0.965

LLECE Math 0.904 0.867 0.561
(6th grade) Science 0.942 0.869 0.587
PISA-D Math 0.939 0.936 0.818
(15-year-olds) Science 0.974 0.958 0.868
PISA Math 0.949 0.939 0.851
(15-year-olds) Science 0.978 0.971 0.895
BRAZIL (5th grade) Math 0.962 0.943 0.725
(9th grade) Math 0.937 0.907 0.672

Source: Authors’ calculations using the Global Learning Assessment Database.

Note: Correlations computed by Grade. The top row shows the country-level correlation between scores on the Latin American Laboratory for
Assessment of the Quality of Education (LLECE), Program for International Student Assessment (PISA), and PISA for Development (PISA-D), the
figure shows the correlation between reading and math/science scores within the given assessment. Correlations between scores on Progress
in International Reading Literacy Study (PIRLS) literacy and Trends in International Mathematics and Science Study (TIMSS) math/science
assessments are at the country level. In the case of Brazil, results for Prova Brasil were used. The table shows the correlation between reading
and math/science scores within the given assessment.
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Table 13 Relationship between reading and math proficiency (PISA)

Model 1 Model 2 Model 3 Model 4 Model 1 Model 2 Model 3 Model 4
No weights
Math 0.854***  (.833*** 0.829*** 0.838***
(0.027) (0.038) (0.038) (0.036)
Science 0.963*** 0.934***  (0.935*** 0.936***
(0.021) (0.029) (0.029) (0.029)
R2-Adj 0.891 0.910 0.913 0.914 0.937 0.945 0.948 0.947
N 417 417 417 412 420 420 420 415
Weighted
Math 0.891***  (0.893*** 0.886*** 0.892***
(0.029) (0.046) (0.044) (0.045)
Science 0.985*** 0.973***  0.974*** 0.975***
(0.025) (0.031) (0.030) (0.030)
R2-Adj 0.886 0.908 0.911 0.912 0.945 0.955 0.957 0.957
N 417 417 417 412 420 420 420 415

Source: Authors’ calculations using the Global Learning Assessment Database (PISA) and WDI data.
Notes: Model 1: no controls; Model 2: region and income level; Model 3: Model 2 + temporal fixed effect; and Model 4: Model 3 + GDP
per capita. * p<0.05, ** p<0.01, *** p<0.001; for details on these calculations, please see https://github.com/worldbank/learningpoverty
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Annex 2 PIRLS and TIMMS temporal comparability

Table 14 Non-comparable spells in PIRLS and TIMMS

Country Assessment N Non comparable spells

Israel PIRLS 4 2001-2011, 2001-2016, 2006-2011, 2006-2016
Morocco PIRLS 4 2001-2011, 2001-2016, 2006-2011, 2006-2016
Poland PIRLS 2 2006-2016, 2011-2016

Qatar PIRLS 2 2006-2011, 2006-2016

South Africa PIRLS 3 2006-2011, 2006-2016, 2011-2016

Armenia TIMSS 4 2003-2007, 2007-2011, 2007-2015, 2011-2015
Kazakhstan TIMSS 2 2007-2011, 2007-2015

Kuwait TIMSS 2 2007-2011, 2007-2015

Morocco TIMSS 4 2003-2011, 2003-2015, 2007-2011, 2007-2015
Poland TIMSS 1 2011-2015

Qatar TIMSS 2 2007-2011, 2007-2015

Yemen TIMSS 2 2003-2007

Total 32

Source: PIRLS and TIMMS documentation, by the International Association for the Evaluation of Educational Achievement (IEA).

Note: Temporal comparability is impaired in these cases due to sampling and/or implementation differences.
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Annex 3. Learning assessment population coverage

Table 15 Population and country coverage by country groups, latest available learning assessment

All Countries

Low- and Middle-Income Countries*

N N Population Population N N Population Population
countries countries with data Coverage countries  countries with data Coverage
Country Group with data total (millions) (%) with data total (millions) (%)
Overall 116 217 515 84.2 74 144 454 82.9
East Asia and 15 37 140 93.8 8 23 130 94.7
Pacific
Europe and 39 58 45 89.7 15 23 22 825
Central Asia
Latin American 19 42 48 89.2 18 30 48 89.6
< and Caribbean
2 Middle East
& and North 15 21 29 79.2 7 12 25 77.8
Africa
North America 23 100.0 N/A N/A N/A N/A
South Asia 8 171 98.1 5 8 171 938.1
Sub-Saharan 21 48 58 468 21 48 58 46.8
Africa
High income 47 79 64 98.6 6 10 4 99.7
o .
g Upper middie 33 60 166 94.1 32 58 165 94.1
o Income
2 .
g Lowermiddie 23 47 233 80.7 23 46 233 80.8
k= Income
Low income 13 31 51 63.3 13 30 51 64.8
) Part1 42 73 61 94.9 N/A N/A N/A N/A
S IBRD 47 68 352 95.9 47 68 352 95.9
Q
— IDA/Blend 27 76 102 56.5 27 76 102 56.5

Source: Authors’ calculations using the Global Learning Assessment Database; and UN Population numbers.

Note: Data includes assessments since 2000 (See Table 3 for assessments within the preferred reporting window only); Population coverage

considering share of 10- to 14-year-olds in countries with assessment data; Regions: East Asia and Pacific (EAP), Europe and Central Asia (ECA),
Latin American and Caribbean (LAC), Middle East and North Africa (MNA), North America (NAC), South Asia (SAR), and Sub-Saharan Africa (SSA);

Lending Categories: International Development Association (IDA); International Bank for Reconstruction and Development (IBRD); and IDA-
eligible based on per capita income levels and are also creditworthy for some IBRD borrowing (Blend). (*) Low- and Middle-Income countries

refers to World Bank client countries and include high-income IBRD clients.
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Annex 4. Out-of-school children (enrollment)

Enrollment Data Selection

Enrollment is the share of children in a specific age group that is attending school. We use Adjusted Net
Enrollment Rate, defined as the total number of students in the official primary school age group who
are enrolled in primary or secondary education, expressed as a percentage of the corresponding
population.

General rules

Initial Source: World Bank (WB Open Data), UIS (UNESCO Institute of Statistics), and other sources
suggested by World Bank regional or country teams.

To fill in missing values: Step function used, and data filled in with the value of the closest year. If there
are data available for two years equally close to the year to fill, the older value is used.

For some countries, despite filling the missing values, the values for adjusted net enroliment rates are
still missing. To obtain enrollment rates, we follow this hierarchy:

Adjusted net enrollment rate (ANER)

Total net enrollment rate (TNER)

Gross enrollment rate (GER)

Gross enrollment rate capped at 100%: if the gross enroliment rate is higher than 100%, it is
adjusted to be 100%.

5. Household Survey

PwnN e

Table 16 Source of Enrollment Data

Type of enrollment indicator Freg. Percent
Adjusted net enrollment rate (ANER) 108 93%
Country Team Validation 4 3%
GER (capped at 100%) 2 2%
Gross Enrollment Rate (GER) 1 1%
Household survey 1 1%
Total 116 100%

When we implement this hierarchy, gross net enrollment rate is used for Austria, Czech Republic and

Slovak Republic. For Austria and Czech Republic, the enrollment values appear as 100 percent due to the
cap on gross enrollment rates. For Afghanistan, we used national household survey data. For China, Cote
d’Ivoire, Costa Rica, and Moldova, we used national sources based on the validation discussions with the

relevant World Bank country teams.
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Annex 5. Population numbers and projections

The population data used in our estimates can be found at HealthStats’ Population Estimates and
Projection database from the World Bank,*” under the indicator codes SP.POP.1014.MA and
SP.POP.1014.FE. These aggregates use a 5-year age group population calculated to be consistent with
World Bank’s total population data but follow the gender and age distribution the United Nations
Populations Division (UNPD). About 30% of World Bank’s total population data come from country
sources, and about 70% of them come from UNPD.

The population projections from 2015 to 2030 follow the UNPD estimates and projections (2017
Revision), prepared by the Population Division of the Department of Economic and Social Affairs of the
United Nations Secretariat. The 2017 Revision is the twenty-fifth round of global population estimates
and projections produced by the Population Division since 1951. The detailed description of the
methodology for preparing country estimates, including the assumptions that were used to project
fertility, mortality and international migration up to the year 2100, can be found on the website of the
Population Division.>® This paper uses the 10-14 age group UN Population Division’s “medium-variant
projection.”>®

The single-year age population numbers (for example, Age population, age 10, male, interpolated; Age
population, age 10, female, interpolated; Age population, age 14, male, interpolated; Age population,
age 14, female, interpolated) were taken directly from UNPD data (not as percentages, rather absolute
numbers).

Table 17 Population age 10-14 by region and income classifications (Year = 2015)

2015 Population age 10-14 (in millions)

Region \ Income Level High income Upper-middle income Low-middle income Low income Total
East Asia and Pacific 10 88 49 2 149
Europe and Central Asia 25 19 5 1 51
Latin America and Caribbean 2 47 3 1 54
Middle East and North Africa 4 15 13 5 37
North America 23 0 0 0 23
South Asia 0 2 165 8 175
Sub-Saharan Africa 0 6 53 64 123
Global 65 177 289 81 612

Source: Authors’ calculations using UN Population numbers and World Bank income level classification FY2020.

57 Available at https://databank.worldbank.org/data/source/health-nutrition-and-population-statistics:-population-estimates-
and-projections#

58 www.unpopulation.org. See also https://esa.un.org/unpd/wpp/Graphs/Probabilistic/

59 For details, see https://population.un.org/wpp/Publications/Files/WPP2017 Methodology.pdf
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Annex 6. Validation with other learning datasets

Table 18 Weighted average and correlation of PISA and learning poverty country averages according to country groupings and

moving windows of PISA data (weighted)

Indicator (in percent) Rho
Temporal windows of PISA
varues in respect to LP SeLcc:)Vr\:ZZry srr::;::; sbG4.1.1c  SDG4.11c N
reference year LD LD LP oG fl 1b f;
(SDG 4.1.1c) (SDG 4.1.1b) o

3 to 5years 52.1 42.2 443 0.87 0.90 123
é 0 to 4 years 45.4 33.6 35.6 0.88 0.90 228
§ -3 to -5years 34.1 20.3 22.2 0.79 0.80 107

o
= -6 to -11 years 32.6 15.0 16.9 0.69 0.71 110
-11 or lower 15.3 34 4.6 0.14 0.33 28
@ g 3 to 5years 22.5 7.0 8.4 0.79 0.76 76
g ‘g 0 to 4 years 23.0 8.3 9.6 0.89 0.86 160
o g -3to0 -5 years 19.8 5.0 6.6 0.76 0.76 79
; g -6to -11 years 20.0 5.9 7.2 0.79 0.81 35
3= -11 or lower 14.9 3.5 4.5 0.27 0.42 26

Source: Authors’ calculations using the Global Learning Assessment Database and UIS Enroliment Data.
Note: All measures are country-weighted means; a negative window implies that the PISA data was collected prior to the Learning Poverty (LP)

and Learning Deprivation (LD) data.

Table 19 Correlation of early grade and end-of-primary scores

End of

Assessment Indicator Early Grade?! . ) Rho? N
Primary
w Mean Score 504.3 502.3 0.96 31
O
] LD, end of primary 504.3 56.7 -0.94 31
-
LD-Gap, end of primary 504.3 45.0 -0.85 31
o Mean Score 500.0 500.0 0.48 10
w
2 LD, end of primary 500.0 82.9 0.03 10
o
LD-Gap, end of primary 500.0 53.1 -0.72 10
o8%S Mean Score 485.8 497.2 0.63
285 i 0.53
< %2 LD, end of primary 485.8 81.8 .
-« LD-Gap, end of primary 485.8 54.8 -0.67 9

Source: Authors’ calculations using the Global Learning Assessment Database and UIS Enroliment Data.
Note: (1) Early Grade learning measures expressed in mean scores; (2) End-of-Primary learning measures expressed in mean score, Learning
Deprivation (LD), and Learning Deprivation Gap (LD-Gap); and (3) country-level pairwise correlation coefficient between Early Grade and End-
of-Primary learning indicators. The expected correlation between mean scores is positive, given that both indicators have the same directional

interpretation; the expected correlation between a mean score and a deprivation measure is negative, given the different directional

interpretation of the respective measures.
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Annex 7. Learning poverty levels and data sources, by country

Table 20 Country numbers

Schooling Learning Learning
Region deprivation  Deprivation Poverty
Code Country Name (SD, %) (LD, %) (LP, %) Assessment Assessment Year
EAP Australia 3.2 5.5 8.6 PIRLS 2016
EAP Cambodia 2.6 49.8 51.1 NLA 2013
EAP China 0.0 18.2 18.2 NLA 2016
EAP Hong Kong SAR, 1.9 14 3.2 PIRLS 2016
China
EAP Indonesia 2.4 33.8 35.4 PIRLS 2011
EAP Japan 1.2 1.0 2.2 TIMSS 2015
EAP Korea, Rep. 2.7 0.3 3.0 TIMSS 2015
EAP Macao SAR, China 1.3 2.4 3.7 PIRLS 2016
EAP Malaysia 14 11.7 12.9 NLA 2017
EAP New Zealand 1.5 10.0 114 PIRLS 2016
EAP Singapore 0.1 2.7 2.8 PIRLS 2016
EAP Thailand 2.0 21.9 235 TIMSS 2011
EAP Vietnam 0.6 1.1 1.7 NLA 2011
ECA Armenia 7.2 30.0 35.0 TIMSS 2015
ECA Austria 0.0 24 24 PIRLS 2016
ECA Azerbaijan 5.0 19.2 233 PIRLS 2016
ECA Belgium 13 5.1 6.4 PIRLS 2016
ECA Bulgaria 6.8 5.2 11.7 PIRLS 2016
ECA Croatia 3.0 1.0 4.0 PIRLS 2011
ECA Cyprus 2.2 14.3 16.2 TIMSS 2015
ECA Czech Republic 0.0 3.0 3.0 PIRLS 2016
ECA Denmark 1.0 2.6 3.6 PIRLS 2016
ECA Finland 0.9 1.7 2.6 PIRLS 2016
ECA France 0.9 6.3 7.1 PIRLS 2016
ECA Georgia 0.4 135 13.8 PIRLS 2016
ECA Germany 0.2 5.5 5.7 PIRLS 2016
ECA Hungary 3.1 2.9 5.9 PIRLS 2016
ECA Ireland 0.0 2.3 2.3 PIRLS 2016
ECA Italy 1.4 21 35 PIRLS 2016
ECA Kazakhstan 0.3 1.9 2.2 PIRLS 2016
ECA Kyrgyz Republic 1.9 63.8 64.5 NLA 2014
ECA Latvia 3.2 0.8 4.0 PIRLS 2016
ECA Lithuania 0.3 2.7 3.0 PIRLS 2016
ECA Netherlands 0.3 1.3 1.6 PIRLS 2016
ECA Norway 0.2 5.8 6.0 PIRLS 2016
ECA Poland 4.4 2.0 6.3 PIRLS 2016
ECA Portugal 3.6 3.0 6.5 PIRLS 2016
ECA Romania 6.9 141 20.0 PIRLS 2011
ECA Russian Federation 2.4 0.9 3.3 PIRLS 2016
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ECA
ECA
ECA
ECA
ECA
ECA
ECA
LAC
LAC
LAC
LAC
LAC
LAC
LAC
LAC
LAC
LAC
LAC
LAC
LAC
LAC

LAC

LAC
MNA
MNA
MNA
MNA
MNA
MNA
MNA
MNA
MNA
MNA
MNA
MNA

MNA

MNA
NAC
NAC
SAR
SAR
SAR
SAR
SAR

Serbia

Slovak Republic
Slovenia

Spain

Sweden

Turkey

United Kingdom
Argentina

Brazil

Chile

Colombia

Costa Rica
Dominican Republic
Ecuador
Guatemala
Honduras
Mexico
Nicaragua
Panama
Paraguay

Peru

Trinidad and
Tobago
Uruguay
Bahrain

Egypt, Arab Rep.
Iran, Islamic Rep.
Israel

Jordan

Kuwait

Malta

Morocco

Oman

Qatar

Saudi Arabia
Tunisia

United Arab
Emirates

Yemen, Rep.
Canada
United States
Afghanistan
Bangladesh
India
Pakistan

Sri Lanka

0.8
2.1
2.2
1.5
0.4
5.0
0.2
0.6
2.7
9.3
6.9
11
6.6
1.9
10.1
17.1
1.2
1.6
7.1
10.8
4.2

13

0.5
21
14
0.9
2.9
4.0
33
24
5.4
1.5
2.2
2.5
0.4

2.8

18.9
0.0
4.1

49.6
4.9
2.3

27.3
0.9

7.4
6.6
3.7
34
1.9
17.6
3.2
53.6
46.9
30.3
44.7
31.7
79.4
62.1
63.6
69.4
42.5
69.3
64.1
71.3
53.7

19.7

414
30.6
69.2
35.1
9.0
50.0
49.4
26.8
63.8
40.9
33.8
36.7
65.1

324

93.5
4.3
3.9

87.0

55.0

53.7

65.0

14.0

8.1
8.5
5.8
4.9
2.3
21.7
3.4
53.9
48.4
36.8
48.6
325
80.7
62.8
67.3
74.7
43.2
69.8
66.6
74.4
55.7

20.7

41.7
32.1
69.6
35.7
11.7
52.0
51.0
28.6
65.8
41.8
353
38.3
65.3

34.3

94.7
4.3
7.9

93.4

57.2

54.8

74.5

14.8

TIMSS
PIRLS
PIRLS
PIRLS
PIRLS

TIMSS
PIRLS
LLECE
LLECE
LLECE
LLECE
LLECE
LLECE
LLECE
LLECE
LLECE
LLECE
LLECE
LLECE
LLECE
LLECE

PIRLS

LLECE
PIRLS
PIRLS
PIRLS
PIRLS
TIMSS
PIRLS
PIRLS
PIRLS
PIRLS
PIRLS
PIRLS
TIMSS

PIRLS

TIMSS
PIRLS
PIRLS
NLA
NLA
NLA
NLA
NLA

2015
2016
2016
2016
2016
2015
2016
2013
2013
2013
2013
2013
2013
2013
2013
2013
2013
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SSA Benin 3.6 77.3 78.2 PASEC 2014
SSA Botswana 7.2 44.3 48.3 PIRLS 2011
SSA Burkina Faso 31.7 78.6 85.4 PASEC 2014
SSA Burundi 2.7 92.7 92.9 PASEC 2014
SSA Cameroon 5.2 75.9 77.2 PASEC 2014
SSA Chad 21.1 97.0 97.7 PASEC 2014
SSA Congo, Dem. Rep. 63.2 62.0 86.0 PASEC 2010
SSA Congo, Rep. 12.8 82.9 85.1 PASEC 2014
SSA Cote d'lvoire 21.1 77.6 823 PASEC 2014
SSA Ethiopia 14.0 88.7 90.3 NLA 2015
SSA Madagascar 219 95.8 96.7 PASEC 2015
SSA Mali 33.0 85.7 90.5 PASEC 2012
SSA Niger 38.9 97.9 98.7 PASEC 2014
SSA Senegal 25.7 65.2 74.1 PASEC 2014
SSA South Africa 8.4 77.9 79.8 PIRLS 2016
SSA Togo 8.5 84.2 85.6 PASEC 2014
SSA Uganda 9.0 81.1 82.8 NLA 2014

Source: Authors’ calculations using the Global Learning Assessment Database; and UIS Enroliment Data.
Note: Countries ordered alphabetically within regions; Only the latest assessment data since 2011 is reported for each country, with the
exception of Congo, Dem. Rep. which is from 2010.



Annex 8. Understanding the spells database

An important requirement for the simulations is to have good measurements of how reading proficiency
improved over the 2000-17 period. Calculating this rate of progress is even more challenging than
estimating levels, because of the lack of data and thresholds that are comparable over time. For any
individual country, there may be multiple estimates of proficiency rates available for the past 17 years,
but simply calculating progress using those estimates would be misleading. Often, those estimates are
based on data from different assessments—PIRLS and PASEC, for example. Although the equating
process described above aims to harmonize the proficiency levels across assessments to allow
calculation of proficiency levels, this process is too imprecise to be used for estimates of change over
time. Given that reductions in learning poverty are typically much smaller than the levels (for example,
1% annual improvement on a baseline of 50%), the noise introduced by mixing assessments is likely to
swamp the signal (the actual change in proficiency).

Drawing on our global database of learning poverty, which includes over 900 subject-specific national
measures of learning poverty, we construct a database of rates of change for each country only within
grade, subject, and assessments. For example, we calculate the improvement from PIRLS 2011 to PIRLS
2016, but do not estimate the change from PIRLS 2011 to LLECE 2013. We further restricted this
database to include only grades 4, 5, and 6 and only assessments of reading and science.® It is
important to note that 32 TIMMS and PIRLS spells have been removed due to lack of comparability over
time.%! In addition, because PASEC is not comparable over time (although it is comparable across
countries within a cycle), we do not use the data from PASEC. Although we do not use SACMEQ for
estimating global proficiency levels, given quality concerns about the latest round of SACMEQ, we do
use it in estimating changes over time, since earlier SACMEQ rounds are of sufficient quality. Lastly, we
restrict our sample to spells within the range of -4 to +4 annualized change in learning poverty,®? to use
measures that are robust to the presence of outliers in our simulation.

With these restrictions applied, our dataset yields 207 spells of change for 91 countries between 2000
and 2017. Table 21 shows the summary statistics of the spell database by assessment. For this paper, we
focus on the subset of observations from low- and middle-income countries. These additional filters
restrict our database further to a final number of 72 spells for 50 countries.

60 Jordan was the only country in which TIMSS math scores were used as a proxy for reading, since neither reading nor TIMSS
science scores are available.

61 Compiled from multiple PIRLS and TIMSS assessment documentation. Changes in the assessments meant that within
particular rounds the assessments were comparable across countries in the round, but not between rounds.

62 The spells outside the considered range and their respective values are SACMEQ 2007-2013 grade 6 for Zambia (4.3), Kenya
(4.6), Botswana (5.1), South Africa (5.9), Uganda (6.0), Malawi (6.3), Namibia (7.4) and Lesotho (7.5); TIMSS 2007-2011 grade 4
for Georgia (4.3); and TIMSS 2011-2015 grade 4 for Morocco (4.5).
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Table 21 Summary statistics of the annualized changes in learning poverty and initial condition by assessment

Annualized Change (p.p.) Initial conditions
Assessment mean p50 min max N mean p50 min max N
LLECE 0.77 0.62 -0.43 2.14 14 61.3 61.9 29.5 91.1 14
3 NLA -0.48 -0.48 -0.48 -0.48 1 57.2 57.2 57.2 57.2 1
g PIRLS 0.26 0.09 -3.96 3.34 95 14.0 7.1 0.8 80.4 95
o
© SACMEQ 1.48 1.10 -0.59 3.88 17 62.0 59.7 35.3 94.5 17
< TIMSS 0.37 0.29 -3.35 3.10 80 16.0 8.7 1.6 94.1 80
Total 0.43 0.21 -3.96 3.88 207 22.1 9.1 0.8 94.5 207
Cx LLECE 0.77 0.62 -0.43 2.14 14 61.3 61.9 29.5 91.1 14
% g NLA -0.48 -0.48 -0.48 -0.48 1 57.2 57.2 57.2 57.2 1
_20 § PIRLS 0.81 0.57 -2.25 3.34 23 28.2 23.0 37 80.4 23
% g SACMEQ 1.48 1.10 -0.59 3.88 17 62.0 59.7 35.3 94.5 17
§ § TIMSS 0.71 0.76 -2.73 3.10 17 35.9 27.7 4.8 94.1 17
B Total 0.92 0.66 -2.73 3.88 72 44.8 41.1 3.7 94.5 72

Source: Authors’ calculations using the Global Learning Assessment Database and UIS Enroliment Data.
Note: “Initial conditions” refers to the level of learning poverty at the beginning of each spell. (*) Low- and Middle-Income countries refers to
Part 2 countries, which are eligible to borrow from the World Bank Group and include high-income IBRD clients.

Table 22 shows the summary statistics of the spell database by region (excluding Part 1 countries), both
unweighted and weighted. In the latter, senate weights are used to ensure an equal contribution by
each of the countries in the sample of spells, for some countries have multiple spells. A few results stand
out. First, there is not enough coverage of sufficiently comparable cross-national assessment in two
regions, EAP and SAR. This is striking, given the population density of these regions. Second, for most
regions, the distribution of spells is relatively well behaved. It is also important to highlight the range of
initial conditions that our spell database covers: poverty rates at the start of the spells range from very
low (4%) to very high (91%). In designing the simulations, it will be important to account for both of
these features of the data.
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Table 22 Summary statistics of the annualized changes in learning poverty and initial condition by region, low- and middle-
income countries (weighted and unweighted)

Annualized Change (p.p.) Initial conditions

Assessment mean p50 min max N mean p50 min  max N

East Asia and Pacific 1 1

Europe and Central As|a 0.62 0.57 ‘0.86 3.10 23 16.9 13.4 3.7 43.9 23

:00_,) Latin American and Caribbean 0.88 0.62 -043 334 18 54.6 52.8 222 911 18
ey

Z_JD Middle East and North Africa 0.73 1.03 -2.73 3.30 12 58.1 60.6 24.4 94.1 12
2

S South Asia 1 1

Sub-Saharan Africa 1.48 1.10 -0.59 3.88 17 62.0 59.7 353 945 17

Total 0.92 066 -2.73 388 72 44.8 41.1 3.7 945 72

East Asia and Pacific 1 1

Europe and Central Asia 0.74 068 -0.86 3.10 23 20.1 17.3 3.7 439 23

:ch Lat|n American and Caribbean 084 062 '043 334 18 582 555 222 911 18

_-ED Middle East and North Africa 0.57 0.36 -2.73 3.30 12 70.2 73.5 24.4 94.1 12
(V]

= South Asia 1 1

Sub-Saharan Africa 1.29 0.92 -0.59 3.88 17 65.9 66.7 35.3 94.5 17

Total 0.93 064 -2.73 388 72 50.9 52.0 3.7 945 72

Source: Authors’ calculations using the Global Learning Assessment Database and UIS Enroliment Data

Note: “Initial conditions” refers to the level of learning poverty at the beginning of each spell. In the cases of EAP and SAR (which have only 1
spell each), their single spells were used in the global distribution of spells, but they were not used as representative of that particular region.
The weighted panel uses senate weights to ensure an equal contribution by each of the countries in the sample of spells.

Simulation robustness checks

The main simulation results, presented in Table 12, used spells by region as a basis for projected growth.
As a robustness check, we present analogous simulation results using spells by income level (Table 23)
and by initial learning poverty rate (Table 24).

Table 23 Learning poverty rates in 2030 under two scenarios (alternative simulation using spells by income level)

Population

(millions) Learning Poverty (%) Share of Global Learning-Poor (%)
Region 2015 2030 2015 2030 2030 2015 2030 2030

Base BaU High Base BaU High

Europe and Central 32 13.3 3.2 0.8 1.2 0.4 0.1
Asia
Latin Americanand g5 51 50.8 39.4 22.8 9.4 7.4 6.7
Caribbean
Middle East and
North Africa 33 44 63.3 51.2 29.4 7.1 8.3 7.5
South Asia 175 167 58.2 45.4 19.5 35.2 28.0 18.9
Overall 548 602 52.7 45.0 28.5 100.0 100.0 100.0

Note: Business as Usual (BaU) scenario uses country-specific growth rates; for countries with no spells, the income level average was used. High
scenario considers the rate of improvement equal to the group’s 80" percentile. All figures consider only Part 2 countries.
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Source: Authors’ calculations using the Global Learning Assessment Database; UIS Enroliment Data; and UN Population numbers.

Table 24 Learning poverty rates in 2030 under two scenarios (alternative simulation using spells by initial learning poverty)

Population

(millions) Learning Poverty (%) Share of Learning Poor (%)
Region 2015 2030 2015 2030 2030 2015 2030 2030

Base BaU High Base BaU High

Europe and Central 27 32 133 3.4 18 12 0.4 03
Asia
Latin American and 53 51 50.8 39.6 19.7 9.4 7.4 5.8
Caribbean
Middle East and 33 44 63.3 54.4 33.4 7.1 8.8 8.6
North Africa
South Asia 175 167 58.2 51.2 26.4 35.2 31.8 25.8
Sub-Saharan Africa 123 171 86.7 75.2 57.4 37.0 47.7 57.5
Overall 548 602 52.7 44.8 28.3 100.0 100.0 100.0

Note: Business as Usual (BaU) scenario uses country-specific growth rates; for countries with no spells, the average of countries within the
same initial learning poverty level was used. High scenario considers the rate of improvement equal to the group’s 80t percentile. All figures
consider only Part 2 countries in the World Bank classification.

Source: Authors’ calculations using the Global Learning Assessment Database; UIS Enrollment Data; and UN Population numbers.

Annex 9. Calculation of standard errors

At the country level, learning poverty is a weighted sum of two indicators: the share of children in
school who are below a minimum proficiency threshold (learning deprivation) and the share of out-of-
school children (schooling deprivation). The first indicator is estimated using sample-based learning
assessments, while the latter is estimated in virtually all cases using administrative records from national
Education Management Information System and the population census. Both measures have an
associated error term, but they are of a very different nature.

Our learning data is sample-based, and as such its error term reflects the sampling error and the
psychometric procedure used to estimate the latent learning variable (for more details, see Jerrim et al
2017 on inference of learning data, taking into consideration both its complex survey design and the use
of plausible values). By contrast, our out-of-school measure is a population measure estimated using
administrative records and census data, and therefore does not have a sampling error. Both measures,
however, are also affected by non-sampling error, such as questionnaire or measurement error,
implementation challenges, and behavior effects. Unfortunately, we have no way to capture this non-
sampling error; hence we use bootstrap for error propagation of the sampling error associated with our
learning measure.

Using our student-level assessment microdata, we form an indicator for whether each student is above
the minimum proficiency level defined above and estimate the mean to produce the proportion
proficient in each country, along with the standard error of that mean estimate for each country-year-
assessment combination. Applying the Central Limit Theorem, which can be justified because the
assessment databases typically contain several hundred student observations, our estimator of the
proportion above minimum proficiency in each country follows an asymptotically Normal distribution.
To produce standard errors for our final numbers, which are based on these country-year-assessment-
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level proficiency numbers, we take 100 bootstrap random draws of our country-year-assessment-level
proficiency database; for these draws, each individual observation in our database is drawn from the
Normal distribution whose mean is equal to our estimate of the proportion minimally proficient and
whose variance is the squared standard error of that estimated proportion. Then our final global and
regional numbers are calculated in each of these 100 bootstrap simulated databases, and our standard
error is the standard deviation of our estimate across those 100 bootstrap datasets.

As discussed, our enrollment numbers, which also feed into our learning poverty measure, are
population measures based on administrative records without an associated sampling error. We
acknowledge that this indicator might suffer from non-sampling errors, which can lead to inaccurate
counts of students enrolled in schools. Non-sampling errors affect both of our measures, as they have a
direct impact on the out-of-school measure, and an indirect effect in our learning estimates as they
impact the sample frame. These types of misreporting errors are difficult to account for, and we are
unable to incorporate this type of error into our standard error calculations. We acknowledge this as a
limitation.

Special Cases for Standard Error Calculations

In some cases, where we are using country-year observations based on national assessments, we do not
have a standard error associated with this observation. When no standard error is available, we use a
value of 1.2%, which is approximately the median standard error across all country-year-assessment
combinations used.
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Annex 10. The need to improve learning data for learning poverty estimates

In statistics, quality used to be associated primarily with accuracy. It is now recognized that there are
other important dimensions in data quality. Even if data are accurate, they do not have sufficient quality
if they are produced too late to be useful, or cannot be easily accessed, or conflict with other credible
data. Therefore, quality is increasingly approached as a multi-dimensional concept.®

In the main text, Table 2 and the accompanying section describe the substantial data quality gaps.

Filling these gaps is an important step toward improving the overall quality of learning poverty statistics,
and require tackling significant problems in terms of data availability (existence), relevance, accessibility,
timeliness, and comparability both across countries and over time.

A first critical aspect is the lack of availability or existence of learning data and low- and middle-income
countries with a sufficient periodicity, or even temporal regularity. Several low-income countries have
never measured learning (or not measured it in the last 10 years), as their participation in cross-national
programs is in some cases irregular, or even non-existent. The rigidities imposed by cross-national
assessments also do not help. Going forward, it will be critical to continue to promote the production of
new learning assessments and to increase the flexibility of existing programs.

To be policy-relevant, learning data must meet users' needs. Relevance requires the identification of
users and their expectations. It is often the case that users of learning data are too narrowly defined,
and as a consequence, many users and policy questions are not recognized and end up not being served.

Another critical data quality aspect is accessibility. Data have the most value when they are easily
accessible by users, are available in the form users desire, and are adequately documented (with
"metadata" appropriate for the type of user). Currently, 12 countries are represented in the learning-
poverty dataset through their respective National Learning Assessments (NLAs). Many other countries
have national assessments, and the number will likely increase as countries strengthen their national
systems and take greater ownership of the learning assessment process. But unlike data from cross-
national assessments, the micro- and meta-data from these national assessments is often not
accessible; instead, at best only aggregate results are reported, often without sufficient breakdowns and
lack of sufficient documentation. This will need to change if we are to include as many countries as
possible in the learning poverty estimates.

A fourth critical aspect, beyond availability, relevance and accessibility, is timeliness. Currently most
cross-national learning assessments take two to three years to go from data collection to dissemination.
By contrast, in the case of surveys of monetary poverty and labor-force surveys, several national offices
of statistics are now able to collect and disseminate data within just 3 to 6 months. Agile, timely
production of learning data should therefore be a priority.

A fifth issue is grade comparability across countries and more importantly within countries. While most
rich countries assess their learners at Grade 4, low- and middle-income countries tend to be less
consistent and evaluate more of their learners at a later grade, such as 5 or 6 (see Table 25). Moreover,
some countries participate in different cross-national assessments; this gives them information on

53 The International Organization for Standardization (ISO 8402) defines quality as follows: “Quality is the totality of features or
characteristics of a product or service that bear on its ability to satisfy stated or implied needs of customers.” For a summary of
how different international organizations define dimensions of statistical quality, please see Vries (2002).
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learning outcomes at different grades at each point in time, but it prevents them from using these for
comparisons and for tracking progress to inform policies and programs. For example, Chile and
Colombia participated in LLECE (which assesses learners in Grade 6) in 2013 and in PIRLS (Grade 4) in
2016, but these assessments cannot be used to provide information on changes in learning between
2013 and 2016. In 2011, Honduras applied the PIRLS assessment, but did it by sampling Grade 6
students. As consequence, these results are noncomparable to those of other PIRLS countries, which
applied the assessment in Grade 4. And because the PIRLS questions were different, results were also
inconsistent with Honduras’ LLECE Grade 6 assessment from 2006 and 2013.

Table 25 Assessment comparability in terms of grade assessed, by income level

Number of Countries by Grade Population Distribution by Grade (%)
Low- and Low- and
High-Income Middle- All High-Income Middle- All
Countries Income Countries Countries Income Countries
Grade Countries Countries
4 37 21 58 94 38 54
5 4 1 5 6 13 11
6 0 28 28 0 49 35
Total 41 50 91 100 100 100

Source: Authors’ calculations using the Global Learning Assessment Database; and UN Population numbers.

Notes: Due to lack of comparability over time, based on documentation by International Association for the Evaluation of Educational
Achievement (IEA), 32 TIMMS and PIRLS spells have been removed. PASEC is not comparable over time, although it is comparable across
countries within a cycle. For LLECE, the TERCE-SERCE scale is used to ensure comparability; otherwise, those spells would also have to be
removed.

The lack of temporal comparability of assessments and scales over time within many countries makes it
impossible for those countries to monitor progress on student learning. Even between rounds of a given
assessment, there is often a challenge of comparability. Using the cross-national assessment data from
the past 20 years, we are able to track 219 episodes of measured changes in learning for end-of-primary
students. But most of these are for high-income countries; for low- and middle-income countries, the
number is only 72 episodes, after excluding outliers (see Table 26). This limitation reflects the sparsity of
the data, as assessment cycles follow five- to seven-year intervals or have been entirely irregular.
Moreover, some cross-national assessment programs make significant changes in their scales between
rounds or have even adopted instruments designed only for cross-national comparison within rounds.
This challenge is even worse in the context of National Learning Assessments, which are designed to
reflect national curricula that are often subject to change.
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Table 26 Temporal comparability within assessments

All Countries Low- and Middle-Income Countries*
Assessment all spells without outliers all spells without outliers
LLECE 14 14 14 14
NLA 1 1 1 1
PASEC 0 0 0 0
PIRLS 95 95 23 23
SACMEQ 25 17 25 17
TIMSS 83 80 19 17
Total 218 207 82 72

Source: Authors’ calculations using the Global Learning Assessment Database.

Notes: Due to lack of comparability over time, based on existing documentation by International Association for the Evaluation of Educational
Achievement (IEA), 32 TIMMS and PIRLS spells have been removed. PASEC is not comparable over time, although it is comparable across
countries within a cycle. Spells indicating decrease in learning poverty greater than 4 percentage points per year or increase greater than 4
percentage points per year were considered outliers. For LLECE, the TERCE-SERCE scale is used to ensure comparability; otherwise, those spells
would also have to be removed. (*) Low- and Middle-Income countries refers to Part 2 countries, which are eligible to borrow from the World
Bank Group and include high-income IBRD clients. See Table 3 for the number of countries per classification.

While this discussion has focused on the end-of-primary reading assessments required for our learning
poverty measure, these data issues are often magnified in other cross-national and national
assessments that assess different grades and subjects. Data on enrollment and administrative records
also need improvement. In some cases, there are substantial discrepancies between administrative
records and household surveys, and these differences are poorly understood.

The picture that emerges from this brief analysis is one of a highly fragmented system of education data,
with significant variance across regions over time and within countries, in terms of coverage,
comparability, and frequency—corroborating the findings from UIS 2019, which points to similar
weaknesses. It will be important to make sure that learning data and administrative records from line
ministries such as education are included in the minimum data package of any state-building or
capacity-strengthening initiative, with particular effort to strengthen country data systems in Sub-
Saharan African and fragile and conflict-affected states. To fill these data gaps and make better use of
available data will require innovative implementation modalities and better coordination among
development partners.
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Annex 11. Scientific reproducibility and GitHub repository

To ensure the full replication and documentation of this work, all code required to reproduce the
numbers of this paper are stored in two public World Bank GitHub repositories. The Global Learning
Assessment Database (GLAD) Repo assembles the microdata harmonization of all learning assessments
used in this paper, and the Learning Poverty Repo documents the construction of the learning poverty
indicator, the spells database, the simulations, and all tables used in this paper.
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