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Human capital—that s, resources associated with the knowledge and skills of
individuals—is a critical component of economic development*2 Learning metrics
that are comparable for countries globally are necessary to understand and track the
formation of human capital. The increasing use of international achievement tests is
animportant step in this direction®. However, such tests are administered primarily in

developed countries*, limiting our ability to analyse learning patterns in developing
countries that may have the most to gain from the formation of human capital. Here
we bridge this gap by constructing a globally comparable database of 164 countries
from 2000 to 2017. The data represent 98% of the global population and developing
economies comprise two-thirds of theincluded countries. Using this dataset, we show
that global progressin learning—a priority Sustainable Development Goal—has been
limited, despite increasing enrolment in primary and secondary education. Using an
accounting exercise that includes a direct measure of schooling quality, we estimate
that the role of human capital in explaining income differences across countries
ranges from afifth to half; this result has an intermediate position in the wide range of
estimates provided in earlier papers in the literature®**, Moreover, we show that
average estimates mask considerable heterogeneity associated with income grouping
across countries and regions. This heterogeneity highlights the importance of
including countries at various stages of economic development when analysing the
role of human capital in economic development. Finally, we show that our database
provides ameasure of human capital that is more closely associated with economic
growth than current measures that are included in the Penn world tables version 9.0*
and the human development index of the United Nations®.

The notion of human capital was mentioned as early as in 1776 and
formalized two centuries later”. Ever since, researchers have explored
the role of human capital ineconomic development. For decades, stud-
ies used measures of schooling as a proxy for human capital®2°. This
applies even to the most prominent index of human capital to date,
the United Nation’s human development index (HDI).

However, using schooling as a proxy for human capital assumes that
being in school translates to learning. Evidence suggests that this is
often not the case?. A recent analysis reveals that six out of ten ado-
lescent individuals worldwide cannot meet basic proficiency levels
in mathematics and reading®. The gap between schooling and learn-
ing is acute in developing countries. In Kenya, Tanzania and Uganda,
three-quarters of the studentsin grade 3 cannot read abasic sentence
such as ‘the name of the dog is Puppy.”. In rural India, half of the stu-
dents in grade 3 cannot solve a two-digit subtraction problem (such
as46-17).

These data from previous studies demonstrate a substantial gap
in the formation of human capital: students are in school, but do not
learn enough. Closing this gap is an important priority for economic

development. Several studies have suggested that when human capital
ismeasured by schooling, it does not deliver the returns predicted by
growth models. However, when measured by learning, human capital
is more strongly associated with growth>?%,

To date, much of the effort to measure learning has focused on
high-income countries. This limitation is due to the absence of com-
parable measures of learning in low- and middle-income countries.
Existing measures exclude a considerable portion of the global dis-
tribution, in particular countries with the most potential to gain from
the accumulation of human capital.

In this Article we bridge this gap. We introduce a database of glob-
ally comparable learning outcomes for 164 countries covering 98% of
the global populationfrom2000 to2017. Thisis one of the largest and
most-current global learning databases, one of the first to disaggregate
learning results by gender and to introduce methodologicalimprove-
mentssuchastheinclusion of standard errors to quantify uncertainty
around mean scores. The database, referred to as the Harmonized
Learning Outcomes (HLO) database, is available for public use and
updates are expected every 2 to 3 years as new learning data become
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Fig.1| Averagelearning (2000-2017). Learning scores are calculated from
our HLO database as averages for a given country across subjects and levels
over the time period 2000-2017. The numbersinthelegend are the lowest and
highestaverage HLO learning scores when averaged over the time period
2000-2017. Average scores by region are as follows: East Asia and Pacific (445),
Europe and Central Asia (489), Latin America and the Caribbean (402), Middle
Eastand North Africa (399), North America (529), sub-Saharan Africa (342) and
South Asia (335). A few trends emerge: sub-Saharan African regions lag behind
allregions apart from South Asia, with countries suchas India (368) performing

available (see ‘Data availability’in Methods). A large-scale effort to
track the formation of human capital using this database is the World
Bank’s new human capital index®.

Of note, throughout this Article, we use the term ‘schooling’ when
referring to the average years of schooling or average enrolment rates
of acountry at specific schooling levels. We use the term ‘learning’ when
referring to the stock of basic cognitive skills, including mathematics,
reading and science, as measured by standardized tests conducted
inschool.

HLO database

The database was produced through alarge-scale effort by the World
Bank toidentify, collect and collate student assessment data worldwide.
Weinclude seven assessment regimesintotal: three international tests,
three regional standardized achievement tests and the Early Grade
Reading Assessment, which adds 48 countries to the database with at
least one data point in the past 10 years, including large developing
economies such as Bangladesh, Nigeria and Pakistan. Each test covers
between 10 and 72 countries. By combining these assessments and
making them comparable, we include countries that represent 98%
of the global population. A detailed description of the methodology
that we use to develop harmonized learning measures as well as all
dataincluded in the database are provided in the Methods and Sup-
plementary Information I1.

The database includes mean scores as well as standard errors for
eachmeasure, inanattempt to quantify uncertainty. Scores are disag-
gregated by schooling level (primary and secondary), subject (reading,
mathematics and science) and gender (male and female). We include
year-by-year data. We do not extend the time series before 2000 as the
quality of the datais low for the period before 2000.

The coverage and detail of the database is described further in
Extended Data Table 1and the Supplementary Information. The data-
base includes 2,023 country-year observations from 2000 to 2017
(Extended Data Table1). Disaggregation by gender is available for 98.5%
of observations. Latin America and the Caribbean and sub-Saharan
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on par with lower-performing sub-Saharan African countries such as Uganda
(369); withinsub-Saharan Africa, afew countries such as Kenya (444) and
Tanzania (416) lead, on par with many countriesin Latin Americasuch as Mexico
(435); within Latin America, afew countries such as Chile (449) lead compared
withsome European counterparts such as Georgia (437); the Middle East
performssimilarly or worse than Latin America (as shown insummarized
scores by region); many Asian countries outperformNorth Americanand
Europeanregions (for example,Japan (553) relative to the United States (521)).

Africamake up 21% of all available data. Additional descriptive statistics
are provided in Supplementary Information IA.

Our methodology uses the expansion of international assessments
to construct globally comparable learning outcomes. These tests are
derived fromassessments conducted in the USA since the 1960s, such
as the Scholastic Achievement Tests (SATs) and the National Assess-
ment of Educational Progress (NAEP). The tests are psychometrically
designed, standardized assessments of cognitive skills. Since the
1990s, international assessments have been conducted by organiza-
tions such as the The Organisation for Economic Co-operation and
Development (OECD). Two high-profile examples are the Programme
for International Student Assessment (PISA) and the Trends in Interna-
tional Mathematics and Science Study (TIMSS), which covered 71 and
65 countries, respectively,in 2015. These assessments enable credible
global comparisons of learning across countries and over time. How-
ever, to date most analyses of these assessments cover few developing
countries**%,

Weinclude 164 countries, two-thirds of which are developing coun-
tries, by linking international assessments to their regional counter-
parts. Regional assessments cover much of sub-Saharan Africaand
Latin America but have often been excluded from international com-
parisons. We convert aregional test score to aninternational test score
within subjects (mathematics, reading and science) and schooling
levels (primary and secondary) and within adjacent years. By including
tests across the same testing round and at the disaggregated school-
ing and subject level, this method minimizes the likelihood that test
differences are afunction of time, proficiency, schooling level or data
availability. We then apply this conversion toacountry that participates
inaregional testbut notaninternational test to produce acomparable
score (referred toasaHLO in the database). Mean scores are also calcu-
lated for disaggregated groups—for example, scores were calculated
foreach gender. The detailed methodology is described in the Methods
and Supplementary Information II.

By constructing a conversion method across tests between interna-
tional and regional assessments, we quantify the difference between
tests, adjust for this difference and place learning outcomes from
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Fig.2|Enrolment versus learning by region, conditional on country-fixed
effects.a, b, We have 72 countries with datain primary school with atleast two
data points for the analysed time period (2000-2015) for enrolment (a) and
learning (b). Estimates are calculated controlling for country-fixed effects
using multivariate regression by region. For eachregionand outcomey
(primary enrolment and learning), we estimate the following specification:
Y0 = a’+B't+8 +¢L, wheretrepresentsthe year and 8 represents a vector of
dummy variables for each country cinagivenregionr. On the basis of this

regional assessments onaglobal scale. For a high-performance bench-
mark, we use the TIMSS benchmark of 625. For the low-performance
benchmark, we use 300, which is the equivalent on the HLO scale of
the minimum benchmarks for regional assessments such as The Labo-
ratorio Latinoamericano de Evaluacion de la Calidad de la Educacion
(Latin-American Laboratory for Assessment of the Quality of Education
(LLECE)) and The Programme for the Analysis of Education Systems
(PASEC). Thisapproach enables us to capture performance across the
distribution of both international and regional benchmarks.

Data harmonization efforts such as the one described in this Article
serve the dual purpose of compiling the best available data at a given
point in time and motivating additional data collection. Thus, they
set in motion a cycle that can continually improve learning data over
time. For example, in the most recent release of the World Bank human
capital index, 20 new countries participated in learning assessments
for the first time, enabling their inclusion in subsequent versions of
this database.

Schoolingis notlearning

We present a few descriptive trends in a first application of the data-
base. The average learning outcomes for 164 countries from 2000 to
2017 is shown in Fig. 1. The global coverage of the database becomes
immediately apparent and regions typically excluded from interna-
tional testssuch asPISAand TIMSS included in our database are clearly
shown (Fig. 1). The database covers the vast majority of countries in
sub-Saharan Africa, Latin America and the Caribbean, and South Asia—
economies with considerable potential to close learning gaps.

A few trends emerge: high-income countries far outpace develop-
ing economies. Sub-Saharan African lags behind all regions besides
South Asia, with countries such as India performing similar to
lower-performing sub-Saharan African countries; within sub-Saharan
Africa, a few countries such as Kenya and Tanzania lead, on par with
many countries in Latin America. Within Latin America, a few coun-
tries such as Chile are on par with European countries. The Middle

regression, we recover regional time trends accounting for country-fixed
effects. The datain this figureinclude primary enrolment rates. This measure
captures theratioof allindividuals enrolled in agiven level of schooling to the
population ofthe age group that should be enrolled at that level according to
national regulations or customs accounting for grade repetition. This measure
has frequently beenused in the literature?®?**, Learning estimates are taken
from our database.

East performs similarly or worse than Latin America and many Asian
countries outperform North American and European countries.

The expected years of schooling and HLO primary learning scores for
the mostrecent year for which data are available are shown in Extended
DataFig.1to contrast the quantity and quality of the education system
(detailed descriptions of the variables and analyses of the trends are
provided in the Methods). The graph shown in Extended Data Fig. 1
shows that although many developing countries have achieved sub-
stantial levels of schooling (a typical education system is expected to
deliver10-12years of schooling), they have not yet realized high rates of
learning (advanced proficiency ininternational tests is centred around
ascore of 625). Two examples with high schooling but low learning
are Brazil and Ghana. Brazil has 11.7 years of expected schooling, yet a
learning score of just 426. Ghanahas 11.6 years of expected schooling,
yetalearning score of only 229.

We next explore the contrast between changes in schooling and
changes in learning over time. We measure schooling using adjusted
enrolment ratios”. We compare this measure of schooling to our meas-
ure of learning in primary school for the years 2000-2015. We use data
for this period as it has the highest overlap of schooling and learning
measures. We restrict our comparison to countries with data pointsin
atleast two time periods forenrolmentand learningin primary school
to maximize comparability over the time period. We further condi-
tion on country-fixed effects using multivariate regression for each
region (see Methods for details). This accounts for potential changes
in the sample composition of countries with available data for each
time period.

We observeaclear trend towardsincreased schooling, whilelearning
progress appears to be limited in many cases. For example, in the Middle
Eastand North Africaenrolment rates achieved a high of 99% by 2010,
increasing from 95%in 2000. By contrast, learning levels stayed low and
remained the same around aninitial score of 380 from 2000 to 2015 in
these regions. Itis possible thatin regions such as sub-Saharan Africa,
as enrolment gets substantially higher and new, lower-performing
students participate in learning assessments, average scores decrease
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Table 1| Baseline development accounting results and comparison to the literature

Human capital contribution Our estimates Estimates from the literature
w=0 w=015 w=0.20 w=0.25 Ref.® Ref.™ Ref.”
heo/hio 2.24 3.35 3.82 4.34 2.00 210 470
(hoo/ N1o)/ (Yool Y1) 0.1 0.6 019 0.21 0.09 0.22 0.21
var(log[h])/var(log[y]) 0.07 0.4 018 0.21 0.06 0.07 0.26
w=0 w=0.15 w=0.20 w=0.25 Ref® Ref** Ref® Ref"
(In[hgo] - In[h;o])/(Inlygo] - Inly;0]) 0.27 0.40 0.44 0.48 Nearly all 0.51 0.62 Potentially none

The variable y is real output per worker on average from 2000 to 2010; h is a measure of human capital constructed on the basis of both schooling and learning data on average from 2000
onwards. We include various decompositions of the role of human capital in explaining cross-country income differences based on the literature®™: hgo/hyo, (heo/hi0)/(Yeo/ Y10), Var(log[hl)/
var(log[y]), (In[hgo] - In[hyo])/(In[yso] - In[yso]). Subscripts refer to percentiles; for example, the decomposition (hgo/hyo)/(Yeo/ v10) Captures the ratio of human capital in the 90th relative to 10th
percentile over the real output per worker in the 90th relative to 10th percentile. Variable constructions and decompositions are described in detail in the Methods. We assume rates of return
to the learning component of human capital—denoted as w—on the basis of the microeconomic literature*>**, We conduct sensitivity analyses with values w = 0.15, w = 0.20, and w = 0.25. When
w =0, our accounting de facto only includes schooling; for any value w > O, we include learning as well as schooling. We include 131 countries in this development accounting exercise. School-
ing data are from a previously published study®’. GDP data on real output per worker are from the Penn world tables v.9.0". Learning estimates are from our database. Literature estimates are

derived from previously published papers®'344,

owing to a selection effect. However, we observe slow learning pro-
gresseveninregionsinwhich enrolmentlevels are relatively constant
and high, such as Latin America and the Caribbean, suggesting that
there is more to these trends than selection. In Extended Data Fig. 2,
we explicitly condition on enrolment and find nearly identical pat-
terns. Moreover, aregression of primary learning outcomes on primary
enrolmentrates using a panel of countries between 2000 and 2015 with
country-fixed effects yields a negative coefficient on enrolment rates
of 0.247 with a P value of 0.673, further showing that higher levels of
school enrolment has nostatistically significant association with better
learning outcomes (see Methods for details).

The patternsinFig.2and Extended DataFig. 2 could be interpreted as
indicative of a plateau effect, as at higher learning levels—for example,
inNorth America or Europe—obtaining further gains may be difficult.
However, we also see arelatively flat linein casesin which baseline learn-
ing levels are low—that s, in Latin America and the Caribbean—which
suggests that learning progress is slow regardless of initial learning
conditions. Data availability for each country could in principle affect
the patterns that we describe, but the robustness of the patterns tothe
inclusion of country-fixed effects as described above suggests that
they are not driven by country composition. Country-specific trends
arealsoillustrated in Extended Data Fig. 3.

Table 2 | Comparing measures of human capital and economic growth

Annual growth rate (2000-2010)

1 2 3 4 5 6 7 8
Human capital (harmonized learning outcomes)
Regression coefficient 0.072 0.059 0.061 0.069 0.066
Standard error 0.018 0.023 0.022 0.023 0.024
Pvalue 0.000 0.0m 0.007 0.003 0.006
Human capital (Penn world tables)
Regression coefficient 0.033 0.012 0.019
Standard error 0.01 0.013 0.035
Pvalue 0.003 0.358 0.597
Human capital (schooling®)
Regression coefficient 0.016 0.006 0.014
Standard error 0.006 0.007 0.020
Pvalue 0.004 0.382 0.494
Human capital (HDI)
Regression coefficient 0.020 0.002 -0.028
Standard error 0.008 0.010 0.022
Pvalue 0.013 0.844 0.914
Control for GDP at the start of the time period Yes Yes Yes Yes Yes Yes Yes Yes
Observations 107 107 107 107 107 107 107 107
R? 0.300 0.261 0.255 0.240 0.306 0.305 0.301 0.318

Columns 1-8 include the same dependent variable. The difference across columns depends on which independent variables are included as denoted by whether the rows are filled out. The
dependent variable is the annual growth rate averaged across 2000-2010". Human capital (harmonized learning outcomes) refers to the measure of human capital in this database averaged
from 2000 onwards. Human capital (Penn world tables) refers to the measure of human capital in the Penn world tables v.9.0™. Human capital (schooling®) refers to estimates from 2000, which
is the start of our sample period2. Human capital (HDI) refers to the measure of education included in the United Nation’s HDI in the year 2000%. Results include 107 countries and exclude
countries in civil war, inflation crises and with rents from natural resources above 15%. All independent variables are transformed to log units to derive comparable elasticities. We control for the
log transformation of initial GDP per capita levels at the beginning of the period (in the year 2000) in all specifications following standard practice in the growth literature®. We report regression

coefficients, standard errors of the regression and P values.
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Takentogether, the datareveal that the rapid pace at which schooling
improved across education systems, as well as the successin achieving
high enrolment rates, have not been met with similarly rapid learning
progress. This pattern has been referred tointheliterature' and by the
international education community as ‘the learning crisis™?2. Using the
HLO database, we demonstrate that it holds on a global scale.

Human capital and economic development

Alarge number of studiesin the development accountingliterature have
explored the relative contribution of human capital to cross-country
income differences. However, the results have been inconclusive, in
part owing to difficulties in measuring human capital. Although direct
measures of years of schooling exist, the quality of schooling has been
harder to measure.

Approaches to estimate the quality of schooling across countries
have relied on differences in Mincerian wage returns®®, immigrant
returns’ and cross-country skill premia®,. However, these approaches
face several challenges, including the need to make assumptions about
the substitutability of skilled and unskilled workers®. The challenges
in measuring quality have contributed to substantial variation in esti-
mates of the role of human capital in accounting for cross-country
differences inincome, ranging from nearly all to potentially none> %,

In this study, we provide a more direct and reliable measure of the
quality of schooling based on our learning outcome data, which we use
to construct measures of human capital stock (Methods).

Ourresults (Table 1) suggest that human capital accounts for between
afifth toaround half of cross-country differencesinincome—whichis
an intermediate position relative to the estimates found in the litera-
ture> ™, which range from zero to nearly all. These results are consist-
ent with models of human capital that capture the role of educated
entrepreneurs and more comprehensive measures of human capital
that include schooling, learning and health***.,

The average relationship between learning and income masks sig-
nificant heterogeneity across countries (Extended Data Table 2). We
find that human capital explains less than two-fifths of cross-country
income differences among low-income countries, but more than half
among high-income countries. We find even larger differences across
regions. For example, when measured by schooling, human capital
accounts for 54% of cross-country income differences in advanced
economiesand only 4% in sub-Saharan Africa. When we include learn-
ing, this gap widens to 86% in advanced economies but only 10% in
sub-Saharan Africa. This substantial heterogeneity reveals theimpor-
tance of including a global distribution of countries covering multiple
stages of economic development when examining the role of human
capital.

Finally, we compare our measure of human capital to alterna-
tive measures that are based on prominent global databases such
as the Penn world tables", the Barro-Lee Educational Attainment
dataset®and the United Nation’s HDI®. In Table 2, we find that our
measure of human capital has a stronger association with growth
than alternative human capital measures. This is the case in uni-
variateregressions thatinclude each measure onits own (columns
1-4). We observe that a change of 1% in learning is associated with
achange of 7.2% in annual growth. By contrast, a change of 1% in
the other human capital measures is associated with a change of
between1.6% and 3.3%in annual growth. We further show that when
we include all measures in the same multivariate regression, the
association between our measure of learning and growth remains
high, between 5.9% and 6.9%, and statistically significant (P<0.01),
whereas other human capital variables have a reduced and statis-
tically nonsignificant association with growth. We find that the
model fitimproves only slightly when all measures are included
with an R? value of 0.32 relative to our measure of human capital
with an R? value of 0.30.

Therefore, our measure of human capital appears to have a stronger
relationship with economic growth, both individually and jointly.
This is probably because alternative measures of human capital rely
largely on years of schooling and omit learning. However, the use of
these alternative measures remains standard practice, in part because
these data have the broadest coverage. By constructinglearning data
across 164 countries, we filla key gap: broad coverage over nearly two
decades and ameasure of human capital with strong links to economic
development.

Discussion and future directions

This database comes at amoment when a series of global efforts have
beenlaunchedtomeasure and tracklearningonaglobal scale. Although
recent modelling suggests that the world is on track to achieve the
goal of universal primary enrolment by 2030%, if learning continues
to stagnate, this achievement will mean little. Accordingly, the Sus-
tainable Development Goals include a focus on learning whereas the
Millennium Development Goals focused largely on schooling. Another
notable effort to measure and track learning on a global scale is the
World Bank’s human capitalindex in which the levels of human capital
of countries around the world are compared?. This effort aims to report
measures of human capital that will encourage countries to invest in
education. The human capital index includes learning outcomes from
this database as one of its core components. The database in this Article
will be updated regularly and made public to enable these large-scale
efforts and to advance our understanding of the formation of human
capital in developing economies.
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Methods

Datareporting

No experiments were performed. No statistical methods were used
to predetermine sample size of the harmonization of learning data or
analyses done in this paper. The underlying microdata from the origi-
nal learning assessments have detailed survey sampling procedures
detailed in their corresponding technical reports.

Test-score-linking methodology

Weinclude 164 countries, two-thirds of which are developing countries,
by linking international assessments to their regional counterparts.
Regional assessments cover much of sub-Saharan Africa and Latin
Americabut have oftenbeen excluded frominternational comparisons.
We convert a regional test score to an international test score within
subjects and schoolinglevels (primary and secondary) and within adja-
centyears. By including tests across the same testing round and at the
disaggregated schooling and subject level, this method minimizes
thelikelihood that test differences are a function of time, proficiency,
schooling level or data availability and maximizes the likelihood that
they reflect test difficulty. We then apply this conversion to a country
that participatesinaregional test but not aninternational test to pro-
duce acomparable score (referred to asaHLO in the database).

The success of the linking approach hinges on three key assumptions.
First, linked tests must capture the same underlying population. This
assumptionis satisfied by using sample-based assessments representa-
tive at the national level for cases in which a country participated in
botharegional and aninternational assessment. This ensures that the
underlying population tested is the same on average. Second, tests
should measure similar proficiencies. To this end, we link within sub-
jects (mathematics, reading and science) and schooling levels (primary
and secondary) to ensure overlap. Third, the linking function should
capture differences between tests rather than country-specific effects.
This assumption is more likely to hold the larger the number of coun-
tries that participate in a given pair of tests being linked. To maximize
the likelihood that this assumption holds, we construct the linking
function over the entire interval. This step increases the sample size
usedtolink tests, improving the likelihood that we capture test-specific
rather than country-specific differences. In fixing the linking func-
tion, we assume that the relationship between tests stays constant
across rounds. This assumption is reasonable since the mid-1990s,
when assessments started to use a standardized approach and to link
testing rounds with overlapping test items. A related advantage of
alinking function over a fixed interval is that it guarantees that any
changes in test scores over this interval are due to realized progress
in learning rather than changing linking functions between tests. Of
note, every update of the database increases the number of countries
participatingin agiven pair of assessments. Thus, each update expands
coverage and enhances the reliability of all estimates by enabling the
construction of amore robust linking procedure.

We use multiple methods to link regional to international assess-
ments. Our primary approach uses regression when multiple countries
participateinthe assessments being compared. When only one country
participates, we use linear linking. Supplementary Information 1A
describes both methods and the respective tests used. Both methods
adjust test scores by a constant as well as by relative standard devia-
tions across tests. These approaches build on aliterature comparing
scores across different tests*** as well as more recent work linking
aggregate level scores across states in the USA*®. In Supplementary
Information IIB, we conduct aseries of sensitivity tests, including con-
ducting the conversion using country-fixed effects or random draws
of countries and time periods. We further explore additional methods
inSupplementary Information IIB, such as mean linking and ratio con-
versions, highlighting the trade-offs of each approach and examining
robustness across them. We find a0.99 or higher correlation coefficient

for scores and relative ranks across all robustness tests (Supplementary
Fig. 7). Limitations are described in Supplementary Information IIC.
Detailed descriptions of all datasources are included Supplementary
Information IID. Additional methodological parameters, such as the
disaggregation of the data, are described in Supplementary Informa-
tionlIE.

We compare our data to a smaller database using item response
theory (IRT)—in which tests share common testitems—and finda 0.98
correlation coefficient (Extended DataFig.4). IRT-whichis considered
tobe one of the most reliable methods to link tests in the psychometric
literature—models the probability that a given pupil answers a given
test item correctly as a function of pupil- and item-specific charac-
teristics**%, This methodology is used to construct the underlying
tests that we use. To use it to compare learning across assessments,
we need enough overlap in the underlying test items across assess-
ments*” *°, However, such overlap does not exist for a large-enough
set of tests and time periods that are needed to create a globally
comparable panel dataset*. For example, TIMSS 1995 and Southern
and Eastern Africa Consortium for Monitoring Educational Quality
(SACMEQ) 2000 included overlapping mathematics items, but had
only three test questions that would enable a comparison. When this
overlap is small, standard maximum likelihood estimates will reflect
both true variance and measurement error, overstating the variance
inthe testscoredistribution. The various challenges of estimating IRT
parameters with limited item-specific overlap have previously been dis-
cussed inmore detail®. Although IRT might not be areliable approach
when there is limited item-by-item overlap, we conduct comparisons
inwhich the overlap is larger, with up to 17 common test items across
tests. We compare our results to the Linking International Compara-
tive Student Assessment (LINCS) project, which uses IRT methods and
hasanoverlapinitemsfor asubset of international studies focused on
reading in primary schools*’.

We compare the average scores for the same subject (reading),
schooling level (primary) and time period (2000-2010) and find a
correlation coefficient of 0.984 (Extended Data Fig. 4). This compari-
sonindicates that even as we expand coverage to 164 countries in our
database, we maintain high consistency with alternative measures
for the subset of proficiencies, school levels and subjects for which
thereis overlap.

Ofnote, the assessmentsincluded in this database are conducted at
school. Testing, and thus learning, data could be affected by enrolment
patterns, and we advise users of the datato analyse learning outcomes
alongside enrolment trends. For example, average test scores could be
driven by lower-performing students entering the systemrather than
learning progress for those who were already in school. Although this
isapotential concern when analysing average scores, there are several
reasons why harmonized learning outcomes are still useful. First, pri-
mary enrolment rates are relatively high inall countries, reaching 90%
onaverage.Second, learning measured with school-based testsiis likely
toyield a conservative upper bound of learning in a given country. As
most countries at the bottom of the distribution of measured learning
are also those with relatively low enrolments, it is unlikely that new
school entrants would alter conclusions related to cross-country pat-
terns—the lowest performing countries would probably be revealed
to be performing even worse.

Comparison of trends in schooling and learning

Expected years of schooling versus learning basic skills. Related
to Extended DataFig. 1. We define two key variables for analysis in this
figure. First, we define our learning variable. Our measure of qual-
ity comprises the primary HLO scores, which measure the degree to
whichstudents acquire basic skills in primary school. Second, we define
the schooling variable. The expected years of schooling measure is
constructed by UNESCO (United Nations Educational, Scientific and
Cultural Organization) and is a function of enrolment patterns and the
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number of years of schooling a given country formally provides. This
measureis ofteninterpreted by the international education community
as ameasure of a strong education system in which students attend
many years of school. As the expected number of years of schooling
is partially a function of enrolment, which we also use as a measure of
schooling at times in this paper, these two measures are highly corre-
lated. For countries with data available for both measures, we find an
average correlation coefficient of 0.72 across them.

We find a high variancein learning conditional on years of school-
ing (Extended Data Figure1). Ghana stands out as a country in which
schooling is close to 12 years of schooling, yet the learning score is
below the threshold of minimum proficiency of 300. Next, consider
the examples of Zambia and South Africa. In Zambia, the average
childisexpected to have more than 9 years of schooling yet achieves a
score of 301on primary school learning. By contrast, in South Africa,
with similar years of expected schooling, the average child scores
366. Given that both countries have more than 9 years of expected
schooling, the primary-school learning scores are unlikely to be
driven by selection. In addition, average primary enrolment rates
over the2000-2015time period are high in both countries (98.2% in
South Africaand 92.9% in Zambia). As learning outcomes are meas-
ured using tests taken in grades 4-6, primary school enrolment rates
are relevant measures for schooling comparisons. Typically, large
dropouts occur between schooling levels, such as the transition
from primary to secondary school. However, enrolment up to the
last grade within primary school is persistently high. For example,
inSouth Africa, data from the World Bank show that 90% of students
areretained until the end of primary school. This varies across con-
texts, but in many countries enrolment rates in primary school are
relatively stable through the middle years of primary school when
achievement tests are taken.

We further observe an exponential shape of the line of best fit, with
asmaller correlation coefficient between schooling and learning for
countries that provide 10 or fewer years of schooling on average than
after this threshold (with a correlation coefficient of 0.35 relative to
0.73, respectively). The exponential curve is suggestive and should
be viewed with a few caveats in mind. For example, it is conceivable
that Brazil has higher learning scores than South Africa, not because
the quality of educationin Brazil is higher, but because of lower enrol-
ments, which means that higher-ability students remainin the system
at the time of the test. However, this is unlikely as Brazil has around
12 years of expected schooling and South Africa has around 9 years,
meaning that most children progress through primary school and
thus their primary-school learning scores largely reflect the quality of
education rather than selection. The selection concern may be more
pronounced at low levels of expected schooling. Even so, the flat part
of the curve between 7 and 10 years of expected schooling is unlikely
toreflect selection, given that learning is measured through tests
in primary school, and primary school enrolment in countries with
expected schooling of 7 or more years, is typically high. Moreover,
the fact that learning levels vary substantially for a given point on
the x axis reveals substantial heterogeneity in school quality even in
systems in which the average student receives a similar number of
years of education. These patterns suggest that schooling does not
automatically translate to learning.

Regional learning and enrolment trends. The following section
refers to methods used to compare trends inenrolment and learning
over time. We restrict our comparison to countries with data points
for at least two time periods for both enrolment and learning data
in primary school to maximize comparability over the time period.
Thelist of 72 countriesincluded in the following analyses are: Argen-
tina, Australia, Austria, Benin, Brazil, Bulgaria, Cameroon, Canada,
Chile, Colombia, Costa Rica, Cyprus, Czech Republic, Cote d’Ivoire,
Denmark, Dominican Republic, Ecuador, Finland, France, Gambia,

Germany, Guatemala, Haiti, Honduras, Hong Kong, Special admin-
istrative regions of China (SAR China), Hungary, Iceland, Indonesia,
Islamic Republic of Iran, Ireland, Italy, Japan, Jordan, Kenya, Korea
(South), Kuwait, Lesotho, Liberia, Malawi, Malta, Mauritius, Mexico,
Morocco, Mozambique, The Netherlands, New Zealand, Nicaragua,
Niger, Norway, Panama, Paraguay, Peru, The Philippines, Poland,
Portugal, Romania, Russian Federation, Senegal, South Africa, Spain,
Eswatini (Swaziland), Sweden, Taiwan, Republic of China, Togo, Trini-
dad and Tobago, Tunisia, Turkey, Uganda, United States of America,
Uruguay, Zambia, Zimbabwe. We average the HLO datainto 5-year
intervals to be analogous in structure to previously published pri-
mary enrolment data®. As our learning data extends to 2015 and en-
rolment data extends to 2010, we make a conservative assumption
that enrolment rates persist through 2015 to enable inclusion of all
learning data.

Regional learning and enrolment trends conditional on county-fixed
effects. InFig.2, estimates are calculated controlling for country-fixed
effects using multivariate regression by region. For each region and
outcomey (primary enrolment and learning), we estimate the follow-
ingspecification: y = a"+B"t+8, +¢[, inwhichtrepresents the year
and & represents a vector of dummy variables for each country cina
givenregionr.Onthebasis of thisregression, we recover regional time
trends accounting for country-fixed effects.

Regional learning trends conditional on county-fixed effects and
enrolment. In Extended Data Fig. 2, we further explicitly condition for
enrolment effects and find nearly identical patterns to Fig. 2. Foreach
region and outcome y we run the following specification:
YL =a’+ B t+8( +y! +el,inwhichtrepresents theyear, § represents
avector of dummy variables for each country cinagiven regionrand
y represents primary enrolment rates. We then recover regional time
trends accounting for country-fixed effects and conditional on
enrolment.

Enrolment and learning regression. We run the following regression:
Y, = a+ Py, +8:+¢, inwhich crepresents a country, trepresents a
year, y represents primary enrolment rates and & represents a vector
of dummy variables for each country c. The coefficient of interestis 3,
which captures the association between learning and enrolment. As
notedinthe ‘Schoolingis not learning’ section, we find no statistically
significant relationship between schooling and learning with a negative
coefficienton enrolment rates of 0.247 with a Pvalue of 0.673, reinforc-
ing the patterns shown in Fig. 2 and Extended Data Fig. 2. We also find
an R?value of 0.96. We omitted four countries (Mozambique, Niger,
Cameroon and Benin) that are outliers above the 95th percentile in
enrolment changes, which can bias average cross-country trends. An-
other way to visualize the absence of an association between learning
and enrolment is a scatter plot of learning and enrolment trends over
time by country. This plot is provided in Supplementary Fig. 4.

Learning by country. Related to Extended Data Fig. 3. We illustrate
regional patterns by focusing on a few specific examples from Latin
and Central America, sub-Saharan Africa and the Middle East (Brazil,
Colombia, Mexico, Uganda and Kuwait). Extended Data Figure 3 shows
that learning in all of these countries has been consistently low and
improved slowly over the past two decades, ranging from 360 to 453,
which translates into many students not acquiring basic skills such as
beingabletoread asimplestory, even thoughall of these countries have
achieved high enrolment rates above 99%in all years. Moreover, in each
ofthe country examples, as primary enrolment rates are extremely high
and flat, this reinforces that slow learning trends are not a function of
enrolment. Figure 2 and Extended Data Fig. 2, in which country-fixed
effects are controlled for, can be thought of as the generalizations of
these patterns to the regional level.



Development accounting

The contribution of human capital to cross-country income differ-
encesisanalysedinstudies of development accounting. We follow the
literature®**'and begin with a standard aggregate production function

inits per-capita form:
P a
1-a
y= Ah (yj

inwhichyrepresents output per worker, K denotes capital, h denotes
the level of human capital per capita and A captures the residual, typ-
ically interpreted as total factor productivity. Taking the logarithm on
both sides decomposes cross-country income differences into three
sources: capita—output ratio, average human capital and total factor
productivity. Below, we only report the share of income differences
that can be explained by variationin human capital, given that human
capital is the focus of this paper. In Table 1 (top), we show decomposi-
tions that have used both human capital measures that incorporate
education quality and education quantity>”. In Table 1 (bottom), we

include an additional decomposition, W which has been
90/~ 10
used in studies that have used human capital measures that account

for education quality’®'",

To measure human capital, we extend the standard Mincer specifi-
cation that weights education by its micro-labour-market returns to
include learning in addition to schooling;:

h= erS+wL

inwhich Sis the quantity of schooling, L is ameasure of learning, and r
andwaretheirrespectivereturns. For years of schooling, we use previ-
ously published data®. For learning measures, we use the data presented
in this paper. We assume rates of return on the basis of the microeco-
nomic literature: we take the value r=0.10 for the rate of return per
school year, and w=0.20 per standard deviation increase in learning,
based on parameter values used in the literature***>, The 0.20 value is
based on US data. However, we can expect that returns to learning will
be higherin developing countriesin which the supply of skills is lower,
asis the case with the returns to schooling literature*?. A considerable
number of studies have investigated these parameters. For the purpose
of this paper, our intention is not to provide definitive results, but rather
tomotivate the use of the datain the development accountingliterature.
To this end, we take parameter values as given and conduct sensitivity
analyses with values w= 0.15and w = 0.25. We included 131 countries
that have both schooling data®? and learning data.

Wefirst compared our results to three previous studies®”*?in Table 1
(top). Wefind, in our estimates, that when the human capital measure
only captures quantity (w = 0), human capital accounts for roughly
7-11% of the differences in output per worker. However, when we include
measures of quality (w > 0), we find that this contribution increases
to 14-21%. These results suggest that measuring human capital while
taking into account quality substantially increases the role of human
capital in explaining cross-country output per worker differences.
These results are consistent with the literature showing that when

quality is taken into account, the role of human capital in explaining
cross-country differences in output per worker doubles’ relative to
when only quantity is taken into account?.

In Table 1 (bottom), we show results focusing on W. The
90/~ 10
literature'® that has used this decomposition estimates that the

contribution of human capital to cross-country income differences
ranges fromnearly 100% to close to 0%. We show that when we include
our measure of quality, the share of human capital varies between 40%
and 48%.

Reporting summary
Further information on research design is available in the Nature
Research Reporting Summary linked to this paper.

Data availability

The dataareavailable for public use and updated regularly on the World
Bank website: https://datacatalog.worldbank.org/dataset/harmo-
nized-learning-outcomes-hlo-database. The database is expected to
beupdated every 2-3years as new learning databecome available. The
database willbe updated at the same location onthe World Bank website
using the methodology and approach in this paper, with accompany-
ing technical notes on additional countries and data sources added.
This study used a combination of data sources, including data that
are available from online repositories and required straightforward
registration and usage agreement. We also collected data from over
48 countries directlyin collaboration with the World Bank and USAID.

Code availability

The code used to compile and analyse data was written in Stata v.15.1.
The code to replicate analysis and tables is available from GitHub
(https://github.com/measuringhumancapital).
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Extended DataFig.1| Expected years of schooling versus learning basic
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toreceive 9.2 years of schooling and achieve learning outcomes of 301.4. The

datainthisfigureinclude expected years of schooling from the World Bank
Human Capital Index based on data compiled by UNESCO?. Primary learning
outcomes are from our database. Both measures take the datainthe latest year
available.
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primary enrolment rates. We then recover regional time trends accounting for
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Extended Data Table 1| Country-year observations by disaggregation and region

Total By Gender Math Reading Science Primary  Secondary
East Asia & Pacific 333 331 116 100 116 99 234
Europe & Central Asia 951 951 326 299 326 255 696
Latin America & Caribbean 247 247 83 88 76 111 136
Middle East & North Africa 257 257 99 60 98 90 167
North America 56 56 19 18 19 17 39
South Asia 11 9 2 8 1 7 4
Sub-Saharan Africa 168 142 52 104 12 145 23
Total 2023 1993 697 677 648 724 1299

Counts of country-year observations by region and disaggregation (schooling level and subject) are shown. The database includes 2,023 observations across all countries from 2000 to 2017.



Extended Data Table 2 | Human capital share by income status and region

Schooling Schooling and Learning
w=0 w=.15 w=20 w=.25
Human Capital Contribution
High income 0.19 0.36 0.44 0.53
Upper middle income 0.25 0.39 0.46 0.54
Lower middle income 0.14 0.23 0.27 0.33
Low income 0.13 0.25 0.30 0.35
Advanced Economies 0.54 0.72 0.79 0.86
East Asia and the Pacific 0.04 0.09 0.11 0.13
Europe and Central Asia 0.02 0.06 0.09 0.11
Latin America and the Caribbean 0.10 0.14 0.16 0.18
Middle East and North Africa 0.10 0.21 0.25 0.30
South Asia 0.15 0.24 0.28 0.32
Sub-Saharan Africa 0.04 0.07 0.08 0.10

The variable y is real output per worker on average from 2000 to 2010; h is a measure of human capital constructed on the
basis of both schooling and learning estimates on average from 2000 onwards. We include the following decomposition

of the role of human capital in explaining cross-country income differences on the basis of the literature®": var(log[h]/
var(log[y]). Variable constructions and decompositions are described in detail in the Methods. We assume rates of return

to the learning component of human capital, defined as w, on the basis of the microeconomic literature*>**, We conduct
sensitivity analyses with values w = 0.15, w = 0.20 and w = 0.25. When w = O, our accounting de facto only includes schooling;
for any value w > O, we include learning as well as schooling. We include 131 countries in this development accounting
exercise. Schooling data are from a previously published study®2. GDP data on real output per worker are from Penn world
tables v.9.0". Learning estimates are from our database.
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
n/a | Confirmed

X The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement

X A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

X L[]

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.
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For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

XOO X X XKX

RPN

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  We build code in Stata to replicate original test score data as well as collate and aggregate a global metadata database

Data analysis We analyze data in Stata version 15.1. Code used for analyses in the paper will be made publicly available on github: https://github.com/
measuringhumancapital

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- Alist of figures that have associated raw data
- A description of any restrictions on data availability

The data will be made available for public use and updated regularly on the World Bank microdata catalog: https://microdata.worldbank.org. The database is
expected to be updated every 2-3 years as new learning data becomes available. The database will be updated at the same location on the microdata World Bank
website using the methodology and approach in this paper, with accompanying technical notes on additional countries and data sources added. This study used a
combination of data sources, including data that are available from online repositories and required straightforward registration and usage agreement (PISA, TIMSS,
PIRLS, SACMEQ, PASEC, LLECE). We also collected data from over 48 countries directly in collaboration with the World Bank and USAID for previously conducted
EGRA assessments. All maps presented in this study have been produced by the authors and no permissions are required for publication.
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Study description Quantitative aggregation of global learning data from 164 countries and quantitative analysis.
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Research sample Learning outcomes for 164 countries where learning outcomes data is available. Data is disaggregated by gender, schooling level
(primary versus secondary) and subject (math, reading and science). Data is denoted by the source test and whether the data is
nationally representative (which is the case for 91% of countries). Extended Data Table 1 and Supplement Table 1 include additional
details.

Sampling strategy Random sample and some stratified with survey weights based on source data available. Source tests typically conduct surveys which
are nationally representative and include thousands of participants. Sampling procedures are outlined for each source tests in their
respective technical reports. For smaller countries, such as pacific islands, some tests are a census, covering all students in a given
grade.

Data collection Most tests are school-based paper tests (PISA, TIMSS, PIRLS, SACMEQ, PASEC, LLECE). EGRA is conducted through one-one-one oral
assessment. Supplement Table 4 describes how frequently each test is conducted and the administering agency.

Timing We include data from 2000-2017
Data exclusions All source test data was used.
Non-participation N/A

Randomization No experimental groups

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies |Z |:| ChlIP-seq
Eukaryotic cell lines |Z |:| Flow cytometry
Palaeontology and archaeology |Z |:| MRI-based neuroimaging

Animals and other organisms
Human research participants

Clinical data

OOoxXOood

Dual use research of concern

Human research participants

Policy information about studies involving human research participants

Population characteristics Students in primary and junior school. =
Recruitment This paper conducts secondary data analysis only. Primary data collection, recruitment, and consent was done by source test ;j
S

agencies (PISA, TIMSS, PIRLS, SACMEQ, PASEC, LLECE, EGRA) and is described in depth in their respective technical reports.

Ethics oversight This paper conducts secondary data analysis only. Primary data collection, recruitment, and consent was done by source test
agencies (PISA, TIMSS, PIRLS, SACMEQ, PASEC, LLECE, EGRA) and is described in depth in their respective technical reports.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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