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Why Study Mismatch?

To stimulate economic advancement, low- and middle-income economies need 
educated, well-trained workforces to fill the types of highly skilled jobs that drive 
economic growth. Thus, improving educational attainment and quality and pro-
viding better training are all rightly put forth as policy recommendations for 
economic development. However, new findings based on data from the World 
Bank’s STEP (Skills Toward Employment and Productivity) Skills Survey suggest 
that even in lower-income contexts, many workers are over-qualified for their 
jobs and unable to take full advantage of their skills. Quality education and train-
ing interventions are vital, but governments must also acknowledge the role that 
labor market health plays in education mismatch.

The term “mismatch” is used to describe scenarios in which workers are either 
over-skilled/over-educated or under-skilled/under-educated for their jobs. Most 
of the literature on mismatch focuses on higher-income countries and concerns 
rates of over-education among tertiary graduates. This publication seeks to 
expand on that research by employing data from the World Bank’s STEP Skills 
Survey—which provides new data from 12 low- and middle-income coun-
tries  that represent a range of economic and educational climates—to better 
understand the scope and patterns of education mismatch in the developing 
world. STEP collects information not only on workers’ level of education and 
employment status, but also on the types, frequency, and durations of tasks they 
carry out at their jobs as well as some of the cognitive skills they use. The study 
also utilizes control variables to attempt to understand additional factors like 
gender, health, career stage, and participation in the informal labor sector, all of 
which may help explain the degree of mismatch.

The findings here indicate that over-education is common in diverse low- and 
middle-income country contexts, both those where tertiary graduates are rela-
tively plentiful and those with much lower rates of educational attainment. The 
study also finds evidence that over-educated tertiary workers do not use all of 
their skills, potentially wasting valuable human capital and educational resources.

This publication is intended primarily for a policy-making audience. At the 
same time, because the findings suggest that job growth must go hand-in-hand 
with investments in education and training, they are relevant not only to policy 
makers but to business and education leaders and employers as well.

Executive Summary
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What Do We Mean by “Skills,” and How Does STEP Measure Them?

As research on job mismatch has expanded, so have the methods and systems 
for defining skills. Common distinctions among skills include those defined as 
interpersonal, those defined as manual, and those known as cognitive skills. It is the 
last type that is the focus of this research. 

One way to understand the broad domain of cognitive skills is to distinguish 
them by levels and kinds of knowledge, degrees of generality or specificity across 
jobs, and the means by which they are acquired by workers (table ES.1). 

There are a variety of ways to measure the skills a particular job requires. The 
traditional starting point has been to measure job-required education or qualifica-
tions, because it is the most straightforward information to define and collect. But 
even using education as a proxy for skills can be challenging, as one must be 
careful to avoid conflating the education of the job holder with the actual 
level of education required for a job. To address this, researchers employ various 
methods, including the following. 

•	 Statistical methods—which typically measure the mean or modal education of 
workers within occupations and are the methods most frequently used for esti-
mating job-required education. However, these methods blur the distinction 
between workers’ actual education and job-required education, and they cannot 
distinguish between situations in which levels of worker education represent 
technical job requirements from situations of pervasive credential inflation. 

•	 Researcher judgment—which has been used in a few studies but requires a high 
level of occupational aggregation and subjective decisions by the researchers 
who assign education levels to broad occupations. 

•	 Job-holder surveys—which is the method STEP employs and involves collect-
ing data at the job level by asking workers themselves what skills are required 
for their jobs. This is a reliable, easily implemented strategy that many interna-
tional surveys have adopted. 

Of course, determining the types of skills a job requires is far more complex 
than measuring basic credentials and levels of schooling needed. Skills can be 

What Is STEP?
The World Bank’s STEP Skills Measurement Program (STEP) is the first-ever initiative to 
measure skills in low- and middle-income countries. It is conducted as a household survey 
of working-age adults (ages 15–64) residing in urban areas, and provides new and detailed 
information on education, employment, and related topics.

The program includes three modules: a direct assessment of reading, self-reported 
information on personal characteristics, and a survey of job-relevant skills.

http://dx.doi.org/10.1596/978-1-4648-0908-8
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Table ES.1 T he Cognitive Skills Domain

Skills Sources

•	 Specific high-level knowledge, such as that in

Tertiary
°° STEM fields

°° Medical fields

°° Other managerial and professional fields 
•	 Specific mid-level knowledge/skills, such as that in

Secondary, TVET, apprenticeships, 
OJT

°° Technical occupations

°° Craft and repair occupations

°° Other mid-skill fields (e.g., clerical occupations)

°° Narrow job skills (business procedures, 
information technology, use of specific tools/
equipment, e.g., forklift)

Employers, TVET, schools

•	 General academic skills—including foundation 
skills—such as Primary, secondary, tertiary, and 

others °° Reading, writing, basic math 

°° Organizational skills
•	 General cognitive skills—including foundation 

skills—such as

Schools, work, and life experience 
°° General knowledge 

°° General reasoning, analytical skills 

°° Problem solving

°° Trainability, learning how to learn

Note: STEM = science, technology, engineering, math; TVET = technical and vocational education and training; 
OJT = on-the-job training; primary, secondary, and tertiary refer to levels of formal education. 

defined and categorized in almost limitless detail at the occupational and even 
job level, but for practicality of measurement and comparison, a balance must be 
struck. One feature that makes STEP unique is the survey’s ability to capture 
detailed information not only on job holders’ level of education, but also on

… their fields of study. STEP captures survey information on fields of study, which 
applies primarily to workers with tertiary and/or specific vocational education.

… their jobs’ required cognitive tasks. STEP uses a system of explicit scaling to 
measure the reading, writing, numeracy, and problem-solving skills workers use 
both in their jobs and in their daily lives. The survey captures the complexity of 
tasks workers perform on the job.

… their own cognitive skills. STEP also contains a reading assessment, which can 
help determine how education translates into jobs with varying cognitive demands.

What Do We Mean by “Mismatch?”

In the context of work, mismatch can refer to education or skills—and usually 
refers to some combination of both (see figure ES.1). Mismatch occurs when 
workers’ education and skills do not align with those required by their jobs. 

http://dx.doi.org/10.1596/978-1-4648-0908-8
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Figure ES.1 T ypes of Mismatch

Education
mismatch

length/level of
education
attained

field of study

academic
performance

Skills mismatch

cognitive skills
(literacy, numeracy,

problem solving)

technical skills

Education mismatch includes mismatch by the level of education attained 
(such as when a worker who has completed secondary school holds a job that 
requires only a primary education), mismatch by field of study (as when a 
worker with a tertiary degree in engineering manages a general import/export 
business), and mismatch by academic performance1 (as when a worker who has 
strong literacy and numeracy skills holds a job that involves little reading and 
math). An important question is whether some of the mismatch by education 
level or field of study can be explained by usually unobserved differences in 
academic performance within levels or fields, as opposed to job market condi-
tions that are outside the individual’s control. 

For the sake of simplicity, if we look only at education mismatch in terms of 
education level (identified here as “high,” “medium,” and “low”), the model illus-
trated in figure ES.2 emerges. Workers who are well-matched—whose own 
education aligns with the level required by their jobs—are indicated in orange. 
Ideally, healthy economies need as many people as possible to be both highly 
skilled and matched to jobs that require those high-level skills, rather than hav-
ing many low-skilled workers in low-skill jobs even though such workers would 
technically be well-matched. In the figure, workers who would be considered 
over-educated are represented by green icons and those considered under-
educated by blue icons. Key gaps in knowledge include the distribution of work-
ers across these different conditions and the reasons workers end up well-matched 
or mismatched. 
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What Countries Make Up the STEP Sample?

Twelve countries, representing four major regions and diverse national incomes, 
participated in the STEP survey, as illustrated in figure ES.3. 

These 12 countries represent a range of average educational levels and perfor-
mance, unemployment rates, and types of economy (such as economies with 
larger and smaller informal sectors and those with different rates of public/pri-
vate employment). In terms of GDP, they range from lower income, such as 
Kenya and Ghana, to middle income, such as Colombia.

Employment rates vary greatly among the countries as well. To take the 
extreme cases, in the Lao People’s Democratic Republic and Bolivia about 85 per-
cent of the working-age population are employed, while in Armenia and Georgia 
the rates are closer to 35 percent. Employment rates provide important context 
for this study on mismatch because high unemployment rates among well-
educated workers will result in an underestimate of mismatch prevalence (if we 
consider involuntary joblessness to be its own form of mismatch). In particular, 
the high unemployment and nonparticipation rates for tertiary graduates in the 
countries of Europe and Central Asia mean that while these countries might pres-
ent lower mismatch rates, they still face serious problems matching people to jobs.

Figure ES.2 C ross-Classification of Workers by Personal and Job-Required Education
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Educational performance ranges greatly across countries, both in the amount 
of education completed and as measured by academic performance. The four 
countries in Europe and Central Asia present the highest mean years of educa-
tion—more than 12 years for all four countries—while Lao PDR, Ghana, and 
Kenya, each averages less than nine years. As expected, average reading scores 
(available for eight of the 12 countries) follow a similar pattern.

Last, this study explores employment patterns across the 12 countries by sec-
tor: public, private, and informal, which also vary greatly and have strong effects 
on levels of mismatch.

How Prevalent Is Education Mismatch in the Developing World?

The simplest way to define mismatch is to compare workers’ personal education 
to their job-required education. At the individual level, this study finds mismatch 
to be a widespread problem across all 12 STEP countries, with over-education 
proving to be more common than under-education.2 Among the highlights: 

•	 Vietnam had the lowest match rate between worker education and job-
required education, with just 26 percent of workers’ jobs requiring education 
that matched their own. Seventy percent of Vietnamese workers held a job 
that required less education than they had personally attained (they were 
“over-educated”) and just 4 percent held a job requiring more education than 
they had achieved (under-educated). 

•	 The Former Yugoslav Republic of Macedonia had the highest individual-level 
match rate, with 73 percent of workers holding well-matched jobs. Twenty-
two percent of Macedonian workers were over-educated, and 5 percent were 
under-educated. 

•	 Overall, the mean job-education match rate for all 12 countries was 52 per-
cent well-matched. The average over-education rate was 36 percent and the 
average under-education rate was 12 percent. Match rates for all countries are 
provided in figure ES.4.

Improving worker skills, whether through education or through other training, is 
one of the most common recommendations for promoting economic development. 

Figure ES.3 STEP  Survey Countries
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Figure ES.4 I ndividual (Actual) Match Rates between Worker Education and Job-Required 
Education, by Country
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However, the findings in this paper suggest that a large portion of worker skills in 
developing countries are already underutilized in the workplace, and that it is the 
skills required by jobs—not the skills workers themselves possess—that tend to lag 
behind. At the country level, it is clear that economic growth cannot take place 
through skills development alone; it is also necessary to foster the expansion of 
higher-skilled jobs to ensure that the capabilities of higher-skilled workers do not go 
underutilized. 

It is also important to note that the above rates of individual (actual) mis-
match differ from rates of aggregate mismatch, which are calculated by compar-
ing the number of total jobs requiring specific levels of education to the total 
number of workers who possess each of those levels of education. Differences in 
the distributions of personal education and job-required education give an 
upper-bound estimate of the shares of workers and jobs that can be well-matched. 
For example, aggregate rates range from 66 percent well-matched in Vietnam to 
89 percent well-matched in Macedonia, FYR. This indicates that education mis-
match is not simply an issue of training an ideal number of workers to correspond 
with an ideal number of jobs at the same education level. If that were the case, 
actual and aggregate rates would be identical. Instead, the lower actual match 
rates indicate that there is also a need to help workers find the jobs that most 
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effectively utilize their skills and match their educational backgrounds. Programs 
that seek to expand worker skills would be wise to also consider investing in 
efforts such as career counseling, job placement, and network-building activities 
like apprenticeships to ensure that the skills workers develop can be maximized 
once they become employed. 

Over-education is not an issue limited only to the developed world, nor does 
it only concern countries with large numbers of college graduates. It persists in 
developing contexts as well—including both countries with high rates of tertiary 
education (like those in Europe and Central Asia) and those with lower levels of 
average educational attainment (such as Ghana and Vietnam).

What Role Does Educational Quality Play in Under- and 
Over-Education?

Of course, measuring education is more complex than counting years in school 
or identifying level of educational attainment. What if we considered not only 
how much education workers possess, but the quality of the education they 
received? This study does that by incorporating literacy test scores for eight of 
the 12 STEP countries, which shed light on whether receiving a better-quality 
education or generally having obtained higher-level skills (as defined by higher 
performance on literacy tasks) can help workers access higher-level jobs than 
their level of educational attainment (in years) might suggest. If this turned out 
to be the case, we would expect to see reading test scores positively associated 
with being categorized as “under-educated.” Similarly, it would make sense to 
see low test scores associated with being over-educated for one’s job, especially 
at the tertiary level.

And yet, findings from this study indicate that test scores do not play a major 
role in explaining under-education. Test scores do play some role in explaining 
rates of over-education, but it is not a large one. 

•	 Five countries—Bolivia, Colombia, Ghana, Kenya, and Vietnam—had ade-
quate data to predict rates of under-education relative to test scores. In none of 
these countries did the addition of literacy test scores significantly change the 
patterns of mismatch observed. It does not appear that better performance on 
literacy tests increases the likelihood of holding a job requiring greater educa-
tion controlling for workers’ education level and other covariates. 

•	 Eight countries—Armenia, Bolivia, Colombia, Georgia, Ghana, Kenya, Ukraine, 
and Vietnam—had adequate data to predict rates of over-education relative to 
test scores. In four of the eight countries, when controlling for additional vari-
ables (see below), the odds of being over-educated rather than well-matched 
decreased as test scores increased.3 However, the effect size was small, and 
other educational factors—such as level of tertiary education and field of 
study—were more strongly associated with likelihood of over-education, as 
were job characteristics, such as informality. 
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Overall, it appears that while low test scores (such as poorer academic perfor-
mance) may play some role in workers’ being forced to take jobs whose required 
education is below their attainment, high test scores (such as stronger academic 
performance) do not seem to explain under-education. Rather, it could be that 
to explain rates of under-education one must look at skills not measured by the 
STEP literacy test, including access to nonformal training, noncognitive skills, 
personal relationships, or other factors.

How Much of the Observed Mismatch Rates Can Be Explained by 
Other Variables?

Educational attainment is only one determinant of the jobs workers hold. Clearly, 
there are numerous personal, societal, and economic factors that may explain 
why individuals end up in jobs for which they are under- or over-qualified. 
Because little research exists on education mismatch in developing countries, it 
is particularly useful to include these variables in this study’s model. The STEP 
Skills Survey includes background questions on areas like work history, house-
hold details, and health, which provide a number of additional control variables.

Past research (Sloane 2003; Jones et al. 2014) has explored several explanations 
for patterns of mismatch that go beyond aggregate skill and educational imbal-
ances. First, observed over-education may be due to transitory labor market fric-
tions. For example, young, well-educated workers may enter the job market 
lacking job experience, search skills, or effective networks and end up in jobs for 
which they are technically over-qualified, but eventually they may find their way 
to well-matched jobs as they gain career experience. Observed over-education 
may also be explained by individual preferences that make some workers (like 
students or women with small children) likely to accept jobs with lower educa-
tional requirements in exchange for benefits such as flexible schedules. Next, 
health-related limitations may make it more difficult for some workers to find 
jobs that match their qualifications. When using educational attainment as a mea-
sure of job matching, it is also important to account for the fact that some occupa-
tions in some contexts provide valid, alternative pathways for acquiring necessary 
skills, such as on-the-job training and years of job experience. In some cases, expe-
rience can substitute for education, so more experienced workers might be more 
likely to report being under-educated. In other cases, credential requirements may 
have risen in the period after more senior workers entered their occupation.

Last, although it is less recognized in the literature, gender, ethnic, or socioeco-
nomic discrimination may play a role in some countries and occupations. 
Examining demographic variables for such patterns could shed light on their 
contribution to over-education. Which, if any, of these factors help explain the 
patterns of mismatch observed across the STEP sample?

•	 Transitory labor market factors? Only in two of the eight countries with avail-
able data were workers more than 10 years out of school more likely to be 
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under-educated than workers less than 10 years out of school, indicating that 
workers may be able to replace education with skills learned on the job as they 
move through their careers. In no countries were young workers more likely 
to be over-educated than more experienced workers, indicating that workers 
may not be more likely to find better-matched jobs as they progress through 
their careers (although longitudinal data would be needed to confirm this). 

•	 Individual preferences? Some people may accept a job requiring lower skills 
than they possess for the convenience of working fewer hours. However, 
contrary to expectation, working part-time is associated with under-education 
in two countries and is not generally associated with over-education. 

•	 Gender? Only in Ghana were women more likely to be under-educated for 
their jobs than men, indicating that in all other countries women may, in fact, 
be just as able as men to substitute experience for formal education or use 
other alternative paths to occupational achievement. In terms of over-educa-
tion, in some countries women with young children have higher odds of being 
over-educated than men. 

•	 Health limitations? These do not explain either under- or over-education in 
participating countries. 

•	 Formal vs. informal sector? Employment in the informal sector is negatively 
associated with under-education, which is logical since informality is typically 
a response to a shortage of other job opportunities. Employment in the formal 
sector, it follows, is one of the only variables that helps explain under-education 
relatively consistently. Public sector employment, which is generally associated 
with formality, is strongly associated with jobs that are better matched to 
worker education, whereas employment in the informal and formal private 
sectors and self-employment are associated with over-education. 

•	 Years of tertiary education? Among workers who have some tertiary education, 
there is a strong relationship between years of tertiary education and likeli-
hood of being well-matched (that is, holding a job that requires tertiary study). 
In all countries, workers with the fewest years of tertiary education faced a 
much greater risk of holding a nontertiary job and thus falling in the over-
educated category. 

•	 Field of study? Among tertiary graduates, the relationship between field of 
study and over-education varies between fields. For example, rates of over-
education for graduates in the humanities and social sciences, health, and law 
tend to be below country averages, whereas rates for business graduates tend 
to be above country averages. Graduates of STEM/technical fields tend to be 
over-educated at rates similar to their country averages. 
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Overall, most of the control variables this study employs account for only a 
small part of the mismatch observed in STEP countries. Thus, much of the 
observed under- and over-education in these countries may indeed reflect 
genuine issues of education-job mismatch in their economies. The fact that the 
strongest indicators of over-education are employment in informal jobs of various 
kinds supports the conclusion that skill underutilization is a serious problem in 
developing contexts. There is a great deal of underemployment in developing 
countries relative to the measured skills of workers.

Do Workers with More Education Perform Higher-Level Tasks?

It is clear from these findings that over-education is prevalent across the 12 
STEP countries. However, what is not clear is whether or not over-educated 
workers are actually performing the same types of tasks at work as their well-
matched, less-educated coworkers. After all, individual jobs, even in the same 
industry or organization, are rarely identical. A worker with tertiary education 
may hold a job that officially requires only secondary education, but she may 
use additional skills in her everyday work that a colleague with a secondary 
education may not possess. If tertiary-educated workers perform high-skill 
tasks even in lower-skilled jobs, the observed rates of over-education may be 
more apparent than genuine.

STEP collects data not only on worker education and job-required education, 
but also on the types and complexity of tasks workers perform at their jobs and 
outside of work, including complexity of reading, writing, numeracy, and 
problem-solving tasks. This study uses this information on job task complexity 
to compare three categories of workers: well-matched workers with upper-
secondary education, well-matched workers with tertiary education, and over-
educated workers with tertiary education. Analyses examine the extent to 
which the tasks performed by over-educated tertiary workers are similar 
to those performed by well-matched upper secondary graduates as opposed to 
well-matched tertiary graduates. Among the findings:

•	 Overall, measured by what people actually do at work, tertiary workers in jobs 
requiring less than tertiary education have more highly skilled jobs than work-
ers with upper secondary education in the same jobs. But this generally closes 
only about one-quarter of the skill gap between well-matched upper second-
ary workers and well-matched tertiary workers.

•	 In almost all countries, over-educated tertiary graduates perform tasks more 
similar to those performed by well-matched secondary graduates than to the 
substantially more complex tasks performed by well-matched tertiary gradu-
ates, which we might expect the mismatched tertiary graduates to be able to 
perform given their test scores. 

•	 Ghana is the only country in which over-educated tertiary graduates fall 
squarely midway between well-matched secondary and tertiary graduates. 
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These results strongly suggest that measured over-education among tertiary 
graduates involves considerable genuine underutilization of skills. The nature of 
these graduates’ work is determined more by their jobs than by their own edu-
cational level; their on-the-job tasks are much closer to the tasks of their (less-
educated) coworkers than to those of their well-matched tertiary classmates.

Again, this supports the overall finding that skill underutilization is a 
challenge across diverse developing countries. STEP data provide evidence 
that, even in countries with high proportions of tertiary graduates, a lack of 
higher-skilled jobs contributes to mismatch between workers’ personal and job-
required education, not simply a lack of workers with the skills needed for such 
jobs. The benefits of investing in education and training programs will be 
dampened significantly as long as the growth in high-skilled jobs fails to keep 
pace with the output of education systems. 

Take-Aways for Policy Makers
•	 Over-education is prevalent not only in the higher-income world, but also in low- and 

middle-income contexts.
Eleven of the 12 STEP countries had higher rates of over-education than under-education, 
with an overall average of 36 percent of workers classified as over-educated. The fact that 
this includes both countries with higher levels and those with lower levels of average 
educational attainment suggests that over-education is not simply a matter of high-
income countries producing too many college graduates. The problem is significant 
across countries with a range of educational and skill levels.

•	 Academic performance, as measured by literacy scores, is not strongly associated 
with mismatch rates.
It appears that educational credentials and years of education are much greater determi-
nants of over-education than test scores. Rather than suggesting that educational qual-
ity and academic skills are unimportant, this finding may suggest a widespread use of 
educational attainment as a signaling or screening mechanism by employers.

•	 Mismatch rates cannot be attributed generally to gender, health limitations, individ-
ual preferences, or worker career stage.
Job sector (formal/informal, public/private) seems to be the variable that matters most in 
explaining over- and under-education patterns, suggesting that much of the mismatch 
observed in this study may be genuine.

•	 Findings suggest that over-educated tertiary workers do not fully utilize their skills.
It is vital that expansion of education and training not take place in a vacuum; policy 
makers should consider accompanying such investments with policies to support the 
growth of high-skilled jobs.
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Notes

	 1.	This report uses the term “academic performance” in reference to what a student 
has actually learned through formal education (as opposed to “seat time”). In practice, 
this is typically measured through grade point average and (in the case of STEP) test 
scores.

	 2.	See chapter 5, table 5.2, for job-education match rates for all 12 countries.

	 3.	Significant at a 0.05 alpha-level.
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Introduction

A common prescription for improving jobs and living standards is increasing 
workers’ education and skills, qualifying them for higher-valued-added tasks. 
However, the relationship between education and employment is not necessarily 
straightforward. A growing body of research has focused on understanding the 
patterns and causes of mismatch between workers’ actual education and skills, 
on the one hand, and those required by their jobs, on the other. 

Why is understanding mismatch—and its drivers—so important? For policy 
makers, it is necessary to make informed decisions about education, training, and 
job creation in their specific economic contexts. On both a societal scale and for 
individual workers, high rates of mismatch (in particular, high rates of over-
education) can impact wages and worker morale. Some studies find that over-
qualified workers are less likely to be satisfied with their jobs than well-matched 
workers with the same educational background (Tsang 1987; Battu, Belfield, and 
Sloane 2000; Verhaest and Omey 2006; and Verhofstadt, De Witte, and Omey 
2007). While the literature on the relationship between mismatch (especially the 
persistence of mismatch) and wages is mixed, some research suggests a negative 
association. Guvenen et al. (2015) found that while mismatch declines over a 
worker’s career, starting out in a poorly matched job can have a long-term impact 
on a worker’s wages, even for those workers who go on to find a better-matched 
job in a different occupation. 

Most of what we know about defining, measuring, and understanding mis-
match comes from research on over-education in higher-income countries. 
Beginning in the 1970s, concerns about a surplus of college-educated workers 
and the diminishing returns of higher education sparked an interest in over-
education. Freeman (1976) predicted in his much-discussed book, The 
Overeducated American, an ongoing decline in wage premiums for college- and 
high-school-educated workers. Smith and Welch’s subsequent research (1978), 
which indicated that wage declines may not have been as large as initially feared, 
tempered some concerns. Duncan and Hoffman (1981) introduced research on 
over-education at the individual rather than the aggregate level that has informed 
much of the research since. 
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However, even as these early models have been changed and improved upon, 
other research has sought to make a distinction between workers who are over-
educated and workers who are over-skilled. Studies like that by Allen and van 
der Velden (2001) have posited that over-educated workers are not necessarily 
over-skilled, meaning that they may still be appropriately matched to their jobs. 
Correcting for this omitted variable bias has proved challenging. 

Overall, over-education common in the developed world and its prevalence 
range widely. A 2011 OECD meta-analysis found that when using qualification 
as a proxy for mismatch, up to a quarter of workers in OECD countries could 
meet the definition of being over-qualified, and one in three may be under-
qualified (Quintini 2011). Most OECD countries fall between the two 
extremes of Sweden (where over 35  percent are over-qualified) and Finland 
(about 10 percent over-qualified). More recent research has confirmed these 
trends and even suggested that in parts of the world over-education may be 
increasing. The 2014 European Skills and Jobs Survey found that in the 
European Union (EU), about 25 percent of highly qualified young adult work-
ers were over-qualified for their jobs. Moreover, those who graduated after 2008 
were almost twice as likely to be over-qualified for their first jobs than those 
who had graduated between 1991 and 2000. Forty-two percent of EU employ-
ees felt they had “few opportunities to find a job matching their skills and quali-
fications” (Cedefop 2015). 

Even with a rich literature to draw from, it is challenging to draw broad, global 
conclusions about rates of over-education, because different studies (even within 
the same country) often use different measurements for job-required education. 
Leuven and Oosterbeek (2011) found in their review of worldwide mismatch 
research that the overall mean rate for over-education was 30 percent of workers, 
while the overall mean for under-education stood at 26 percent. Breaking this 
down by continent (Asia, Australia, Europe, Latin America, and U.S./Canada), 
they found that the share of over-educated workers was, on average, largest in the 
U.S. and Canada and smallest in Asia. 

But what does education mismatch look like, more specifically, in the 
developing world? Only a modest amount of research has addressed mismatch in 
these contexts, mostly due to lack of data on the years of education required for 
specific jobs. Mehta et al. (2011) used labor force surveys from four countries to 
observe over-education, which they measured based on rising education levels 
for low-return jobs with little technological change. They found evidence of over-
education in low-skill jobs in the Philippines, mild evidence of the same in 
Mexico, and no evidence of it in India or Thailand. Other studies have looked at 
the relationship between education and jobs in individual countries or regions, 
such as Quinn and Rubb (2006) in Mexico and Herrera and Merceron (2013) in 
Sub-Saharan Africa. 

However, little research exists on broader trends in mismatch across larger 
numbers of low- and middle-income countries. Is over-education prevalent in 
these contexts as well, or is under-education more widespread? Finally, are 
there factors specific to these contexts—such as gender dynamics, health 
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limitations, and the presence of large informal sectors—that can help explain 
these patterns of mismatch?

The World Bank’s STEP Household Skills Survey seeks to fill these gaps by 
providing new, detailed information on workers’ education, skill, and job 
backgrounds in low- and middle-income countries. Unlike past skill surveys, 
STEP is particularly suited to address questions of mismatch because it contains 
parallel measures for workers and jobs, permitting more direct linkage between 
skills and education levels. 

What do the STEP data tell us? Results from data on urban workers from a 
diverse group of 12 low- and middle-income countries show that mismatch is 
indeed common. As in most of the higher-income countries studied in previous 
research, in the developing world over-education is the most prevalent type of 
mismatch observed. When models include additional controls, it appears that 
mismatch does not reflect personal job preferences, search frictions associated 
with youth and inexperience, or health limitations. Both academic performance 
(test scores) and gender are associated with the probability of being over-edu-
cated, but the relationships are not as strong or consistent across countries as 
might be expected. Stronger associations are found between over-education and 
both working at an informal job and in a job outside the public sector. 

This report is divided into three parts. Part 1 (Chapters 1 and 2) provides 
background and discusses the conceptual basis for understanding skills and mis-
match. Part 2 (Chapters 3 and 4) explains the STEP samples and measures as 
well as the descriptive statistics for predictors used in analyses. Part 3 (Chapters 5 
and 6) summarizes the mismatch rates found through the STEP surveys and 
analyses, controlling for detailed measures of worker skills and other worker 
characteristics as well as structural labor market characteristics relevant to alter-
native explanations of mismatch.
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Cha   p t e r  1

Defining and Measuring Skills 
and Mismatch 

Defining Skills

Understanding a complex construct like “skills” requires systematically specifying 
its dimensions or facets and finding ways to effectively measure them. A skill can 
be defined as any capability that satisfies some practical requirement of work. 
That is, skill is not simply some knowledge, credential, status, or other personal 
characteristic; the quality or capacity must be directly relevant to job perfor-
mance. A commonly used scheme distinguishes among types of skills that are 
cognitive, interpersonal, and manual.1 

STEP (Skills Toward Employment and Productivity) contains information on 
each dimension, but cognitive skills are the focus in this report given their 
importance for most discussions of mismatch and given scope and complexity 
considerations. Of course, in recent years, research has elucidated the important 
role noncognitive skills (often called socioemotional or soft skills) play in 
cognitive performance, educational attainment, and labor market outcomes 
(Heckman, Sitxrud, and Urzua 2006; Carneiro, Crawford, and Goodman 2007), 
and such skills will be important to address in a future publication on the 
socioemotional dimension. 

Even cognitive skills alone cover a wide range, which can be conceptualized 
systematically, roughly hierarchically, and by source, as in table 1.1, which divides 
cognitive skills into four categories, as follows. 

Specific high-level, formal knowledge. This is usually acquired through ter-
tiary education and is required for a number of highly skilled managerial and 
professional jobs. 

Specific mid-level knowledge and skills. These skills usually require shorter 
formal education or training than the preceding and are common in technical, 
craft, and certain clerical jobs. This category also includes skills needed for differ-
ent discrete, mid-skill tasks found across the occupational spectrum requiring 
brief training. Notable in this category are information technology skills, but the 
category also includes myriad other skills of varying generality or specificity 
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found across occupations, industries, firms, and jobs. (Examples are typing, sew-
ing, bookkeeping, and office procedures; competence using specific software or 
IT hardware; working with specific materials, tools, and mechanical equipment; 
and procedures such as hazardous materials handling.) Mid-level skills can be 
acquired in a variety of institutions, such as general and vocational secondary 
schools and post-secondary/nonuniversity institutions, as well as through some 
combination of experience, on- or off-job training, and apprenticeships, but nar-
row job skills are often learned at the workplace. 

General academic skills. These are skills used on the job, such as literacy and 
numeracy, that correspond to curricula at the primary, secondary, and tertiary 
levels, depending on the skills’ complexity level. 

General cognitive skills. These include skills such as reasoning and problem 
solving, which are acquired through life and work experiences as well as school-
ing at all levels. 

The latter two groups are the most transversal. They are often called founda-
tion skills because they are necessary for acquiring the occupation-specific skills 
of varying complexity listed above them. Clearly, a number of the distinctions in 
table 1.1 are heuristic, and the particular examples may be open to alternative or 
multiple placement. Nevertheless, this category scheme is a useful framework for 
understanding the diversity within the cognitive skills domain. 

Table 1.1 T he Cognitive Skills Domain

Skills Sources

•	 Specific high-level knowledge, such as that in

Tertiary
°° STEM fields

°° Medical fields

°° Other managerial and professional fields 
•	 Specific mid-level knowledge/skills, such as that in

Secondary, TVET apprenticeships, 
OJT

°° Technical occupations

°° Craft and repair occupations

°° Other mid-skill fields (e.g., clerical occupations)

°° Narrow job skills (business procedures, 
information technology, use of specific tools/
equipment, e.g., forklift)

Employers, TVET, schools

•	 General academic skills—including foundation 
skills—such as Primary, secondary, tertiary, and 

others °° Reading, writing, basic math 

°° Organizational skills
•	 General cognitive skills—including foundation 

skills—such as

Schools, work, and life experience 
°° General knowledge 

°° General reasoning, analytical skills 

°° Problem solving

°° Trainability, learning how to learn

Note: STEM = science, technology, engineering, math; TVET = technical and vocational education and training; OJT = 
on-the-job training; primary, secondary, and tertiary refer to levels of formal education. 
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Table 1.1 represents a map of the skills domain that any systematic battery of 
skill measures must cover and against which the content validity of the measures 
is judged. Most specific examples of what is meant by “skills” can be located in 
one or more of the categories in this table. A good set of measures should aim for 
thorough coverage of the categories in this list. It makes no sense to speak about 
a skills mismatch problem without further specifying which skills are the subject 
of concern, despite the frequency of this approach in public discussion and even 
in much research. It is clear that even cognitive skills are innumerable, varying 
both by level or amount and by kind, and varying as well by the generality of their 
applicability across jobs and by the sources from which they are acquired (formal 
schooling, training, workplaces, general life experience). All of these—amounts, 
kinds, generality, and sources—affect possible directions for policy. 

These four dimensions are highlighted in an alternative representation, shown 
in table 1.2, which underscores the complexity and diversity of the skills domain 
and the different perspectives involved in considering skill content, providers, 
and applicability to varying kinds and numbers of jobs. 

General pronouncements that an economy has “a skills mismatch problem” 
lack policy-actionable content and are essentially empty. Claims that the level of 
education is the source of the mismatch problem are somewhat more specific 
but still beg the questions of whether the problem lies with foundation skills, 
vocational or technical middle skills, specific higher-level knowledge (e.g., STEM), 
or some subset of the innumerable job- and occupation-specific skills. The latter 
are a constant concern of the particular firms that utilize them and are often 
channeled into more general calls for improving workforce skill levels. Table 1.2 
provides a systematic paradigm for understanding the different meanings of the 
cognitive skills concept, whose relevance will vary depending on the context. 

Table 1.2 C onceptual Map of Cognitive Skills: Three Levels and Four Kinds, Varying Applicability, and 
Numerous Sources

3. Applicability to jobs

3A. General skills 3B. Specific skills

1. Skill level 2A. Kinds of general skills 2B. Kinds of specific skills 
(a) 3Rs plus (b) General cognitive (c) Specific body of 

knowledge, fields of study
(d) Particular skills 

(discrete) 
1A. High

1B. Medium

1C. Low

•	 math
•	 writing
•	 reading
•	 general knowledge
•	 organizational skills

•	 general knowledge
•	 general reasoning, 

analytical skills
•	 problem solving
•	 trainability, learn how 

to learn

High: STEM, medical, other 
managerial & professional, 
etc. 

Medium: technical, craft/
repair, upper clerical, etc. 

•	 use of IT software/
hardware

•	 business procedures
•	 working with specific 

materials, tools, 
equipment

4. Source Schools (all levels), 
general life 
experience

Schools (all levels), life 
experience, work

High: Tertiary education 
Medium: TVET, secondary 

education, OJT, 
apprenticeship 

Workplace, TVET, 
schools (tertiary, 
secondary)

Note: All kinds of skills span all three levels, although (c) Specific body of knowledge is rarely found at low skill levels, unlike the more discrete skills 
and associated knowledge represented in (d), which are specific to particular occupations, industries, firms, or jobs. Sources for each kind of skill 
are listed in rough order of importance in the bottom row. 
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From the perspective of research and policy, the easiest skills to measure in 
greater detail are those acquired in formal education and relatively general 
(transversal), listed in column (a). However, the skills that matter most to 
employers are often quite specific, listed in column (d), which creates dilemmas 
for research and policy.

It is always possible to specify job skill content more finely—indeed 
in infinitely fine detail.2 The challenge is to reduce the intrinsic complexity 
of the myriad skills people use at work to a small, usable number of key 
measures for tracking national progress and identifying the most pressing 
needs, priorities, and policy gaps. Any tractable number of skill indicators 
must be selective and necessarily omit detail; there are limits on the granu-
larity with which a general survey can measure specific skills. 

The natural starting point in addressing this challenge is to look at the level of 
education required for a given job. Job analysis in industrial/organizational (IO) 
psychology is the behavioral science field concerned with understanding job 
requirements (see Harvey 1991). A key principle of job analysis is to rate the job, 
not the person holding it. Just because a job is held by someone with a tertiary 
degree does not mean the complexity of the tasks requires or uses the skills and 
abilities conferred by a university education. Reflecting this principle, the gold 
standard for measuring job-required education is on-site observation and inter-
views by job analysts trained in IO psychology (U.S. Department of Labor 1991). 
Needless to say, such data are quite scarce and costly to collect. The following are 
three alternative strategies for determining job-required education. 

Statistical methods. Data limitations compel most mismatch researchers to 
estimate job-required education using the modal or mean personal education of 
workers within occupations, blurring the distinction between worker traits and 
job traits. By using realized person-job matches in lieu of direct job measure-
ment, this empirical measurement strategy assumes some level of efficiency and 
appropriateness of the matching process from the outset, that is, it presumes part 
of what it seeks to ascertain. This method cannot distinguish education levels 
that reflect technical job requirements from those reflecting systematic mis-
match, such as credential inflation or widespread over-education (such as young 
university graduates working in coffee shops). It also suffers from some arbitrari-
ness in choosing which measure of central tendency to use (mode vs. mean), 
whether or not to define a good match using a range of values centered around 
this value, and, if so, the width of the range (such as mode ± 1 year versus mean 
±1 standard deviation). Because there is almost always some variation in educa-
tion levels within occupations, by construction virtually all occupations will have 
some workers coded as over- and some coded as under-educated (for example, 
>±1 standard deviation from mean). The method takes no account of whether or 
how the task requirements of those workers’ jobs may vary from the typical job 
within the occupation, because job task information is typically not collected. 

Researcher judgment. An alternative method used in a few studies involves 
researchers’ assigning educational requirements to jobs based on their judgment 
of the nature of the work within the occupations. This method usually relies on 
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a high level of occupational aggregation (1-digit occupational categories) because 
of the difficulty of making judgment-based ratings at finer levels. The approach 
avoids defining some workers as mismatched based on arbitrary statistical crite-
ria, but the ratings are more subjective and cannot capture variation within 
highly aggregated occupational groups. 

Job-holder surveys. A third method is to ask job-holders to report the educa-
tion required by their jobs. This is the measure STEP employs. This approach 
collects data at the job level rather than the occupation level. This avoids the 
problems of defining requirements based on arbitrary ranges and creating groups 
of over- and under-educated workers within every occupation by construction. It 
also avoids the opposite limitation of treating all jobs within the same occupation 
as having identical skill requirements by assigning them a single score. 

This last method was used fruitfully in a number of surveys conducted mostly 
in the 1970s and early 1980s in the United States3 and has recently been revived 
by the Survey of Workplace Skills, Technology, and Management Practices 
(STAMP), with surveys run in 2005 and 2008, and used in both the UK Skills 
Survey series and the OECD’s Programme for the International Assessment of 
Adult Competencies (PIAAC).4 Job-required education is a simple, single survey 
item that is easily implemented and, as this paper hopes to show, is worth adopt-
ing as an international standard for use at periodic intervals in national labor force 
surveys as part of a standard battery of job skill indicators. Although self-report 
methods raise validity and reliability issues of their own (which will be discussed 
in an upcoming paper), an extensive review of mismatch research concluded 
they are the best alternative to job analysis by trained raters (Hartog 2000). 

A virtue of job-required education is that it speaks directly to the questions 
asked by most policy makers and other nonresearchers concerned with skills 
mismatch. Indeed, it should be underscored that the interpretation of any job 
skill score is greatly facilitated when it is measured on the same scale as the vari-
able with which it will be compared, in this case personal education. When 
person-measures and job-measures are not expressed in common units—which 
is often the case for surveys dealing with job-task content (Handel 2003, 2005, 
2008)—determining whether there is any mismatch between persons and jobs is 
much more difficult; mappings between coding systems potentially introduce 
another source of error variance. Personal education is the most widely used vari-
able in the study of labor markets, but job-required education is found in a much 
more restricted literature. Although the correspondence between school curri-
cula and job responsibilities is rarely exact, the concept of job-required education 
is arguably a necessary implication of human capital theory (see box 1.1).

After education level, the logical extension is to measure the kind of skills jobs 
require. Following are three methods that can help to more accurately determine 
the quality of matches between persons and jobs. All three methods are repre-
sented in the STEP survey, as part 2 will outline in further detail. 

Field of study. The STEP survey contains a detailed set of items on field of 
study at all relevant levels (secondary vocational, postsecondary vocational, 
apprenticeships, and tertiary). As with job-required education, these items are not 
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unique to STEP, but they are relatively uncommon in surveys focusing on labor 
market issues. The STEP items and response categories are also considerably more 
detailed than those used on PIAAC, which only covers field of study at the ter-
tiary level. These data provide much richer detail on national skill stocks than is 
commonly available (detailed, comparative country profiles will be available in a 
subsequent report). These person-measures can be compared with jobs to assess 
(mis-)match using established correspondences between field of study and stan-
dard occupation variables, as well as through items specific to STEP, PIAAC, and 
a few other surveys asking workers how useful their education is for their jobs. 

Field of study provides much greater detail for mismatch analyses than level 
of education alone, and the two together provide reasonable coverage of the first 
two broad categories in table 1.1, aside from narrow job skills. However, field of 
study is also likely to be applicable primarily to people with a tertiary education. 
Most people without a tertiary degree do not complete vocational secondary 
education or an apprenticeship. They receive a general academic education, 
whose skills are represented by the third and fourth categories in the skills map 
given in table 1.1. These general academic and cognitive skills are used also at 
higher levels of complexity by tertiary- and TVET-educated workers.

Task scales. Directly measuring job skill requirements and the person 
abilities corresponding to these categories is challenging. STEP follows 

Box 1.1  Human Capital Theory

Human capital theory implies that worker and job characteristics can be measured on the 
same scale by individuals deciding how much to invest in their own education and skills 
acquisition. Indeed, quantity of education, along with work experience, is the most common 
definition of human capital among researchers and is presumed to reflect the education level 
required by the jobs desired by the future worker.

In practice, most human capital studies simply assume perfect labor market matching on 
principle or for convenience and identify job-required education with the education of job 
holders themselves. That is, the traits of the job are assumed to be identical to those of the job 
holder. For anyone concerned about possible mismatch, this more or less settles all issues in 
advance by assuming them away. 

For researchers treating mismatch as an open question, independent measures of job edu-
cation requirements are necessary in order to avoid such circularity while remaining consistent 
with the human capital assumption that individuals’ conceptions of job requirements and the 
education and training options available to them are scaled in similar units. If jobs could not be 
scaled in terms of educational requirements, it is difficult to see how any prospective labor 
market entrant could make reasoned decisions regarding the educational level necessary for 
the kind of job she or he desired and how any good labor market matches beyond chance 
would be possible, much less perfect matching. Economic theory would seem to require the 
concept that jobs can be measured in grade-equivalent units and understood by workers in 
those terms. 
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STAMP’s strategy of explicit scaling to measure the reading, writing, math, and 
problem-solving tasks people perform on the job and in their daily lives. 
Explicit scaling involves framing items and response categories whenever 
possible in terms of concrete facts, behaviors, events, and absolute quantities, 
rather than using relative judgments or rating scales. Following the reasoning 
behind criterion-referenced testing, the task items ask about specific kinds of 
math performed and the quantity (in page length) and kinds of reading and 
writing tasks typically performed. 

Following the logic of ordinal item response theory, most of these scales were 
designed as Guttman (or Mokken) scales with a clear difficulty gradient, though 
not calibrated as finely as parametric scores from models based on Item Response 
Theory (Handel 2008, 2016).5 The PIAAC survey used many of these items but 
STEP goes beyond previous surveys in asking all adults a closely similar battery 
of task items regarding their daily nonwork lives to understand the skills of the 
nonemployed, who represent potential labor market participants, and to account 
for the possibility that employed adults have job-relevant capabilities that are not 
utilized in their jobs. These measures provide greater substantive detail and finer 
measurement of the foundational, academic, and transversal specific skills that 
are required by work and that people are capable of performing. (Note that 
STEP survey items on computer tasks performed on and off the job, as well as 
other items on technology use also used by STAMP and PIAAC, will be the sub-
ject of a separate paper). 

It is useful to note in this context that while measures of personal and job 
education are also straightforward and intuitive and have a natural difficulty 
gradient, they are also rather coarse and general and do not reference criteria, 
such as specific literacy or numeracy levels. Therefore, task measures fill in 
large  gaps that mismatch research has identified with established indicators, 
although these measures present their own challenges in terms of determining 
grade-equivalence.

Test scores. For a subset of countries, STEP also contains a reading assessment 
whose content and scoring were designed to be consistent with a similar assess-
ment conducted for PIAAC. Concern with the way skills learned in school are 
used in the workplace also fed into the design of the PISA assessment conducted 
by the OECD (Kirsch et al. 2002, p.18). However, it is not clear that any test can 
avoid the issues associated with establishing grade-equivalence noted earlier. 

Both the test scores and task scales permit finer skill distinctions between per-
sons and jobs than is possible based on personal or job education alone, and the 
task scales use units with absolute rather than relative meanings. But even decades 
of work in test psychology have not produced a method of equating scores 
to  schooling levels in ironclad fashion. As will be clear from the next section, 
it is much easier to assess congruence or mismatch when all skill indicators are 
commensurate, that is, when they have common, preferably objective, metrics.

These complications reflect challenges that are intrinsic in trying to assess 
mismatch in specific and concrete terms (What are the skills that people have and 
jobs require?). STEP scores measure work-related texts, documents, and math 
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tasks according to frequency and time spent, but the diverse and frequently 
inconsistent methods for scoring the readability or grade-equivalency of prose, 
documents, and quantitative tasks attest to the absence of standard or consensus 
approaches to scoring complexity or grade-equivalency (Klare 1974–1975; 
Mosenthal and Kirsch 1998; Fernandez 2001). Even when the targets and units 
of measurement are objective, as they are for task scores, the different behaviors 
measured are qualitatively diverse and there are no obvious natural or common 
units to represent different levels of complexity. When constructs are abstrac-
tions, such as cognitive abilities, the situation is complicated further. Nevertheless, 
test scores permit finer discrimination within levels of personal education, and 
task scores permit finer discrimination within categories of job-required educa-
tion. Test scores and task scores, especially, permit greater understanding regard-
ing the actual meaning of education categories in concrete terms. 

The measures of job-required education, field of study, test scores, and job and 
daily life tasks involving general academic skills (math, reading, writing) and use 
of general cognitive skills (problem solving) cover almost all of the skills laid out 
in the map in table 1.2. The largest remaining gap is in covering the myriad firm-, 
job- and occupation-specific skills that are acquired mostly outside formal school-
ing, which are often critical for work. 

Some of the latter technical, vocational, and career skills are acquired through 
apprenticeships; through formal training provided by employers, governments, 
and others; or through on-the-job training, learning-by-doing, or general life 
experience. Long lists of such skills can be found in sector-based guidelines for 
skills standards and in some national qualifications frameworks, but the skills 
listed in those places are both too numerous and apply to groups that are too 
narrow for their inclusion in a general household survey. Part of the problem 
with previous work on mismatch is the failure to recognize that skills can be 
specified at an infinitely fine level of detail but cannot be measured easily at that 
level of detail. Any practical effort has to decide how to capture narrow skills 
most effectively.

The STEP survey approached this challenge by collecting information 
on apprenticeships and formal training and by measuring the amount (but not 
kind) of job-specific skills in common and objective units by asking about the 
number of years of prior experience required for the current job and the length 
of time required for learning the current job. “Time required” is the only obvious 
basis for consistent cross-job measurement of the effectively infinite number of 
qualitatively distinct, nontransversal skills used at work. The STEP survey repli-
cated questionnaire items used by job analysts at the U.S. Department of Labor 
to construct measures of Specific Vocational Preparation for the O*NET database, 
which the agency’s public employment service uses to assist the unemployed in 
searching for new jobs and which is distributed widely to the public as an official 
source of occupational information for career exploration and guidance (Oswald 
et al. 1999; Peterson et al. 1999).6 The measures of required experience and job 
learning times were also used previously by the STAMP survey (Handel 2008, 
2016), and then adopted by the OECD’s PIAAC. These measures are not easily 
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equated to levels of schooling, but some of the skills they represent differ in kind 
from those transmitted through schooling and are too specialized to include as 
distinct items in a general survey. Nevertheless, the extent to which learning 
through practice characterizes different jobs or individuals’ careers is relevant for 
the question of mismatch. 

Defining Mismatch

The concept of skills mismatch is subject to varying definitions and measurement 
strategies. Three common conceptions of mismatch are skills shortage, job short-
age, and mismatched fields of study.

Skills shortage. In some contexts, even though some workers want employ-
ment or increased work hours and employers have unmet labor needs, the latter 
will not hire the former at current wages because their skills are inadequate or 
inappropriate, that is, there is a skills shortage. Individuals want more work and 
employers want more workers, but lack of congruence between persons’ skills 
and job skill requirements produces simultaneous under-employment and vacan-
cies in excess of normal, frictional levels. In many countries there is a concern 
that insufficient skill formation is a drag on growth and development, although 
it should be said that simultaneously high levels of idleness and job vacancies 
would be absent if unskilled jobs were as plentiful as unskilled workers. In such 
a case, current skills would not be well-matched with a desired future state of the 
job market, which is a reasonable concern for policy and research, but there 
would be no mismatch relative to current job opportunities. 

Job shortage. In other contexts there is a concern with over-education, which 
suggests the possibility that education is valued in the job market for reasons other 
than its direct, technical relationship to job performance (such as credentialism, 
screening, signaling), valued by individuals for status reasons, or insufficiently uti-
lized due to weak demand from employers. That is, there is a job shortage rather 
than a skills shortage. When attractive jobs are scarce relative to the skills of the 
labor force, there are high levels of “wait unemployment” and potential waste of 
skills due to atrophy and depreciation from underuse. In the case of a jobs shortage, 
the biggest problems may be inadequate investment, poor investment climate or 
levels of investment, business inefficiency, inadequate infrastructure, poor macro-
economic conditions, bad policy, weak governance, or other issues relatively unre-
lated to the performance of the education system. Although there is always the 
hope that increasing the supply of skills will increase the demand for them, deciding 
that employment problems dictate producing more graduates when large numbers 
are not being absorbed currently is unlikely to get at the root of any problem. 

Field-of-study mismatch. The possibility that the employment problems of 
university graduates are due to mismatches between fields of study and the kinds 
of knowledge valued by the labor market is considered further below. Researchers, 
practitioners, and governments have spent decades considering a similar issue 
regarding the value of academic and vocational education for secondary and sub-
baccalaureate students. 
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For the purpose of this research, the term “job shortage” will be used in prefer-
ence to “education surplus” or “skill surplus,” because in most cases the goal is to 
raise the number of high-skilled jobs rather than to reduce the number of gradu-
ates in order to achieve balance between skill supply and demand, and often the 
main sources of difficulty are on the labor demand side rather than the supply side. 
This is not meant to rule out the possibility of situations described more aptly as 
“education surplus,” in which universities, in particular, expand enrollments far 
beyond what the labor market could be expected to absorb under any reasonable 
scenario. One objection is that the concept of mismatch focuses exclusively on 
wages rather than tasks, and is described in more detail in box 1.2. 

Box 1.2 M ismatch and Wages

One objection to the concept of mismatch focuses exclusively on wages rather than tasks and 
avoids the issue of directly measuring job skill requirements altogether. In this view, when the 
number of low-skilled job-seekers exceeds the number of low-skilled jobs, the two sides are 
brought back into balance simply through wage changes. Declining wages for less-skilled 
workers induce employers to hire more of them and induce those remaining unemployed to 
exit the labor force, while wage increases for relatively scarce higher-skilled workers induce 
some employers to abandon their own searches, shrinking the number of open positions. 
A similar situation applies in the opposite case of a shortage of high-skilled jobs relative to job-
seekers, which also induces declining educational attainment in response to wage signals.

Assuming perfectly flexible prices and agents, there would never be mismatch relative to 
current job opportunities. However, most policy makers, firms, and individuals would proba-
bly not consider this kind of equilibrium to be an attractive one, as it leaves wealth generation 
below potential and leaves some firms and workers idle, underutilized, and discontented. 
A university graduate in a technical field who works as a salesperson in a small shop selling 
imported electronics could be considered well-matched simply by virtue of the employment 
relationship itself, that is, the worker’s willingness to trade his or her labor for compensation 
freely according to the terms offered by the employer. However, most observers would con-
sider it an example of over-education mismatch. 

Likewise, unusually large wage differentials by education or large changes in education 
premiums might be considered the only reliable measures of imbalance or disequilibria. 
However, there are various institutional forces that affect wages and make them imperfect 
indicators of the state of the supply of and demand for skills (such as unions, efficiency wages, 
gender discrimination). Perhaps most importantly, wage series contain little specific informa-
tion on what people do at work, which means they cannot be used to identify the nature of 
skills that workers possess and that jobs require in any detail, which limits their utility for 
informing policy and human capital decisions among various actors. Although relative wages 
are both labor market equilibrators and labor market indicators, direct measures of job skill 
levels as well as worker skills and wages are needed if policy makers, education and training 
providers, employment counselors, job-seekers, and students are to have a deeper under-
standing of the state of the labor market. 
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The proposed framework for understanding mismatch is illustrated by the 
symmetric table below (table 1.3). Individuals are cross-classified by their per-
sonal education (rows) and the education required by their jobs (columns), 
with group totals indicated by letters in the marginal rows and columns and the 
grand total in the bottom-right cell. This resembles a standard mobility table, 
except that a person’s origins are described in terms of educational attainment 
and destinations are represented by job-required education. It is legitimate to 
treat this square matrix as a kind of mobility table insofar as personal educa-
tional attainment precedes the current job held and by all expectations is 
intended to put the future worker on a certain career trajectory. To the extent 
that the education required by the current job exceeds or falls below a person’s 
educational level, that person’s status may be regarded as representing upward 
or downward mobility relative to his or her expected trajectory. The table 
is simplified for purposes of presentation but can be extended easily to finer 
categories and even to the continuous measurement of persons and jobs in 
terms of years of education, as was done in early work on occupational mobility 
(Blau and Duncan 1967, pp. 28ff.), although sophisticated analyses become 
cumbersome when the number of categories is large. 

In table 1.3, any inequality between corresponding row and column totals 
implies some degree of mismatch. If the total number of highly educated work-
ers (C) is greater than the total number of jobs requiring high education (F), then 
some workers who might be expected to populate cell 9 will hold jobs requiring 
less education in cell 8 and possibly cell 7. If cell 6 or even cell 3 is populated, 
then frequencies for cells 8 and 7 will be even higher than the difference between 
the aggregate figures in the marginal cells, because some of the relatively scarce 
high-education jobs will be filled by workers with less than a high education. 
Whether this mismatch in excess of levels implied by the row and column totals 
reflects imperfect matching of available workers and positions or proper match-
ing owing to other characteristics besides worker or job education level, such as 
test scores or specific job tasks, is an empirical question. 

Turning to the interior of the table, people who are well-matched (that is, 
whose personal education equals the level required by their job) occupy the blue 
cells on the diagonal. Workers whose jobs require more education than their 
own, the under-educated, occupy the orange-shaded cells to the right of the 
diagonal. Workers with more education than their jobs require, the over-educated, 
are in the green cells to the left of the diagonal. 

Table 1.3 C ross-Classification of Workers by Personal and Job-Required 
Education

Job-required education Total

Personal education Low Medium High
  Low 1 2 3 A
  Medium 4 5 6 B
  High 7 8 9 C
Total D E F Total
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Naturally, a country’s leadership wants as many people as possible to become 
highly skilled and to hold jobs that utilize their skills, the high-skill match situa-
tion represented by cell 9. Conversely, the least desirable situation is an economy 
in which both people and jobs are mostly unskilled, which is the low-skill match 
situation represented by cell 1. Absence of mismatch, when everyone has mini-
mal skills, is preferable only to mass unemployment; jobs that generally require 
more education in positions to the right of cell 1 would be an improvement 
despite ostensible mismatch. Indeed, between the polar cases represented by 
cells 1 and 9 are various mixed outcomes.

The under-educated appear upwardly mobile in the sense that they hold 
better jobs than most others with their level of education. Assuming this out-
come was unanticipated, it could be a source of increased job satisfaction as well 
as pecuniary gain. If both personal and job characteristics play a role in wage 
determination, one would expect the average wages of the under-educated to be 
higher than the wages of their classmates, but lower than the wages of their coworkers7 
who are well-matched. For example, workers in cell 2 would be expected to earn 
more than those in cell 1 because they hold a better job, but less than those in 
cell 5 due to their lower education, that is, their relative wages would follow the 
pattern, cell 1 < cell 2 < cell 5. 

By contrast, the over-educated appear downwardly mobile insofar as they hold 
worse jobs than most others with their education, which one would expect pro-
duces some level of unhappiness due to frustrated expectations. Their average wages 
would be expected to be lower than their classmates’ wages but higher than their 
coworkers’ wages. Therefore, average wages for workers in cell 4 would also exceed 
those of workers in cell 1, in this case due to their greater education, while being 
lower than those of workers in cell 5 because they hold a worse job, that is, cell 1 < 
cell 4 < cell 5. More generally, rightward positions within rows are associated with 
greater advantage due to job-required education level, while lower positions within 
columns are associated with greater advantage due to personal education level. 

Previous research suggests that over-educated persons generally earn more 
than their most closely related under-educated counterparts, that is, cell 2 < 
cell 4. In addition, over-education is more common than under-education, which 
is intuitive given the various ways jobs might fall short of a persons’ skills as 
opposed to the less intuitive scenario that has employers hiring workers with 
significant deficits. The most straightforward reason would be a shortage of 
workers with the ideal or preferred level of education, but there are undoubt-
edly jobs with alternative entry points that would render impressions of “under-
qualification” partly an artifact of the method of measuring “required” education, 
which is considered further below.

Finally, it is worth noting that it is impossible by construction for anyone in the 
bottom row to be under-educated, because there is no higher job category into 
which this group can be upwardly mobile, that is, there is a ceiling effect. Likewise, 
a floor effect precludes those in the top row from being over-educated; there is no 
lower job category into which the least-educated workers can fall. Models explain-
ing under- and over-education necessarily will omit workers for whom the concepts 
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do not apply. There is also some degree of constraint on rates of mismatch insofar 
as a country’s educational distribution is concentrated in the lowest or highest 
education categories. In this and other respects, the row and column totals, also 
known as the unconditional or marginal distributions, affect the possible or likely 
patterns inside the cross-classification region of the table. As will be shown, this is 
relevant for countries in Europe and Central Asia whose very low rates of under-
education reflect their very high shares of workers with tertiary education. 

Although the presence of positive returns to both personal and job character-
istics means workers who are mismatched have higher average earnings than their 
reference groups, classmates or coworkers, shifting the comparison to the relative 
gains of workers and employers suggests that mismatch is suboptimal from a 
societal perspective. While the under-educated benefit from being hired for jobs 
that are usually filled by someone from a lower cell in their column, firms that 
hire them may have lower productivity than they would if more qualified work-
ers were available. Conversely, the over-educated suffer from underemployment, 
even if firms may benefit from hiring workers who are more productive than the 
less-educated workers they normally employ, after discounting any effects of 
lower job satisfaction (such as lower morale/cooperation, higher turnover).

Again, a possible objection to the mismatch framework is that more education 
is always welfare-enhancing for the individual if the wage returns exceed some 
concept of the cost of acquiring it, as well as producing positive externalities in 
areas such as health, crime, and social capital (Oreopoulos and Salvanes 2011). 
Indeed, the social benefits of education are substantial even after accounting 
for  negative social consequences such as widespread frustration among over-
educated university graduates. 

Nevertheless, restricting attention to the individual level, there is ample evi-
dence that university graduates tend to have certain occupational expectations 
and experience dissatisfaction when the jobs available do not match them, some-
times motivating migration streams (“brain drains”). Indeed, failure to find a well-
matching job domestically represents a pecuniary loss relative to expectations, 
a perceived “opportunity cost” resulting from an absence of opportunities. Few 
would argue strongly that a university graduate driving a taxi or working in a 
small retail establishment is well-matched as the concept is understood by policy 
makers or the public, despite partly offsetting benefits of the extra education for 
both the individual and society. If education is understood primarily as a means 
for transmitting objective, technical capacities for accomplishing certain job tasks, 
rather than as a device for ranking or screening individuals based on trainability 
or status, it must be acknowledged that it is possible for the skills individuals pos-
sess and those required by their jobs to be genuinely mismatched. 

Moving from the individual to the systemic level, the institutional differentia-
tion between schools and workplaces makes it likely that all countries have 
some intrinsic potential for mismatch, though the magnitude of these synchro-
nization issues can be expected to vary by time and place. A country may have 
more educational achievement than the job market can absorb given current 
levels of investment and business capacities, or employers may be looking for 
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more skills than the education system can keep up with. In short, there is reason 
to believe large cell frequencies off the diagonal are a legitimate concern. Both 
individuals and policy makers in developing countries seek a joint distribution 
of workers and jobs that clusters toward the lower-right end of the diagonal, and 
this is a sensible concern.

Finally, the contingency table framework highlights the fact that off-diagonal 
cell frequencies may be viewed from at least three perspectives:

•	 Policy makers and others with systemic concerns would want to identify the 
most prevalent mismatch situations overall, which is indexed by cell frequen-
cies as percentages of all cases, N (table or cell percentages). 

•	 Job-seekers, educators, and education and labor policy makers might focus on 
job prospects for those acquiring particular levels of qualification, which is best 
viewed by calculating percentages within education groups using row totals as 
denominators (row percentages). This is also a natural perspective for research-
ers insofar as qualifications are temporally prior to job category in most cases.

•	 Businesses, as well as researchers and policy makers concerned with competi-
tiveness, enterprise, and job quality, might focus more on the shares of jobs 
that are well-matched or mismatched, which are best measured by calculating 
percentages using column totals as denominators (column percentages).

Because each cell belongs to a worker education group (row), a job education 
group (column), and the overall workforce (whole table), each cell frequency can 
be understood relative to the total sizes of three different groups, depending on 
whether the purpose is a big-picture view or the situation facing different kinds 
of workers or job categories.

The choice of perspective can affect conclusions, given unequal and differently 
distributed row and column totals. A group of workers who share the same level 
of education may have very high mismatch rates without producing a correspond-
ingly severe mismatch problem for the workforce overall if the row accounts for 
a small share of the total. For example, the number of cases in cells 4 and 6 in 
table 1.3 may be very large relative to cell 5, but their sum may be small relative 
to the total across all cells 1 through 9. In other words, row percentages might 
suggest a large problem while the cell percentages do not. 

Likewise, there may be few problems when job education groups, or column 
percentages, are considered if cell 5 accounts for nearly all of the jobs in the 
second column and cells 4 and 6 account for small shares of the first and third 
columns. In this situation, educators and policy makers might consider how to 
address mismatch issues for the middle level of education, and students might 
consider stopping their education at this level since securing matching jobs seems 
to be a problem for most people at that same level. However, the situation might 
not pose a large problem for the labor market or for output overall, because no 
category of employers is adversely affected to any appreciable degree. In this case, 
the column percentages would not indicate a problem, even though the row 
percentages exhibit a high rate of mismatch.

http://dx.doi.org/10.1596/978-1-4648-0908-8


Defining and Measuring Skills and Mismatch 	 19

Accounting for Mismatch in Low- and Middle-Income Countries 
http://dx.doi.org/10.1596/978-1-4648-0908-8

In short, this discussion indicates that on a purely descriptive level, each con-
tingency table can be viewed informatively from three different perspectives, 
which creates challenges common to all high-dimensional data problems when 
the number of education categories is expanded and tables are compared across 
countries. Given such complexity, this report will focus on row percentages, that 
is the incidence of mismatches by worker education group rather than by job 
education group or relative to the workforce as a whole, which is the typical way 
mismatch is understood. Nevertheless, it is worth noting that the two alternative 
perspectives also address other important concerns.

Notes

	 1.	Industrial psychologists and human resource professionals often distinguish between 
knowledge, skills, and abilities (KSAs), but the term “skills” or “education and skills” will 
be used for convenience throughout this paper with the understanding that it is 
intended to cover the entire KSA domain. 

	 2.	For example, the International Standard Classification of Occupations (ISCO), 
maintained by the International Labour Organization, identifies approximately 
600 occupations. Industry-based “sector skills councils” in the United Kingdom and 
elsewhere enumerate skill requirements at an extremely fine level of detail, a refine-
ment that is impractical or impossible for a general labor force survey. The Journal 
of  Economic Literature has over 800 key words to describe the subject matter of 
economics. The issue is not simply academic. In practice, simple generalizations, such 
as “a shortage of technical skills,” frequently break down at finer levels. Some STEM 
or medical subspecialties face very tight labor markets in developed countries, but the 
situation for other subspecialties in the same general field can be entirely different 
(e.g., mechanical engineers vs. petroleum engineers). 

	 3.	The Quality of Employment Surveys (1969, 1972–73, 1977) and the Panel Study of 
Income Dynamics (1976, 1977, 1985).

	 4.	Although they are not as well phrased, similar survey items are also used in the 
Swedish Level-of-Living surveys (LNU) and in two waves of the European Social 
Survey (2004, 2010). 

	 5.	For more on Mokken scaling, see van Schuur (2011). 

	 6.	See also http://www.onetonline.org/help/online/zones and http://www.onetonline.org​
/help/online/svp (accessed April 27, 2015).

	 7.	For convenience, the terms “classmates” and “coworkers” are used in an extended sense 
to refer to other individuals with the same educational attainment or holding a job 
with the same required education, respectively.
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Cha   p t e r  2

Conceptual Framework 

Explaining Mismatch: Standard Variables

When numerous workers hold jobs requiring a level of education different from 
their own, the most straightforward interpretation is that there is an aggregate 
imbalance between worker skills and skilled jobs at one or more levels (aggregate 
mismatch), suggesting problems with the education system, labor market, or 
both. The fact that employers hire job-seekers with less education than generally 
thought needed (under-education) may indicate skill shortage, while the fact that 
some job-seekers accept positions requiring less education than they have 
acquired (over-education) may indicate a shortage of better-skilled jobs, or a 
shortage of employment opportunities more generally. Over-education may also 
have a cascading effect if there are insufficient jobs at a lower level to accom-
modate both the downwardly mobile and the well-matched workers at the lower 
job level, forcing the latter to take yet-lower-skilled jobs themselves and bump 
well-matched workers at that level downward in turn. Demographic constraints 
can create their own policy challenges as well, as discussed in box 2.1. 

Because over-education tends to be more common than under-education, 
it would seem that job shortages are more common than workforce skill shortages. 
Because policy is usually concerned with raising educational attainment, the 
prevalence of over-education may be perceived as an awkward finding. Nevertheless, 
over-education need not result solely from aggregate imbalances. Intuition and 
previous research on mismatch suggest four alternatives to aggregate imbalances 
that may explain observed patterns: transitory labor market frictions, individual 
preferences, health limitations, and the use of experience and education as equally 
valid, alternative entry paths for certain occupations (see, e.g., Sloane 2003; Jones 
et al. 2014). These explanations of off-diagonal cases are treated as potential con-
founders in this paper because they suggest mismatch is not genuine in important 
respects or a much less serious problem than it appears, as becomes clear in the 
brief explanations below. 

Transitory labor market frictions. Observed over-education could reflect 
search-related frictions that are common to all job-seekers or are more serious for 
particular groups, such as those with less experience (young people, recent labor 
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market entrants), with poor job search skills, or with poor information networks. 
For example, recently unemployed workers who accept jobs for which they are 
over-qualified in order to get back to work may continue to search and eventually 
find better jobs that more closely match their education. Workers whose jobs are 
below their potential  for these reasons may eventually secure better jobs else-
where or move up thorough internal promotion, which may or may not have 
motivated the apparently over-educated worker’s initial attraction to the entry-
level position.1 The  generally transitory nature of these mismatches mitigates 
their severity, though research in developed countries suggests that some propor-
tion of those affected by transitory shocks may never regain all of their lost 
ground. Of course, if employment and unemployment rates are persistently 
weak, there is mismatch as it is conventionally conceived. One analytical problem 
is that workers “at risk” for upward mobility through internal promotion cannot 
be as easily associated with specific background characteristics such as age or 
recent unemployment spells, though employer size might be one possible predic-
tor of promotion probability, following the literature on internal labor markets. 

Individual preferences. Observed over-education might partly reflect the 
decisions of voluntary part-timers, students, and married women, especially those 
with young children, to take jobs that offer compensating benefits, such as flexible 
schedules. While over-education due to an insufficiency of jobs that are both flex-
ible and higher-skilled is a problem, the severity of mismatch as a social problem 
is mitigated somewhat when it partly reflects preferences rather than being com-
pletely involuntary. Other pecuniary and nonpecuniary compensating differentials 

Box 2.1 P olicies to Change Educational Attainment

Although not a focus of this paper, a certain demographic constraint is faced by all countries in 
adjusting the educational distribution of their populations to the changing composition of 
employment. Older cohorts are usually less educated and unlikely to return to school or 
receive effective formal retraining in large numbers, meaning their education and skill levels 
will remain relatively stable. If the growth of higher-skilled jobs exceeds the growth of 
well-matched young people, the number of under-educated workers will rise and slow down 
movement toward a medium- or high-skill match situation (as in table 1.3, cells 5 and 9). Even 
if the education system is very effective, this issue will be resolved mostly by predictably 
gradual processes of cohort replacement.

The speed with which educational attainment can be raised in the overall population is 
constrained by the fact that education levels for young cohorts are the only ones that can be 
manipulated by policy to any appreciable degree. High growth rates and discontinuous 
improvements in labor markets are not easy to achieve, but in principle new jobs can be 
created at a faster rate than new adults. In some contexts, then, mismatch may not signal any 
underlying problem beyond an unavoidable demographic overhang. Even a relatively rapid 
flow of educated young people into the workforce will have little effect on a large prior stock 
of less-educated older workers.
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that may account for apparent mismatches, such as greater employment security, 
better benefits, and low physical demands, might be captured or proxied by 
employer size, foreign ownership, public sector, physical task measures, and 
above-market (that is, efficiency) wages relative to the workers’ education level. 

Health limitations. Observed over-education may also reflect health-related 
limitations among some workers, which may be particularly relevant in develop-
ing countries. Health status is relatively exogenous to education and labor mar-
kets in a narrow sense, that is, aside from the general level of income. Insofar as 
health issues and disability explain mismatch, one could argue that it is mostly a 
concern for health policy rather than education or employment policy in a nar-
row sense. In other words, one could argue that apparent mismatch does not 
reflect genuine mismatch between workers’ actual capabilities and job task 
requirements in this case, even as it points to other significant policy concerns. It 
is possible that the scale of this problem is significant in some developing coun-
tries, though it may affect total work hours more than type of work. 

Alternative career paths. Observed under-education may reflect the fact that 
certain occupations have valid pathways to acquiring necessary skills other than 
formal educational attainment. While a plurality or slight majority of employers may 
prefer to hire workers with a given education, it is possible that others rely on dem-
onstrations of occupation-specific competence, which can be acquired and signaled 
through work experience and other nonformal or informal means (such as webmas-
ters or less technical construction trades like painters). This would be another 
example of apparent mismatch rather than genuine mismatch because formal edu-
cation is not a good indicator of skill in such cases. This points to the likelihood that 
not only the level of required education varies by occupation, but the importance 
and relevance of formal education for effective job performance varies, as well. 

The four scenarios described above are alternatives to pure conventional mis-
match explanations insofar as they suggest the problem is not as severe as it 
might appear or does not reflect poor functioning of the education system or the 
job market primarily. Demographic and other characteristics widely available in 
standard surveys will be used to control for these possibilities.

Less recognized in the literature on mismatch is that effects of demographic 
variables may reflect employer discrimination or societal inequalities based on 
gender, ethnicity, or socioeconomic origins and that residual mismatch after con-
trolling for covariates may reflect the influence of nepotism and personal net-
works as much as frictions related to imperfect information. STEP (Skills Toward 
Employment and Productivity) data can address some of these issues as well, but 
this paper will focus on other alternatives to conventional mismatch explanations 
that use information unavailable in most previous data sets, described below.

Using Skill Measures to Investigate Unobserved Heterogeneity

A persistent concern in previous studies is that heterogeneity within worker edu-
cation groups may explain most of the relatively high rates of observed mismatch. 
Education level is an informative but a relatively coarse classification scheme. 

http://dx.doi.org/10.1596/978-1-4648-0908-8


24	 Conceptual Framework 

Accounting for Mismatch in Low- and Middle-Income Countries 
http://dx.doi.org/10.1596/978-1-4648-0908-8

In every society, there is variation in achievement levels within each education 
group. If the highest performers within an education level can qualify for jobs 
usually filled with more educated workers and the lowest performers are forced 
to accept jobs usually filled by people with less education, then mismatch may be 
more apparent than genuine (Sloane 2003). In addition, the International 
Standard Classification of Education (ISCED) guidelines recognize only the high-
est education level completed, not partial fulfillment of higher levels.2 Some 
apparent mismatch may be due to heterogeneity within worker education groups 
by years of schooling, as well as achievement. 

Less commonly recognized is the complementary possibility that task 
complexity may vary among jobs with the same title or rated as requiring the 
same level of education, as well. While it is common to focus on normally unob-
served differences among seemingly identical workers, there are also possibly 
unobserved differences among the jobs they hold. Apparently over-educated 
workers might perform tasks that are more complex than is typical for their 
occupation or level of job-required education, while apparently upwardly 
mobile, under-educated workers may perform less complex tasks than their well-
matched coworkers. Thus, apparent mismatch may mask heterogeneity in either 
worker skills or the complexity of tasks they perform. 

This means apparently over-educated workers could have lower skills and/or more 
complex jobs than expected on the basis of the education measures, while apparently 
under-educated workers could have higher skills and/or less complex jobs than 
expected. Workers and jobs that appear equivalent when classified by broad 
education categories may be more similar to those in lower or higher education 
categories when there are finer measures of the skills associated with the educa-
tion levels persons have attained and jobs require. 

If skill distributions for different education groups overlap, apparent mismatch 
by education may mask effective matching by skill, that is, education mismatch 
does not necessarily imply skill mismatch. Chapter 4 of this report will outline how 
STEP reading literacy and job task scores are used to measure usually unobserved 
heterogeneity among workers and jobs, respectively. 

This conception of skill distributions nested within education levels for both 
persons and jobs is represented in stylized fashion in figure 2.1, which assumes 
for simplicity that worker skills and job skill requirements are unidimensional 
constructs measured in common units. For convenience, the middle distribution 
in each panel is centered on 100, the adjacent distributions are centered on 85 
and 115, and the standard deviations for all distributions is 15. The top panel 
shows overlapping skill score distributions for workers in three personal educa-
tion groups, which is probably similar to many empirical test score distributions. 
The middle panel assumes job skill requirements can be measured in identical 
units and shows similar distributions for jobs requiring the same three levels of 
education. The bottom panel shows how some workers at the middle education 
level (solid line) might find themselves in jobs with higher or lower educational 
requirements (dashed lines), assuming matching is sometimes based on skill 
rather than education. Although the distributions for medium-level-education 
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Figure 2.1  Distributions of Worker Skills and Job Skill Requirements by 
Education Group

60 65 70 75 80 85 90

a. Distribution of worker skills for three education groups

95 100 105 110 115 120 125 130 135 140

b. Distribution of job skill requirements for three job education groups

60 65 70 75 80 85 90 95 100 105 110 115 120 125 130 135 140

c. Skill distribution for workers with medium education
overlapping with skill distributions for three job education groups

60 65 70 75 80 85 90 95 100 105 110 115 120 125 130 135 140
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persons and jobs are coterminous when they are overlaid in panel (c), there is no 
necessity in practice for every realized skill match between persons and jobs to 
be an education match as well, given that the skill requirements of jobs rated as 
requiring low and high education overlap with the actual skill levels of workers 
in the tails of the distribution of medium-education workers. Thus, some workers 
with medium education could end up skill-matched to jobs that usually hire 
workers with lower or higher educations. 

One possible explanation for skill-match/education-mismatch outcomes is that 
there are not enough jobs requiring medium-level education to employ all workers 
who have a medium-level education. Although the overlaid curves appear identi-
cal, they represent skill distributions within two different groups, workers and jobs, 
not the absolute sizes of the groups themselves—that is, they are conditional, not 
marginal, distributions. Likewise, there is no reason for the variances and shapes of 
the two medium-education distributions to be identical empirically, as represented 
in the figure. Therefore, one reason workers with unusually low or high skills for 
their education group might hold jobs with lower or higher educational require-
ments is that the numbers of jobs requiring the three education levels do not equal 
the numbers of workers at the corresponding education levels.

Unbalanced distributions at the macro level, or aggregate mismatch, would 
compel some workers to move downward or exit the labor market, or provide 
others with opportunities to move up, or both, depending on the particular 
pattern. Of course, if the numbers on the two sides of the labor market are unbal-
anced with respect to education, there is no reason all of the resulting educational 
mismatch has to be simply masking skill-matching. It is possible that skill or job 
shortages produce observed levels of over- or under-education that are reliable 
indicators of genuine skills mismatch, as discussed at the outset. The degree to 
which aggregate mismatch conceals skill matching is an empirical question.

Alternatively, it may be frictions and randomness in the matching process that 
produce person-job matches for which the education levels are discrepant but 
skill levels are congruent. Even if the aggregate distributions permit perfect 
matching, inefficiencies in the search and hiring processes might result in two 
workers with identical skills but different educations holding jobs normally filled 
by workers from the other education group. Again, there is no reason to expect 
that imperfect matching by education always results in good matches by skill, 
but accounting for worker and skill heterogeneity within education groups might 
explain some apparent mismatch by education.

Figures 2.2 and 2.3 offer another stylized representation that may be helpful 
in summarizing the view outlined here. Figure 2.2 shows the distributions of 
worker skills in three rows, each corresponding to a level of workers’ schooling. 
These curves represent the worker skill distributions shown in panel (a) of 
figure  2.1. The workers’ skill distributions overlap one another as one moves 
downward across worker education groups, and they overlap the skills found in 
different job-required education categories as one moves rightward or leftward. 
However, most of the skill distribution’s mass is consistent with jobs that match 
workers’ own levels of education. In addition, the tails of the skill distribution do 
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not stretch beyond the immediately neighboring level(s) of job education in this 
representation, that is, there is no extreme mismatch. Nevertheless, some workers 
in the tails of the skill distribution for their education group may be skill-
matched to jobs that generally require more or less education than their actual 
level. 

Likewise, the curves in figure 2.3 represent the worker skill distributions 
shown in panel (b) of figure 2.1. Figure 2.3 shows that the distributions of job 
task complexity within job education groups represents ranges that overlap with 
task distributions in other job education groups, and indicate the eligibility of 
workers in adjacent worker education groups for these jobs. Concretely, the 
actual task complexity of some jobs requiring high education may be low enough 
that they could be filled by workers with a medium education if there were an 
imbalance between supply and demand for education at the aggregate level or if 
matching processes were imperfect, as is almost certainly the case empirically. 

It should be noted at this point that worker skills and job skill requirements 
have been described in static terms for convenience. It is also the case that work-
ers’ skills can change in response to the job’s requirements. Under-educated 
workers who are not skill-matched to a job for which they are hired can become 
so, as shown by studies of workers’ situated learning and practical intelligence 

Figure 2.2  Distributions of Worker Skills by Worker Education, Overlapping Job-Required 
Education Levels
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Figure 2.3  Distributions of Job Skill Requirements by Job Education, Overlapping Worker 
Education Levels
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(Scribner 1986; Stasz 2001). The skills workers can develop and for which they 
are rewarded are partly a function of the jobs employers offer, rather than the 
intrinsic capacities of individuals acting as a kind of hard constraint. 

There is also a significant research literature using conventional measures of 
cognitive ability showing that test scores are endogenous with respect to job 
complexity. Using test scores to predict job complexity with cross-sectional data 
ignores the reciprocal effect of job complexity on test scores, as shown by panel 
models in studies by Kohn and Schooler (1983), Schooler, Mulatu, and Oates 
(1999), Hauser and Roan (2007), de Grip et al. (2008), and Smart, Gow, and 
Deary (2014). Likewise, employers can adjust job tasks in response to different 
labor market conditions, like upgrading the cognitive task content of jobs filled 
by over-educated workers. Both the skills possessed by individual workers and 
those required by individual employers are somewhat flexible and endogenous. 
In addition, it has been shown persuasively that employers raise education 
requirements in slack labor markets (Modestino, Shoag, and Balance 2015), 
which need not be associated with changes in actual job tasks. Thus, job educa-
tional “requirements” are partly a function of the business cycle and macroeco-
nomic conditions as well. 

Despite these complexities, the framework outlined above adds an important 
dimension to the study of mismatch issues. Persons with unusually low or high 
test scores for their education group may be more likely to hold jobs usually 
filled by persons with lower or higher education, while jobs with unusually 
lenient or demanding cognitive requirements for their reported education level 
may be more likely to draw persons from lower or higher educational back-
grounds as well. Educational mismatch may mask reasonably effective skill 
matching to some degree.

The preceding discussion treats skills as differing only in magnitude, but the 
previous section recognized that they differ in kind as well. The demand for skills 
imparted by different vocational, career, and technical programs at the secondary 
and post-secondary levels varies, as does the job relevance and marketability of 
different fields of study at the university level. Some tertiary graduates, as well as 
those completing occupation-focused secondary education and sub-baccalaureate 
programs, may be downwardly mobile and compelled to take jobs with lower 
educational requirements, at least for a certain period, if their field of study is 
not  in high demand. Some apparent mismatch by education level, or amount-
mismatch, may reflect field of study or kind-mismatch.3

Possible mismatch by kind of skill fuels continual debates over the relative 
merits of more academic or career-focused approaches to education at both the 
secondary/post-secondary and tertiary levels. While large samples would be 
needed to estimate effects of individual fields of study, smaller samples can be 
used to investigate whether schooling focused on career preparation is associated 
with lower levels of education mismatch than general, academic, or liberal arts 
programs at different levels of attainment.

Finally, while it can be argued that over-education attributable to transitory 
search frictions and preferences for flexible work means mismatch is not as 

http://dx.doi.org/10.1596/978-1-4648-0908-8


Conceptual Framework 	 29

Accounting for Mismatch in Low- and Middle-Income Countries 
http://dx.doi.org/10.1596/978-1-4648-0908-8

serious a problem as it might appear, whether to treat low achievement as a 
confounder in models explaining over-education is more ambiguous. To the 
degree that the over-educated are not over-skilled because they have low 
achievement given their education level, the labor market is effectively matching 
workers to jobs for which they are competent even as the education system is 
not functioning effectively to impart expected competencies. This would imply 
that statistics on educational attainment give a misleading picture of human capi-
tal stocks, as well. Indeed, demonstrating that apparent over-education is not 
genuine because workers are not as truly skilled as their education levels imply 
is an indication of serious problems with worker skills and the education system, 
rather than weak job creation.

Role of Structural Economic Conditions and Informality

Although aggregate mismatch was discussed earlier, key drivers specific to devel-
oping countries require further comment to understand the models estimated in 
chapter 6. Questions of job quantity and quality are relevant for all economies, 
but developing countries often experience very low rates of conventional job 
creation and correspondingly high rates of informality. Informality refers to a 
range of characteristics that are commonly—but by no means invariably—associ-
ated with one another, which has produced an array of definitions focusing on 
different subsets of characteristics. Businesses and jobs considered informal have 
one or more of the following characteristics: 

•	 They operate outside of formal legal frameworks governing business registration, 
zoning, land titles, permits/licensing, taxation, social insurance contributions, 
minimum wages, other business and labor regulations, and legally recognized 
private business contracts; 

•	 They lack formal organizational frameworks, such as management structures, 
specialized job titles, developed accounting practices and detailed written 
records, and access to bank credit, all of which usually reflects the nature of the 
operations (such as being small scale, simple in their methods, low in volume, 
low in profit, or cash-based)4; and 

•	 They lack formal employment frameworks, such as employment contracts, orga-
nizational employment (vs. self-employed and own-account workers), and 
presumptions of stable tenure and pay (vs. contingent work and pay, such as 
day laborers and payment by job, commission, or output). 

Informal work tends to be labor-intensive and low value-added, with few bar-
riers to entry or shelters from competitive pressures provided by innovative prod-
ucts or methods or scale requirements. In short, these are the very jobs that 
policies to raise educational attainment aim to supplant. It is reasonable to assume 
that in many or most cases, informality represents an adaptation to limited oppor-
tunities. Formality is more probable when there is an affluent or abundant cus-
tomer base, modern business practices, access to bank credit, and relatively large, 
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well-capitalized operations. In the absence of abundant formal jobs, individuals 
must create their own jobs, commonly taking the form of own-account work but 
sometimes self-employment involving the hiring of others as well.5

Even some formal enterprises use informal workers, vendors, and subcontrac-
tors to maximize profits or to manage unstable demand while buffering core 
workers and suppliers from downturns (Portes and Haller 2005). Thus, the 
extent of informality is an indicator of a country’s level of development in vari-
ous respects, such as the ability to pay on the part of consumers, businesses, and 
own-account workers; investment levels; labor’s bargaining power; and the effi-
cacy and maturity of state/nonstate institutions. 

Informal work also tends to be lower-skilled. Although informal work also 
includes skilled artisanal jobs and those suitable for modern apprenticeships, one 
would expect that individuals working in the informal sector who pursued 
nonvocational education make less use of their formal education than their class-
mates do. In this sense, informality represents a specific mechanism that might 
account for the aggregate mismatch discussed earlier.

Although some view the informal sector as a source of entrepreneurial energy 
from which conventional, formal businesses can emerge, a systematic investiga-
tion and review concludes that most work and businesses considered informal 
involve activities that are relatively low value-added, low productivity, small-
scale, and labor intensive, rarely evolving into more productive, formal sector jobs 
or businesses. Informality is widespread and persistent in developing countries 
because of the large share of consumers whose own low-paid work constrains 
their demand for goods and services that would be made in formal enterprises 
using more capital in more developed economies. Country-level cross-sectional 
and panel models show that the share of the workforce that is self-employed is 
negatively associated with the level and growth of GDP per capita and positively 
associated with labor force growth. Informality declines with economic growth, 
albeit quite slowly overall (La Porta and Shleifer 2014). Not surprisingly, infor-
mality and mismatch by education level more generally have been argued to 
constitute forms of underemployment in countries that lack unemployment 
insurance and where incomes are too low to give job-seekers the freedom to 
remain nonworking until employment more congruent with their educational 
attainment becomes available (Herrera and Merceron 2013). 

Thus, high rates of self-employment and other forms of informality would 
support the argument that a shortage of jobs rather than workforce skills is a key 
driver of observed mismatch. While it could be argued that high rates of infor-
mality or nonemployment among less-educated workers show the need for poli-
cies to improve education, the same phenomenon among well-educated workers 
with high test scores might indicate that more and better jobs are needed if full 
returns on educational investments are to be realized. High rates of over-education 
among tertiary graduates in the informal sector net of controls for preferences, labor 
market experience, years of education, test scores, and field of study suggest a shortage 
of skilled jobs, rather than a shortage of skilled workers. This may reflect some com-
bination of weak investment, unattractive business conditions, low levels of 
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overall economic activity, and/or the quality of institutions and general social 
conditions. 

The key point is that job market woes may reflect job market problems, not 
necessarily problems with the education system. Indeed, weak job markets are an 
obstacle to realizing the full potential of educational investments that have been 
made. More education and training, and even technical assistance and credit for 
new business development, will not offset insufficient aggregate demand or insti-
tutional obstacles to job creation. Because shortages of formal jobs are such a 
prominent feature of developing economies and can be expected to involve 
underutilization of formally acquired skills, such structural conditions need to be 
modeled explicitly in any account of mismatch in developing countries.

Notes

	 1.	This corresponds to a familiar situation in which people accept a job below their 
qualifications based on a strategic calculation of the advantages of “getting their foot 
in the door.”

	 2.	ISCED levels are defined as follows: < 1 = less than primary education; 1 = primary 
education; 2 = lower secondary education; 3 = upper secondary education; 4 = post-
secondary, nontertiary education; 5 = tertiary education.

	 3.	Although tertiary graduates who hold secondary-level jobs and whose fields of study 
are irrelevant to their current employment could be considered skill-matched in a 
narrow sense, there is genuine mismatch between the skills workers acquired and 
those their jobs demand. The result is a significant underutilization of skills, waste of 
some or all of the time and resources spent in education, and lower-than-expected 
earnings and job satisfaction.

	 4.	Many of these correspond to Max Weber’s famous definition of what came to be 
known as formal organizations, which research shows are closely related to organiza-
tional size (Handel 2003). For a nice discussion of these and other issues, see Ahmadou 
Aly Mbaye, Nancy Claire Benjamin, and Stephen Golub, “How the Interplay between 
Large and Small Informal Firms Affects Jobs in West Africa,” published on the 
World  Bank’s Jobs and Development blog (03/04/2015), http://blogs.worldbank.org​
/jobs​/how-interplay-between-large-and-small-informal-firms-affects-jobs-west-africa. 

	 5.	Others treatments of informality emphasize failure to comply with regulations and to 
pay taxes and social contributions, which may reflect unwillingness to pay, rather than 
the inability to pay associated with own account and micro/small businesses that 
operate in survival mode. Operations with more resources may fail to comply either 
because this is part of a deliberate strategy to maximize profits or because they do not 
perceive the government to render effective services in return. These aspects of the 
multifaceted debates on informality are beyond the scope of this report.
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Cha   p t e r  3

About STEP

Introduction

The first part of this report discussed some of the key challenges in measuring 
education mismatch; those challenges are compounded when investigating mis-
match in developing economies. This section provides an overview of the STEP 
dataset and how the survey is uniquely situated to address such challenges.

STEP (Skills Toward Employment and Productivity) is a household survey of 
working age adults (ages 15–64) residing in urban areas in most countries that 
provides new and detailed information on education, employment, and related 
topics. The sampling strategy was designed to ensure that the target population 
represents at least 95 percent of the urban working-age population (aged 15–64) 
in each country.

The 12 countries surveyed represent most of the world’s major regions and 
diverse national incomes, although they mostly span the range within the lower-
middle income group.1 STEP studied urban areas exclusively, except in the Lao 
People’s Democratic Republic and Sri Lanka, whose rural respondents have been 
excluded from analyses in this report to maintain comparability across countries. 
Students under age 30 who were currently attending school were excluded, 
which eliminates one source of artifactual mismatch, as were the very few 
members of the military, whose circumstances fall outside most discussions of 
mismatch. In the following regional list of STEP-surveyed countries, the working 
sample sizes are in parentheses. 

•	 Sub-Saharan Africa
–– Ghana (n = 2,070)
–– Kenya (n = 1,956)

•	 East, Southeast, and South Asia
–– China—Yunnan Province only (n = 1,268)
–– Lao PDR (n = 1,283)
–– Sri Lanka (n = 579)
–– Vietnam (n = 2,183)
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•	 Europe and Central Asia
–– Armenia (n = 972)
–– Georgia (n = 906)
–– Macedonia, FYR (n = 1,751)
–– Ukraine (n = 941)

•	 Latin America and the Caribbean
–– Bolivia (n = 1,206)
–– Colombia (n = 1,582)

Respondents in all countries completed a brief battery of reading items, but 
the full-scale reading assessment was conducted for a subset of participating 
countries. The STEP survey collects information not typically captured in house-
hold surveys, using two distinct instruments, as described next.

Background questionnaire. The background questionnaire consists of 
household background modules and thematic modules. Modules 2 through 10 
are completed by a randomly selected household member (between ages 15 and 
64), who completes the remainder of the survey. 

•	 Module 1 conducts a standard background roster of household 
characteristics.

•	 Module 2 collects information on education, training, and the respondent’s 
first job.

•	 Module 3 asks health-related questions.
•	 Module 4 gathers information on the respondent’s current occupation.
•	 Module 5 includes detailed questions on the respondent’s use of reading, 

writing, and numeracy skills both in daily life and at their job.
•	 Module 6 collects information on personality traits and behavior.
•	 Module 7 asks about family background.

Reading literacy assessment. The reading literacy assessment was specifically 
designed for STEP by Educational Testing Services (ETS) as a direct measure of 
respondents’ reading proficiency. It has three parts: 

•	 Foundational reading skills assessment.
•	 Core literacy assessment.
•	 Exercise booklets to evaluate reading proficiency in more depth (only admin-

istered to respondents who passed the core literacy assessment).

Dependent variable. In separate and widely spaced sections, the household 
survey asks respondents for their level of education and how much education 
was required for their job (if they hold one), using identical response categories. 
Respondents are coded as over-educated, well-matched, or under-educated based 
on the difference between their responses to these questions.2 

Analyses do not control for the possibility that some mismatches reflect 
incomplete schooling, which is a potentially important issues for multiple reasons. 
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If those who break off schooling still qualify for jobs at the higher level of job 
education, that would help explain some apparent under-education—that is, 
employers would not be reaching as far down the education queue as they 
seem to be, perhaps reaching down only half a level instead of a full level. Insofar 
as noncompleters fail to qualify for such jobs, this is an indication of the limited 
gains from partially completing degree requirements.

In the absence of strong evidence to the contrary, all analyses for this report 
presume acceptable levels of reliability, validity, and accuracy for key variables 
such as self-reported education, job-required education, cognitive tasks performed 
at work and outside work, and reading test scores. Although the test scores may 
appear more objective than the others, it is not always possible to exclude threats 
to the validity of this low-stakes assessment, such as domestic distractions, fatigue, 
lack of interest or comfort, or informal assistance from others. For these and other 
reasons common to educational testing everywhere, actual reading ability may be 
higher or lower than measured on the assessment.

Issues regarding data quality are a common concern in social science and cur-
rently a lively subject of discussion in research on developing countries.3 Cross-
national surveys raise well-known issues of measurement equivalence across 
contexts (Davidov et al. 2014). STEP has the advantage of conducting employer 
surveys in a number of countries that ask identical or closely similar questions 
regarding job skill demands as are asked in the household surveys. Comparing 
patterns of task requirements by occupation across employers and households 
will provide cross-validation in future work. 

Notes

	 1.	For details, see http://data.worldbank.org/about/country-and-lending-groups 
(accessed April 26, 2015). China is classified as an upper-middle-income country, but 
STEP covered only Yunnan Province, where GDP per capita is below the national 
average.

	 2.	The question on job education is, “What minimum level of formal education do you 
think would be required before someone would be able to carry out this work?” 
Although exact wording varies among surveys asking about job-required education it 
is not clear that they affect results (Hartog 2000, pp.132f.). Responses to both ques-
tions on personal educational attainment and job requirements in terms of national 
educational systems are recoded into consistent ISCED levels for the analyses in this 
report. 

	 3.	See Jerven (2013) and the related special issue of the Journal of Development Studies 
(vol. 51, 2015). See also studies by Angus Deaton (2005, 2008) as well as Martin 
Ravallion’s (2010) comment in the American Economic Journal: Macroeconomics. For 
examples from a recent controversy on the subject in South Asia, see Manoj Kumar, 
“Economic Growth Revised Up by Almost 50 Percent” (Reuters, India, Jan. 30, 2015, 
at http://in.reuters.com/article/2015/01/30/india-gdp-idINKBN0L319Z20150130); 
Ruchir Sharma, “6.9% Growth? World Laughing at This Bad Joke.” (The Times of India, 
blog, Feb. 22, 2015, at http://blogs.timesofindia.indiatimes.com/toi-edit-page/6-9​
-growth-world-laughing-at-this-bad-joke/); and Sandrine Rastello, “India’s New GDP 
Data Join Global Revisions: India’s Not the First to Get a Boost from Changing the Way 
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It Measures GDP” (BloombergBusiness, Feb. 10, 2015, at http://www.bloomberg.com​
/news/articles/2015-02-10/no-1-for-now-india-s-new-gdp-data-join-global-revisions). 
For a useful survey of similar issues with respect to official statistics and notable private 
surveys in the United States, see Maier and Imazeki (2013). For a recent report on 
measurement issues related to skills and occupational requirements, see Handel (2015). 
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Cha   p t e r  4

Findings: Country Context 

National Income and Employment Rates

The STEP (Skills Toward Employment and Productivity) countries differ sig-
nificantly in their levels of development and their labor markets. Figure 4.1 
shows that GDP per capita varies significantly across the STEP countries, both 
at the time of the survey in 2013 (shaded blue) and 10 years earlier, in 2003 
(shaded orange). 

There is very strong persistence in country rankings over the 10-year period 
(r = 0.89), suggesting powerful country fixed effects reflecting a range of country 
characteristics, including the persistence of demographic forces described earlier. 
China’s growth exceeds levels predicted by this association, but the other coun-
tries seem to be facing enduring forces that must be overcome for the economy, 
and therefore employment, to grow faster than average. 

Employment-to-population ratios vary widely across countries in ways that 
are unlikely to reflect differences in the size of the working-age population alone 
(figure 4.2). The employment-to-population ratio in the former Yugoslav 
Republic of Macedonia is strikingly low, for example. It is reasonable to expect 
that the relative importance of problems relating labor supply, demand, and 
mismatch for different education levels and selection  effects will vary signifi-
cantly across countries due to differences in income levels and employment rates. 
If joblessness is high among university graduates, using workers to calculate mis-
match rates will underestimate mismatch prevalence, since joblessness itself is 
arguably a serious form of mismatch. 

The patterns in figure 4.2 are also found in roughly similar form among STEP 
survey samples, as can be seen in table 4.1.1 Employment rates in the Lao 
People’s Democratic Republic and Bolivia are centered on 85 percent, while 
those for Armenia and Georgia are closer to 35 percent. Clearly, there is reason 
to suspect that countries with such low employment rates have general problems 
with job generation. These issues will be understated in the main findings on 
mismatch rates, which are restricted to current workers. 

Because employment rates differ across countries, sample selection effects will 
limit the comparability of results across countries to some extent. For example, 
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results will suggest that the employment situation in the Europe and Central 
Asia region compares favorably with the situation in other STEP countries, 
but this must be balanced against the fact that much larger proportions of the 
potential workforce in Europe and Central Asia (ECA) countries are omitted 
from the analyses because they are jobless. Observed mismatch is only the tip of 
the iceberg, since there are unusually large numbers of unemployed and inactive 
persons in those countries, many of whom would likely be mismatched if they 
were employed currently. The very high unemployment rates in Armenia and 
Georgia (table 4.1), which mirror national figures, speak for themselves.

STEP also includes information on reasons for inactivity, which help explain 
the varying employment rates (table 4.1). Across all countries, about 45 percent 
of the inactive are keeping house, although the figures are much higher for 
Bolivia (65 percent of inactive keep house) and Sri Lanka (67 percent), while 
the figures for FYR Macedonia (27 percent) and Ukraine (7 percent) are much 
lower (not shown). Most of those keeping house are female. In contrast, retired 
and discouraged workers account for large shares of the inactive in FYR 
Macedonia (46 percent) and Ukraine (56 percent), which, along with their 
elevated unemployment rates, reinforce the impression that jobs are relatively 
scarce in those countries, raising rates of labor force exit. In short, the smaller 
share of employed persons among the working-age population in ECA countries 
needs to be kept in mind when analyses shift to the employed because it is a 
smaller group overall compared to other countries and likely a more selective 
group as a consequence. 

Figure 4.1  GDP per Capita, by Country, 2003 and 2013
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Figure 4.2 E mployment to Population Ratios, by Country, 2012
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Table 4.1 L abor Force Status of STEP Respondents and Selected Reasons for Inactivity

1. 2. 3. 4. 5. 6.

Employed, 
percent of 

total

Unemployed, 
percent of 

total

Inactive, 
percent of 

total

Inactive and 
housekeeping, 

percent of 
total

Inactive 
and retired, 
percent of 

total

Inactive and 
discouraged, 

percent of 
total

Lao PDR 88.4 0.8 10.8 5.7 2.4 0.4 
Bolivia 83.5 4.8 11.7 7.6 0.9 0.1 
Ghana 80.8 6.1 13.1 3.2 1.0 1.3
Vietnam 74.8 2.1 23.1 9.5 8.2 0.2 
Colombia 71.8 9.6 18.6 9.2 2.6 0.7 
Kenya 66.8 16.2 17.0 8.5 1.0 2.1
Yunnan Province 66.2 3.2 30.7 10.0 13.0 1.4
Ukraine 61.1 10.3 28.7 2.4 12.6 6.9 
Macedonia, FYR 57.2 15.0 27.9 7.4 9.2 3.6
Sri Lanka 55.0 2.9 42.1 28.3 3.3 0.7 
Armenia 36.6 20.1 43.3 20.3 2.1 7.6 
Georgia 33.0 23.8 43.2 20.7 3.7 9.8 
Mean 64.6 9.6 25.9 11.1 5.0 2.9 

Source: World Bank STEP Skills Measurement Program. 
Note: Columns 4–6 show a partial breakdown of the Inactive persons (column 3). Unweighted means of country values in 
bottom row. Figures in blue exceed cross-country means by a substantively significant amount and figures in orange are 
lower than means by similar magnitudes, which vary by column. All figures calculated after excluding rural residents, 
members of the military, and students under age 30. 
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Educational Attainment, Achievement Levels, and Fields of Study

Educational attainment varies greatly across countries, as well. Education can be 
understood in terms of completed level using the categories of the International 
Standard Classification of Education (ISCED), shown in the left panel of table 
4.2, or in terms of years of education, shown in the table's right panel. For con-
venience, table 4.2 lists countries in ascending order of mean years of education. 
One can see that countries fall into three groups:

•	 In the first group (Lao PDR, Ghana, Kenya), mean education is less than nine 
years. People with primary education or less account for 35–44 percent of the 
sample. Tertiary education accounts for about 10 percent of the working-age 
population.

•	 In the middle group, mean education ranges from 10 to 12 years, and rates 
of tertiary education are above 20 percent in most cases. Sri Lankans are con-
centrated in the two secondary levels to an unusual degree, while Colombia 
has a large share with only a primary education compared to other countries 
in this group.

•	 In the third group are the Europe and Central Asia countries, whose mean 
years of education range from 12.5 to over 14. Rates of tertiary education are 
generally very high, which will limit potential rates of under-education for 
these countries. Very few people have only a primary education or less, even in 
FYR Macedonia, whose rate of tertiary education is more similar to the middle 
group. Nevertheless, only 21 percent of Macedonians have less than upper 
secondary, while the average for the middle group is 41 percent.

Table 4.2 ISCE D Levels and Mean Years of Education, by Country

ISCED level (percent) Years

<1 1 2 3 4 5 Total Mean SD

Lao PDR 20 24 23 15 7 11 100 8.3 4.9
Ghana 21 14 36 20 10 100 8.4 5.3
Kenya 14 23 17 31 8 8 100 8.9 4.8
Sri Lanka 4 9 25 55 8 100 9.9 3.1
Colombia 8 24 8 38 22 100 10.0 3.8
Vietnam 4 13 25 34 1 22 100 10.8 3.9
Bolivia 11 5 21 30 11 23 100 10.9 4.2
Yunnan Province 2 11 35 29 23 100 11.8 3.6
Macedonia, FYR 1 2 19 54 25 100 12.5 3.6
Ukraine 6 36 13 45 100 12.9 2.3
Armenia 1 10 39 50 100 12.8 3.1
Georgia 2 8 32 58 100 14.3 3.2
Mean 7 11 19 34 3 25 10.9 3.8

Note: Blank cells indicate either no cases or too few cases for reliable estimates. Last row shows unweighted 
means across countries. Figures in blue exceed cross-country means by more than five percentage points 
and figures in orange are more than five percentage points below cross-country means. Figures cover the 
working age population excluding rural residents, members of the military, and students under 30 years old. 
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Looking across the 12 countries, rates of post-secondary, nontertiary 
education (ISCED level 4)2 are meaningful for only four countries and show 
no particular pattern by region, level of development, or country mean edu-
cation level. This is not an entirely reliable guide to rates of job- and career-
focused education because some proportion of both secondary and tertiary 
graduates have been coded separately as having completed such a program as 
part of their studies based on country-specific information regarding their 
degree type. 

A natural question is the degree to which the ISCED codes are comparable 
across countries in terms of years of schooling, achievement, or fields of study, 
which are also important in their own right in the study of mismatch as controls 
for usually unobserved heterogeneity. Comparability in terms of expected years 
of education is relatively high. In a pooled regression, ISCED category accounts 
for a very large share of the variance of years of education across countries ( 2R  = 
0.92). The incremental explained variance after adding country dummies is mod-
est (∆ 2R  = 0.01).

Nevertheless, breakdowns show variation in years of education by ISCED 
level even when current students under 30 years old are excluded, as in all analy-
ses in this report. Notable variations include these:

•	 In some countries persons with less than primary have no education (Ghana, 
Kenya, FYR Macedonia), while in others they have close to two years 
(Lao PDR) or three years (Bolivia, Colombia, Sri Lanka, Vietnam). 

•	 Primary schooling corresponds to four years of education in FYR Macedonia 
and five years in Lao PDR, Sri Lanka, and Vietnam, compared to six years in 
others (Bolivia, Colombia, Georgia, Ghana, Kenya, Yunnan Province). 

•	 Lower secondary implies eight to nine years of education in all countries except 
Colombia and Yunnan Province, where it is 10 years. 

•	 Somewhat more significantly, upper secondary education implies 12 years of 
education for half the countries (Bolivia, Georgia, Kenya, Lao PDR, FYR 
Macedonia, Vietnam), but 
•	 40–60 percent of upper secondary graduates have just 10 years in Armenia 

and Sri Lanka;
•	 75 percent of students have 11 years in Colombia and Ukraine; and
•	 90–100 percent have 13 years in Ghana and Yunnan Province.

The distribution of years of education for tertiary graduates is particularly 
complex (table 4.3). The diversity is driven partly by the inclusion of sub-
baccalaureate and post-baccalaureate degrees, as well as bachelor’s degrees, 
in a single ISCED category, but it is important to understand the different 
meanings of this ISCED category in interpreting results both within and 
across countries. 

Given that significant numbers of tertiary graduates hold less than a bachelor’s 
degree, the probability of over-education may be greater even as the extent 
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of downward mobility is less than might be assumed otherwise. A similar break-
down for the employed differs by only a few percentage points, except in the 
case of Armenia, where only a quarter of employed tertiary graduates have 
13 years of education and the share with bachelor’s degrees absorbs almost all 
the difference (not shown).

Test scores vary greatly both between and within countries (figure 4.3). 
These gaps shrink substantially once education is controlled for, as shown in 
the box plots for secondary and tertiary graduates in figure 4.4 and the means 
in table 4.4. Nevertheless, substantial test score variation remains within 
ISCED groups for each country, and the distributions for ISCED-3 and 
ISCED-5 overlap within all countries. Some people with a given education 
level function at a different level from others in their countries, providing 
ample reason to investigate the contribution of achievement differences to 
education mismatch. Likewise, while the range of scores across countries is 
much narrower after controlling for ISCED level, it is clear that educational 
attainment levels are not directly comparable across countries. Mean scores 
for tertiary graduates in Bolivia, Kenya, and Ghana are lower than means 
for upper secondary graduates in Ukraine and Armenia (table 4.4, columns 2 
and 3), some of which may reflect differences in linguistic homogene-
ity  across countries. The gap in mean literacy scores between secondary 
and  tertiary graduates averages 25 points but can be one-half or twice that 
amount for different countries (table 4.4, column 4). Because the meaning 

Table 4.3  Distribution of Years of Education among Tertiary Graduates, by Country
percent

Detailed breakdown Summary breakdown

<13 13 14 15 16 >16 <16 16 >16

Armenia 36 40 24 36 40 24
Bolivia 40 3 58 40 3 58
Colombia 5 39 18 3 23 12 65 23 12
Georgia 28 20 52 28 20 52
Ghana 50 50 – 50 50
Kenya 23 65 13 23 65 13
Lao PDR 39 61 39 – 61
Macedonia, FYR 15 85 15 – 85
Sri Lanka 34 49 18 34 49 18
Ukraine 25 7 8 59 1 40 59 1
Vietnam 24 65 11 24 65 11
Yunnan Province 57 43 – 57 43
Mean 29 36 36

Source: World Bank STEP Skills Measurement Program. 
Note: Blank cells indicate either no cases or too few cases for reliable estimates. Rows sum to 100 percent aside from 
rounding. Figures cover the working-age population with ISCED = 5, excluding rural residents, members of the military, and 
students under 30 years old. Unusually large values in left panel in blue and unusually small values in orange. Seventh 
column sums percentages in first four columns.
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of education level can differ greatly across countries, all models will be esti-
mated separately by country. 

Nearly everyone with post-secondary education reports having a specialized 
field of study, but the number of secondary graduates reporting specialized study 
varies greatly. This raises the question of the kind or content of schooling, 
addressed in table 4.5. Most of the country variation in the percentage reporting 
no specialization (column 1) reflects different rates of post-secondary attainment 
and the relative degree of subject specialization at the secondary level. The 
degree to which selection into employment alters this picture is shown in 
column 1a, which shows the change in column 1 values when the sample is 
restricted to employed persons. (Figures sum to 100 percent across rows 
excluding column 1a and allowing for the omission of low-skill service and 
unspecified “other” fields that account for an additional 2–5 percent of persons 
in most countries.) 

None of the broad groupings of fields of study accounts for as much as 
10 percent of the workforce on average (bottom row), and the relatively few 
exceptions within countries are highlighted in blue. Even the shares of gradu-
ates for such job-relevant fields as business (column 4) and technical subjects 
at the tertiary level (column 5) do not particularly stand out. Although patterns 
vary by country, there is no obvious overemphasis on fields of study assumed 
to face low demand or low rewards in the labor market. Business management 
and general office subjects are the most popular, followed by technical subjects 

Figure 4.3 R eading Score Distributions, by Country
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Figure 4.4 R eading Score Distributions for Upper Secondary and Tertiary 
Levels, by Country
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at the tertiary level. Whether particular fields of study or  specialized study 
itself accounts for mismatch to an appreciable extent will be investigated fur-
ther below, though assessing individuals’ level of learning or  knowledge 
achieved within these diverse fields is clearly beyond the scope of a general 
household survey.

Table 4.4 M ean Literacy Score by ISCED Level and Secondary-Tertiary Gap, 
by Country

All
ISCED 
level 3 

ISCED 
level 5 Difference

Ukraine 268 264 274 10
Armenia 253 247 260 13
Georgia 242 234 247 13
Vietnam 235 251 274 23
Colombia 228 241 265 25
Bolivia 183 206 229 23
Kenya 163 189 238 49
Ghana 125 191 238 47
Mean 212 228 253 25

Source: World Bank STEP Skills Measurement Program. 
Note: Means for tertiary graduates in orange (column 3) are less than means for secondary graduates in blue 
(column 2). Fourth column values are tertiary means minus secondary means. Sample is working age 
population excluding rural residents, members of the military, and students under 30 years old. 

Table 4.5  Broad Fields of Study, by Country
percent

1. 1a. 2 3 4 5 6 7

None full 
sample

None 
employed 

only 
(Δ percent)

Education 
and social 

services

Humanities 
and social 

sciences

Business 
and 

office

STEM, 
trades 

tertiary

STEM, 
trades 

secondary
Law and 

health

Armenia 38 −16 10 15 5 13 4 11
Bolivia 56 −6 5 2 13 9 4 7
Colombia 79 −3 2 1 7 8 0 4
Georgia 31 −14 6 17 7 14 2 14
Ghana 77 −2 2 5 6 2 4 1
Kenya 71 −6 4 3 6 4 4 2
Lao PDR 77 −3 6 1 5 4 1 3
Macedonia, FYR 31 −13 5 11 8 7 23 8
Sri Lanka 63 −10 2 7 10 2 13 1
Vietnam 74 −4 3 2 9 6 2 2
Yunnan Province 57 −10 8 2 13 5 6 4
Mean 54 −8 5 6 8 7 6 5

Source: World Bank STEP Skills Measurement Program. 
Note: “None” indicates no field of study. Except for column 1a figures cover the working-age population excluding rural residents, members of the 
military, and students under 30 years old. Column 1a shows the difference between column 1 and percentage values recalculated restricting 
samples to employed respondents. Unusually large values in blue and unusually small values in orange. 
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Selection into Employment by Education and Achievement Level

Figure 4.2 and table 4.1 showed significant variation in employment rates by 
country, raising possible issues of sample selectivity and introducing an element 
of noncomparability across countries. They also complicate conclusions within 
countries with low employment rates, because outcomes are unobserved for 
a  large proportion of cases, and the extent to which this represents weak 
labor markets or personal preferences is difficult to determine for many female 
and older persons, in particular. Table 4.6 shows employment rates by ISCED 
level, giving some sense of selection into employment. Employment rates below 
55 percent are shown in orange; almost all of these countries are in the Europe 
and Central Asia region, with rates for Armenia and Georgia much lower than 
the other countries. 

Within every country, tertiary graduates have the highest rates of employ-
ment, averaging 75 percent. However, the countries with the highest rates of 
tertiary education have the lowest employment rates overall (final column), and 
the lowest rates for tertiary graduates themselves (column 5). Thus, the different 
employment-to-population ratios shown earlier cannot be ascribed simply to 
compositional differences with respect to education level across countries. 
Indeed, the most educated countries have the lowest employment rates overall 
and within each ISCED group. In Georgia, the employment rate for tertiary 
graduates is one-half the average across countries (38 percent vs. 75 percent). 
Although education is positively associated with employment in Georgia and 
Armenia, employment rates for tertiary graduates are below those of secondary 
school graduates in every other country, and almost every other ISCED level 

Table 4.6 E mployment Rates by ISCED Level, by Country
percent

<1 1 2 3 4 5 All

Lao PDR 86 87 86 88 94 96 88
Ghana 86 75 80 75 87 81
Kenya 64 62 70 65 70 82 67
Sri Lanka 48 58 50 54 69 55
Colombia 64 67 70 73 78 72
Vietnam 77 73 76 68 83 75
Bolivia 73 91 81 83 79 91 83
Yunnan Province 45 57 69 89 67
Macedonia, FYR 14 32 59 71 57
Ukraine 49 56 56 68 61
Armenia 29 25 45 37
Georgia 19 23 38 33
Mean 71 64 58 62 75 75 65

Source: World Bank STEP Skills Measurement Program. 
Note: Blank cells indicate either no cases or too few cases for reliable estimates. Last row shows unweighted 
means across countries. Figures below 55 percent in orange. Figures exclude rural residents, members of the 
military, and students under age 30. 

http://dx.doi.org/10.1596/978-1-4648-0908-8


Findings: Country Context 	 47

Accounting for Mismatch in Low- and Middle-Income Countries 
http://dx.doi.org/10.1596/978-1-4648-0908-8

outside the Europe and Central Asia group. It is likely that many tertiary gradu-
ates in Georgia and Armenia are unable to find suitable work and would be 
counted as mismatched if the definition of mismatch were broadened to include 
nonemployed persons. 

Given the observed selection into employment based on education level, 
it  is surprising to find relatively modest selection into employment based on 
test score means for the employed, unemployed, and inactive (table 4.7) and 
various score percentiles (not shown). Note that only eight of the 12 countries 
completed the full literacy assessment, hence the absence of Lao PDR, FYR 
Macedonia, Sri Lanka, and Yunnan Province. While the main analyses will 
examine the extent to which test scores affect the probability of education 
mismatch among the employed, it does not appear that test scores strongly 
affect the probability of employment itself in many cases. 

Quality of Employment

Some indication of the kinds of jobs workers hold, which relates to structural 
conditions in the labor market, can be gained by examining the distribution 
of  jobs according to (1) whether they are in the public or private sectors, 
(2) whether they are formal or informal (as defined by the presence/absence of 
pension benefits), and (3) the nature of the employment relationship (employee, 
self-employed, unpaid family worker).

These three category schemes may cross-cut one another, though in practice 
the vast majority of public sector jobs are formal and almost all self-employed 
workers are informal, as are all unpaid family workers. However, employees 
show significant variation across the public/private and formal/informal catego-
ries. The major exception to the preceding is Georgia, where nearly 45 percent 
of public sector workers are informal by the preceding definition. If informality 
were defined more narrowly, the fact that the vast majority of public sector 

Table 4.7 M ean Literacy Score by Employment Status, by Country

All Employed Unemployed Inactive

Ukraine 268 270 271 262
Armenia 253 256 251 252
Georgia 242 248 240 239
Vietnam 235 238 244 223
Colombia 228 230 229 216
Bolivia 183 185 183 168
Kenya 163 169 163 139
Ghana 125 122 154 131
Mean 212 215 217 204

Source: World Bank STEP Skills Measurement Program. 
Note: Values in orange are unusually small and the value in blue are unusually large. Sample is working-age 
population excluding rural residents, members of the military, and students under 30 years old. 
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workers in Georgia have written employment contracts and permanent positions 
would reduce the informal share in that country significantly.

These distinctions reflect some of the structural issues discussed previously. 
While some state-owned enterprises may be solid, there is concern that some 
countries have used public sector employment to substitute for a weak private 
sector as an incentive for people to pursue higher education, and there is also 
some concern that the pursuit of public sector employment spontaneously moti-
vates students to enter higher education and queue for public sector jobs after 
graduation.

Likewise, high rates of informality are seen widely as an indicator of poor job 
market conditions. It is also widely recognized that much self-employment in 
developing countries is a response to a shortage of more productive, formal jobs, 
though there is some question as to whether some of the self-employed may be 
considered entrepreneurs with significant potential for income generation.

Table 4.8 sheds light on job conditions across countries. Figures in blue exceed 
the cross-country (unweighted) means in the final row by at least ten percentage 
points, while figures in orange fall below those means by an equal amount. The 
following patterns are evident. 

Public employment is very high in Armenia, Georgia, and Ukraine, and, to a 
lesser extent, in Yunnan Province and FYR Macedonia. All of these countries have 
low rates of self-employment (about 13 percent), as well. For this reason and 
because of low rates of informal private sector employment, rates of informality 
are very low in Armenia, Ukraine, and FYR Macedonia (about 16 percent). 

Table 4.8 E mployment by Public/Private and Formal/Informal Sectors

1. Public 
sector

2. Informal 
sector

3a. Employees

3b. Self-
employed

3c. Unpaid 
family 

workersAll
Public, 
formal

Private, 
formal

Private, 
informal

Lao PDR 18 87 30 11 2 11 59 10

Ghana 10 84 34 8 7 17 62 4

Kenya 7 76 55 6 17 31 41 4

Sri Lanka 21 64 57 17 16 20 40 3

Colombia 4 62 53 4 31 17 46 1

Vietnam 25 60 54 22 13 16 39 7

Bolivia 12 77 47 10 12 23 50 3

Yunnan Province 34 47 83 28 23 27 13 4

Macedonia, FYR 31 15 83 30 48 4 16 1

Ukraine 36 13 87 36 51 0 12 0

Armenia 57 19 88 56 23 7 11 1

Georgia 45 62 84 25 13 26 14 1

Mean 25 56 63 21 21 17 34 3

Source: World Bank STEP Skills Measurement Program. 
Note: Last row shows unweighted means across countries. Figures in blue exceed cross-country means by at least 10 percentage points and 
figures in orange are at least 10 percentage points below cross-country means. Figures cover the working-age population excluding rural 
residents, members of the military, and students under 30 years old. 
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Informality is more common in Georgia (62 percent) both for the reasons already 
noted and also because of relatively high levels of informality among private sec-
tor employees, a pattern also found in Yunnan Province. It should be noted that 
rates of public sector employment are much higher for tertiary graduates than 
less educated workers in many countries, which may explain their lower proba-
bility of mismatch to some extent.

Lao PDR and Ghana have the highest rates of informality (about 85 percent) 
and the highest rates of self-employment (about 60 percent). Formal employ-
ment in the private sector is extremely low (about 5 percent), and formal employ-
ment in the public sector is among the lowest as well (about 10 percent).

Patterns are more diverse among the other countries. Informality ranges from 
60 to 77 percent and self-employment is in the range of 40–50 percent. Private, 
formal employment is quite low (about 15 percent), except for Colombia 
(31 percent), as is public sector formal employment (about 7 percent in Kenya, 
Colombia, and Bolivia).

Formal private sector jobs are most common in Ukraine and FYR Macedonia, 
accounting for about 50 percent of all employment. However, 22 percent of 
private employment in Ukraine is in privatized state enterprises. Given the rela-
tively high rates of formal public sector employment in both countries, it is no 
coincidence that they have the lowest rates of mismatch (about 28 percent), 
followed by Armenia and Georgia (about 34 percent), as shown in the next 
chapter. Jobs tend to be scarce in these countries, but employment is similar to 
that in developed countries, where it exists.

The Task Content of Jobs

The previous sections provide information on personal and job characteristics 
and broader labor market conditions that are expected to help account for 
observed mismatch by education level. Just as literacy scores and field of study 
provide finer detail than education level regarding worker skills, STEP’s measures 
of cognitive job tasks provide finer detail than required education level does 
regarding job skill demands. And just as apparent mismatch based on education 
level raises questions regarding the equivalence of workers with the same level of 
education, it also raises the question of the equivalence of jobs within job-
required education categories. Finally, just as apparently over-educated workers 
may have lower achievement and less marketable specialized knowledge than 
their classmates, they may also have more cognitively complex jobs than their 
well-matched, less educated coworkers.

This report uses STEP’s measures of the complexity of reading, writing, 
math, and problem solving performed on the job to measure job skill require-
ments more finely and specifically. Other measures, such as computer and 
noncomputer technology used at work, as well as a parallel set of items on tasks 
performed outside work, which provide comparable information on capacities, 
will be used in further studies. The measures aim to cover, as much as possible, 
the content of the cognitive skills domain specified previously, as can be seen in 
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the shaded entries in table 4.9, which reproduces key content of table 1.2 from 
chapter 1 for convenience. Table 4.9 shows that the comprehensive cognitive 
skills map developed in chapter 1 is covered reasonably well by measures in the 
STEP survey.

STEP task items aim to be as concrete and objective as possible, and most 
incorporate a clear difficulty gradient. The goal is to move beyond ordinal-level 
measures using vague quantifiers and Likert-style response options toward 
measures that give some indication of the absolute levels of cognitive complex-
ity involved in work and personal life. Rather than items that simply rank 
respondents, STEP measures provide information on what people actually do 
at their jobs. 

Ideally, a correspondence could be established between values on these 
task scales and education level such that one could determine not only the 
percentage of jobs requiring reading, writing, math, and problem solving at 
different ISCED levels, but also the percentage of people with those skills and 
how many people work in jobs that involve using them. This would not only 
locate people and jobs on a common education scale, but also cross-reference 
those values to the presumed content of education at different levels to the 
extent possible. 

Needless to say, continued ambiguity within the education field as to what 
constitutes grade-level reading, writing, and problem solving, as well as the con-
straints of large-sample surveys, place limits on how effectively this can be 
achieved. The number of survey questions and level of detail in the instructions 
to respondents are limited and the data are self-reports. There is not even a con-
sensus within IO psychology on rating methods using external observation by 
trained job analysts that can equate job task complexity to education levels. 
Nevertheless, few previous surveys have approached the issue of job skill require-
ments as systematically as STEP, and insofar as self-reports are biased upward 
then rates of self-reported task performance represent an upper bound, which in 
this case remains informative because they are well below the scales’ ceilings.

Table 4.9 C ognitive Skills Domain

Skill level

General skills Specific skills

3Rs plus
General cognitive 

skills
Knowledge, field of 

study Particular skills

High •	 Math

•	 Writing

•	 Reading 

•	 General knowledge

•	 Organizational skills 

•	 General 
knowledge 

•	 General reasoning, 
analytical skills 

•	 Problem solving

•	 Trainability, 
learning how to 
learn

High level, such as 
STEM, medical, 
other managerial & 
professional 

•	 IT software, 
hardware skills

•	 Business 
procedures

•	 Handling of 
specific 
materials, tools, 
equipment

Medium Medium level, such as 
technical, craft/
repair, upper 
clerical 

Low
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Some indication of the quality of the measures as well as the level of job skill 
requirements by country is shown by rates of task performance by ISCED 
level. For presentation purposes, tables 4.10, 4.11, and 4.12 recode task vari-
ables into three levels and show rates of simple and complex task performance 
by ISCED category. Rates of performing moderately complex tasks can be 
recovered by subtracting the sum of rates of simple and complex task perfor-
mance from 100 percent. All tables refer only to employed persons, excluding 
those whose personal education or job-required education is post-secondary 
nontertiary (ISCED = 4), who are excluded from the main analyses due to the 
small and specialized nature of these groups. Rates that are at least 10 percent-
age points above (below) cross-country averages are shaded blue (orange). 
Thus, countries with unusually skilled jobs have values in the first row shaded 
orange and/or values in the second row shaded blue (orange-blue), while the 

Table 4.10 L evel of Reading Complexity at Work, by Worker ISCED Level, by Country
percent

Document length by ISCED level Kinds of reading by ISCED level

< 1 1 2 3 5 All < 1 1 2 3 5 All

Lao PDR
Low 100 98 97 92 64 93 89 84 71 46 10 67
High 0 0 0 2 14 2 1 3 4 12 59 11

Ghana
Low 100 99 98 75 47 88 100 93 88 57 16 77
High 0 0 1 17 43 9 0 1 3 14 55 10

Kenya
Low 99 92 75 75 29 79 96 83 58 56 8 66
High 0 4 15 19 63 15 2 4 19 20 61 16

Sri Lanka
Low 99 96 62 37 71 99 86 39 8 53
High 0 0 26 45 20 1 5 40 67 31

Colombia
Low 95 93 97 81 50 78 80 76 72 49 24 54
High 5 5 3 11 37 15 4 7 8 22 43 21

Vietnam
Low 100 93 91 79 35 74 89 85 71 52 18 55
High 0 4 4 11 50 18 1 1 7 18 46 19

Bolivia
Low 96 100 95 80 39 72 88 91 82 66 24 59
High 2 0 2 15 51 22 3 4 4 13 44 20

Yunnan Province
Low 87 79 62 33 60 68 50 21 8 30
High 6 10 23 48 25 8 17 40 59 36

table continues next page
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Table 4.10  Level of Reading Complexity at Work, by Worker ISCED Level, by Country (continued)

Document length by ISCED level Kinds of reading by ISCED level

< 1 1 2 3 5 All < 1 1 2 3 5 All

Macedonia, FYR
Low 94 70 27 57 82 47 11 38
High 3 20 61 33 8 31 66 41

Ukraine
Low 79 55 64 50 20 32
High 11 32 24 33 62 50

Armenia
Low 94 85 47 60 88 70 32 45
High 2 9 34 26 7 9 33 26

Georgia
Low 80 53 59 75 40 47
High 13 34 30 13 26 23

Mean
Low 98 95 91 77 43 71 90 85 75 52 18 52
High 1 2 4 15 43 20 2 4 8 22 52 25

Source: World Bank STEP Skills Measurement Program. 
Note: Blank cells indicate either no cases or too few cases for reliable estimates. Document length refers to the longest 
document read normally at work, where low = 0–5 pages, medium = 6–10 pages (not shown), high = over 10 pages. Kinds of 
reading refers to the number of different types of materials read regularly at work (forms, bills, manuals, reports, newspapers/
magazines/books), where low = 0–1, medium = 2–3 (not shown), high = 4–5. Because Ukraine survey includes only four types 
of reading, low = 0–1, medium = 2 (not shown), high = 3–4. 

Table 4.11 L evel of Writing at Work, by Worker ISCED Level, by Country
percent

< 1 1 2 3 5 All

Lao PDR
Low 96 89 81 63 27 77
High 0 2 1 2 25 4

Ghana
Low 99 91 87 62 21 78
High 0 0 3 12 40 8

Kenya
Low 95 84 66 65 17 71
High 0 1 7 11 52 9

Sri Lanka
Low 98 88 55 37 65
High 0 3 20 32 16

Colombia
Low 91 89 84 72 47 72
High 1 1 6 5 24 8

table continues next page
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pattern is reversed (blue-orange) for countries whose rates of job task complex-
ity are unusually low. 

Table 4.10 presents results for complexity of reading at work as measured by 
(1) length of the longest document normally read on the job and (2) the number 
of different kinds of reading materials normally used at work. Reading complex-
ity is low if the longest document is five pages or less or if respondents indicated 
they read no more than one out of the four or five kinds of reading materials 
about which they were queried. Reading complexity is considered high if they 
normally read documents over 10 pages long and use all or nearly all of the dif-
ferent kinds of reading materials asked about in the survey. 

There is a clear gradient by worker education for both measures of read-
ing complexity. Aside from Kenya and Yunnan Province, almost no one with less 
than upper secondary education reads documents longer than five pages as a 

Table 4.11  Level of Writing at Work by Worker ISCED Level, by Country (continued)

< 1 1 2 3 5 All

Vietnam
Low 95 94 88 73 29 69
High 0 2 1 6 35 11

Bolivia
Low 94 94 85 74 27 64
High 1 1 2 5 42 17

Yunnan Province
Low 78 62 31 12 38
High 6 8 21 48 24

Macedonia, FYR
Low 89 64 20 51
High 2 13 48 24

Ukraine
Low 73 33 49
High 8 29 21

Armenia
Low 79 70 30 43
High 0 8 36 27

Georgia
Low 83 55 61
High 1 22 18

Mean
Low 95 89 81 65 30 61
High 0 2 3 9 36 16

Source: World Bank STEP Skills Measurement Program. 
Note: Writing refers to the length of the longest document written normally at work, where low = 1 page or 
less, medium = 2–5 pages (not shown), high = over 5 pages. 
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Table 4.12 L evels of Math Use and Problem Solving at Work, by Worker ISCED Level, by 
Country
percent

Math by ISCED level Problem solving by ISCED level

< 1 1 2 3 5 All < 1 1 2 3 5 All

Lao PDR
Low 16 7 6 3 4 8 92 91 84 75 67 84
High 2 4 3 9 16 5 4 2 11 9 11 7

Ghana
Low 9 9 10 9 12 10 78 70 67 58 27 64
High 0 0 0 2 22 3 19 25 26 34 62 30

Kenya
Low 19 19 14 11 5 15 67 67 64 49 21 57
High 0 0 5 5 31 5 25 26 24 41 69 34

Sri Lanka
Low 20 18 12 14 14 68 61 45 29 49
High 4 2 12 25 10 22 28 42 62 39

Colombia
Low 23 22 9 15 13 17 59 53 43 57 34 50
High 1 2 5 9 16 8 20 41 49 33 51 39

Vietnam
Low 19 14 16 12 15 14 94 91 81 73 48 72
High 0 2 2 5 19 7 2 7 12 20 40 20

Bolivia
Low 11 4 10 9 10 9 70 64 56 48 26 47
High 2 7 3 5 28 12 21 29 36 33 63 42

Yunnan Province
Low 36 27 17 15 21 83 84 67 56 70
High 0 2 7 13 7 7 9 21 28 18

Macedonia, FYR
Low 35 26 22 25 77 52 28 46
High 2 6 22 11 21 42 64 48

Ukraine
Low 22 15 18 63 36 46
High 7 22 16 24 50 40

Armenia
Low 26 32 22 25 81 64 49 55
High 3 7 17 13 10 26 41 35

table continues next page
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normal part of their job. Required reading levels are somewhat higher when 
measured by the percentages using a moderate number of different kinds of 
reading materials at work, but the generally low literacy demands of jobs held by 
workers without upper secondary education is notable.

Analyses of STEP’s information on test scores and literacy practices can shed 
light on the extent to which the low workplace demands are a response to low 
worker abilities or are determined exogenously and indicative of skill underuti-
lization. However, even the vast majority of upper secondary  graduates read 
documents no longer than five pages at work (mean = 77 percent), though, again, 
reading complexity is higher when measured by the variety of reading materials 
used at work. Likewise, the share of tertiary graduates reading documents over 
10 pages exceeds 50 percent in only three countries (Bolivia, Kenya, FYR 
Macedonia), though the vast majority in most countries read more than one kind 
of reading material.

Table 4.11 shows that about 90 to 95 percent of workers with primary educa-
tion or less do not write text longer than a page as a normal part of their job. 
About 15–25  percent of workers with lower and upper secondary educa-
tion write moderately long text (two to five pages) as part of their job, but even 
tertiary graduates do not write text longer than five pages at rates exceeding 
45 percent outside of Kenya, Yunnan Province, and FYR Macedonia. 

In short, although there is much imprecision in equating document length and 
document variety to education levels, it does not seem that literacy practices at 
work are typically high relative to the curriculum content one assumes for ter-
tiary, upper secondary, and the other education levels.

Information on math used at work (table 4.12) generally reinforces impres-
sions from the evidence on literacy practices. There is much less variation in math 
use at work by education level, and only 15–25 percent of any ISCED group 
reports using no math at all in most countries. Moderate math complexity 
involves using arithmetic at work, even though it is typically learned by the end 

Table 4.12  Levels of Math Use and Problem solving at Work by Worker ISCED Level, by Country 
(continued)

Math by ISCED level Problem solving by ISCED level

< 1 1 2 3 5 All < 1 1 2 3 5 All

Georgia
Low 43 32 35 84 64 68
High 6 10 9 12 27 24

Mean
Low 16 16 17 17 15 18 77 74 70 61 40 59
High 1 2 3 7 20 9 15 20 22 28 47 31

Source: World Bank STEP Skills Measurement Program. 
Note: Blank cells indicate either no cases or too few cases for reliable estimates. Math refers to the kinds of math used normally 
at work, where low = no math at all, medium = arithmetic, including calculations with fractions, decimals, and percents (not 
shown), high = any math above arithmetic (e.g., algebra, geometry, trigonometry). Problem solving refers to the frequency of 
performing tasks that require at least 30 minutes of thinking to figure out how they should be done, where low = less than 
once a month, medium = less than once a week but at least once a month (not shown), high = at least once a week. 
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of primary school; this level of math is commonly used on the job. However, 
higher levels of math, defined as anything above arithmetic, are rarely used on 
the job by any education group. Aside from Sri Lanka, less than 10 percent of 
upper secondary graduates in any country use secondary school math at work, 
and only about 15–25 percent of tertiary graduates in most countries use any 
math beyond arithmetic as a regular part of their jobs. 

Of course, it is possible that the critical skills for most jobs are general reason-
ing and problem solving, skills that are part of the general cognitive development 
fostered by schooling, rather than math, writing, or reading extended text specifi-
cally. STEP defines complex problem solving as tasks requiring at least 30 minutes 
of thinking to figure out how they should be accomplished. This item uses time 
as an objective basis to define complexity for a concept (“problem solving”) that 
has no other obvious basis for a natural unit, unlike reading, writing, and math.

When respondents are asked how often they have to solve problems at work 
requiring at least 30 minutes of thinking, the average percentage across countries 
saying they do so with high frequency (at least once a week) seems larger than 
the corresponding percentages for other tasks. For example, 28 percent of upper 
secondary graduates say they are faced with such tasks at least once a week, but 
only 15 percent say they regularly read documents at least 10 pages long, which 
might be expected to take the average reader about 30 minutes as well. 
Comparing the frequency of complex problem solving to the other tasks is not 
so straightforward and may produce other rankings. Likewise, the time required 
to solve a problem is partly dependent on the ability of the problem solver as 
well as the intrinsic difficulty of the problem, so the standard unit is less fixed 
than page length. Nevertheless, it seems likely that problem solving contributes 
unique information on general skills developed significantly through education 
that is distinct from literacy and numeracy practices.

A useful point to note is that the education gradients for all tasks, apart from 
simple math use, are nonlinear. The difference in rates between tertiary and 
upper secondary is typically much greater than the difference for any other pair 
of adjacent groups, and the contrast between upper and lower secondary ranks 
second. Contrasts between rates for lower secondary and primary and for pri-
mary versus less than primary tend to be smaller. This is suggestive of the dif-
ferential substitutability of workers with different levels of education. It is also 
possible that job-required education is a softer constraint on hiring when the 
level required is lower secondary and below.

In addition to providing baseline information on the levels of job task com-
plexity, Tables 4.10 through 4.12 provide evidence of the strong discriminating 
power of most of the job skill measures and their construct validity. The different 
ISCED groups would be expected to differ in their rates of task performance, and 
the evidence of such differences offers support for their construct validity 
according to the principle of known groups. Evidence of convergent construct 
validity that is especially relevant to the study of mismatch is provided by the 
correlations between the task items and job-required education, and the inter-
correlations among tasks themselves, shown as a heat map in table 4.13. 
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The sample in table 4.13 is identical to that used in tables 4.10–4.12, but 
responses to the task items are not collapsed. Overall, it depicts the types of pat-
terns we would expect in terms of job-required education and job tasks. Job-
required education (shortened to “job education” in the table) is strongly related 
to the three reading and writing variables; nearly all 36 correlations are between 

Table 4.13 C orrelations of Job Tasks and Job-Required Education, by STEP Country

Job 
education

Reading 
length

Reading 
type Writing Math 1 Math 2 Math 3

Armenia
Job education 1.00
Reading, length 0.56 1.00
Reading type 0.53 0.75 1.00
Writing 0.49 0.68 0.60 1.00
Math, all 0.20 0.21 0.33 0.20 1.00
Math, arithmetic 0.18 0.19 0.32 0.19 0.98 1.00
Math, advanced 0.19 0.20 0.21 0.16 0.55 0.39 1.00
Problem solving 0.33 0.33 0.25 0.32 0.21 0.19 0.19

Bolivia
Job education 1.00
Reading, length 0.65 1.00
Reading type 0.63 0.82 1.00
Writing 0.62 0.71 0.63 1.00
Math, all 0.21 0.25 0.31 0.24 1.00
Math, arithmetic. 0.15 0.16 0.24 0.17 0.98 1.00
Math, advanced 0.32 0.43 0.39 0.37 0.51 0.31 1.00
Problem solving 0.34 0.40 0.38 0.42 0.20 0.16 0.23

Colombia
Job education 1.00
Reading, length 0.51 1.00
Reading type 0.47 0.74 1.00
Writing 0.42 0.56 0.49 1.00
Math, all 0.20 0.26 0.32 0.27 1.00
Math, arithmetic 0.18 0.24 0.30 0.25 0.99 1.00
Math, advanced 0.19 0.20 0.23 0.18 0.44 0.28 1.00
Problem solving 0.24 0.26 0.24 0.31 0.29 0.28 0.16

Georgia
Job education 1.00
Reading, length 0.56 1.00
Reading type 0.49 0.69 1.00
Writing 0.44 0.57 0.49 1.00
Math, all 0.14 0.23 0.37 0.23 1.00
Math, arithmetic 0.13 0.21 0.36 0.19 0.99 1.00
Math, advanced 0.13 0.23 0.23 0.30 0.52 0.39 1.00
Problem solving 0.31 0.29 0.30 0.29 0.21 0.21 0.14

table continues next page
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Table 4.13  Correlations of Job Tasks and Job-Required Education, by STEP Country (continued)

Job 
education

Reading 
length

Reading 
type Writing Math 1 Math 2 Math 3

Ghana
Job education 1.00
Reading, length 0.63 1.00
Reading type 0.66 0.82 1.00
Writing 0.61 0.69 0.64 1.00
Math, all 0.19 0.18 0.25 0.22 1.00
Math, arithmetic 0.15 0.15 0.21 0.19 0.99 1.00
Math, advanced 0.31 0.28 0.32 0.23 0.37 0.24 1.00
Problem solving 0.34 0.36 0.34 0.32 0.12 0.10 0.17

Kenya
Job education 1.00
Reading, length 0.55 1.00
Reading type 0.57 0.78 1.00
Writing 0.56 0.71 0.66 1.00
Math, all 0.36 0.39 0.42 0.42 1.00
Math, arithmetic 0.31 0.34 0.39 0.36 0.99 1.00
Math, advanced 0.40 0.42 0.35 0.47 0.44 0.29 1.00
Problem solving 0.33 0.35 0.33 0.36 0.34 0.33 0.22

Lao PDR
Job education 1.00
Reading, length 0.67 1.00
Reading type 0.69 0.79 1.00
Writing 0.64 0.76 0.68 1.00
Math, all 0.36 0.44 0.43 0.39 1.00
Math, arithmetic 0.35 0.42 0.41 0.38 0.98 1.00
Math, advanced 0.22 0.24 0.25 0.23 0.45 0.29 1.00
Problem solving 0.25 0.27 0.29 0.25 0.26 0.24 0.19

Macedonia, FYR
Job education 1.00
Reading, length 0.58 1.00
Reading type 0.53 0.79 1.00
Writing 0.56 0.71 0.65 1.00
Math, all 0.24 0.40 0.51 0.37 1.00
Math, arithmetic 0.21 0.38 0.50 0.35 0.99 1.00
Math, advanced 0.26 0.28 0.27 0.29 0.55 0.40 1.00
Problem solving 0.40 0.43 0.43 0.41 0.33 0.31 0.24

Sri Lanka
Job education 1.00
Reading, length 0.54 1.00
Reading type 0.55 0.80 1.00
Writing 0.50 0.71 0.61 1.00
Math, all 0.21 0.31 0.36 0.25 1.00

table continues next page
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0.45 and 0.69. Job  education is also associated with problem solving (mean 
correlation = 0.34), while correlations with math tasks average 0.25, using either 
a scale with all math items or a single dichotomous indicator of advanced math 
tasks. Turning to the intercorrelations among the task variables, the three reading 
and writing variables are quite strongly associated among themselves, while prob-
lem solving and math show associations with reading and writing that are similar 
to their correlations with required education. The weakness of the math task vari-
ables undoubtedly reflects their relatively low variation despite their concreteness. 

Table 4.13  Correlations of Job Tasks and Job-Required Education, by STEP Country (continued)

Job 
education

Reading 
length

Reading 
type Writing Math 1 Math 2 Math 3

Math, arithmetic 0.18 0.29 0.34 0.23 0.98 1.00
Math, advanced 0.24 0.22 0.24 0.22 0.46 0.29 1.00
Problem solving 0.27 0.31 0.27 0.25 0.23 0.23 0.12

Ukraine
Job education 1.00
Reading, length 0.45 1.00
Reading type 0.50 0.64 1.00
Writing 0.46 0.73 0.61 1.00
Math, all 0.32 0.35 0.51 0.44 1.00
Math, arithmetic 0.30 0.33 0.51 0.41 0.98 1.00
Math, advanced 0.25 0.28 0.25 0.34 0.58 0.41 1.00
Problem solving 0.41 0.45 0.37 0.47 0.36 0.34 0.27

Vietnam
Job education 1.00
Reading, length 0.63 1.00
Reading type 0.62 0.73 1.00
Writing 0.59 0.68 0.61 1.00
Math, all 0.23 0.23 0.33 0.31 1.00
Math, arithmetic 0.19 0.19 0.30 0.27 0.99 1.00
Math, advanced 0.33 0.29 0.29 0.32 0.46 0.30 1.00
Problem solving 0.49 0.43 0.42 0.40 0.29 0.27 0.24

Yunnan Province
Job education 1.00
Reading, length 0.50 1.00
Reading type 0.47 0.70 1.00
Writing 0.53 0.70 0.61 1.00
Math, all 0.26 0.38 0.50 0.40 1.00
Math, arithmetic 0.24 0.37 0.50 0.39 0.99 1.00
Math, advanced 0.19 0.21 0.17 0.26 0.42 0.28 1.00
Problem solving 0.36 0.32 0.35 0.37 0.29 0.28 0.18

0.60–0.89 0.40–0.59 0.30–0.39 0.20–0.29 0.10–0.19

Source: World Bank STEP Skills Measurement Program. 
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Correlations with wages (not shown) reinforce the conceptual arguments and the 
table’s empirical evidence that the job task variables pick up meaningful variation 
in job cognitive skill demands that make them promising candidates for testing 
whether or to what extent apparent mismatch by education level masks hetero-
geneity of the skills actually used at work. 

Of course, the additional information that the task items contribute must be 
balanced against the likelihood that ratings of job-required education reflect in 
part some weighted sum or average of these tasks made by the respondents in 
answering the question on job-required education. Insofar as these tasks partly 
define the meaning of job-required education in the minds of respondents, there 
is a limit on how similarly one might expect workers would rate the task require-
ments of their jobs if they report having the same education but working in jobs 
that do and do not match that education level. The fact that workers report dif-
ferent job-required education likely implies they will not report similar levels of 
reading, writing, math, and problem solving on the job, but the extent to which 
their tasks are more similar to the tasks of their coworkers or to their classmates 
is an empirical question, addressed in chapter 6.

Implications for Analyses

The STEP countries vary significantly in terms of national income, which, together 
with country-specific factors, affects education levels, employment rates, and selec-
tion into formal and public sector employment. All of these differences could be 
expected to be associated with differences in observed rates of mismatch.

In addition, there is variation within education levels in terms of years of edu-
cation, test scores, fields of study, and job tasks. This raises the possibility that 
observed mismatch by education level masks important complicating and/or 
mitigating circumstances that are usually unobserved, such as low achievement, 
specialization or skill kind mismatch, and job skill upgrading. At the same time, 
very high rates of informality, self-employment, and nonemployment raise the 
possibility that structural labor market conditions are significant drivers of mis-
match net of education level, indicating a genuine under-supply of good jobs rela-
tive to skill stocks. Even the highly educated may be forced into work that does 
not utilize their skills if formal jobs are scarce, or they may remain nonemployed 
as in the Europe and Central Asia countries. A key policy implication is that if 
results show the biggest problem is a shortage of good jobs, education policy is unlikely 
to be able to reverse the situation on its own.

Notes

	 1.	Unless noted, all data from this point onwards are from World Bank analyses of the 
STEP database.

	 2.	The ISCED (International Standard Classification of Education) levels were devel-
oped by UNESCO to facilitate comparisons of education statistics and indicators 
across countries on the basis of uniform and internationally agreed definitions.
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Cha   p t e r  5

Patterns of Educational Mismatch: 
Findings 

Introduction

Applying the conceptual framework discussed earlier, this chapter describes 
patterns of mismatch in the 12 participating countries using the contingency 
table framework developed in chapter 1.

The marginal distributions of personal education and job-required educa-
tion for employed persons are compared in the section titled “Aggregate 
Distributions: Workers’ Education and Job Education Requirements.” The 
differences between the two aggregate distributions provide lower-bound 
estimates of mismatch at the individual level and give some indication of the 
role of absolute job availability in producing mismatch for different education 
groups. The section titled “Aggregate Imbalances and Individual-Level 
Mismatch” presents these figures and their contrast with actual mismatch 
rates, which exceed the lower bounds set by aggregate mismatch rates.

The section titled “Joint Distributions of Personal and Job-Required 
Education” presents the joint distributions of personal and job-required edu-
cation by country in contingency table charts to show the full profile of 
match/mismatch by education levels and to permit easy comparison across 
countries. From these figures it is easy to calculate conditional distributions 
showing how well different education groups fare in the labor market (row 
percentages) and how effectively jobs at different skill levels can be filled 
with well-matched workers (column percentages). Comparisons of marginal, 
joint, and conditional distributions across countries show their relative per-
formance with respect to workers, firms, and the economy overall. Finally, 
the section titled “Summary of Descriptive Mismatch Results” summarizes 
the pattern of descriptive results.
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Aggregate Distributions: Workers’ Education and Job 
Education Requirements

Figure 5.1 shows the distribution of employed adults by International Standard 
Classification of Education (ISCED) education level, with countries ordered by 
the proportion of tertiary graduates. Treating education as a scalar can be conve-
nient, though it masks diversity in distributions across educational categories. 
Figure 5.2 converts ISCED codes to equivalent years of education and orders 
countries by mean, which alters some rankings; a horizontal reference line shows 
the unweighted mean across countries. 

Both the levels and the distributions of educational attainment vary widely 
across countries. About 45 percent of employed, urban adult residents in the 
Lao People’s Democratic Republic have primary education or less, followed by 
Ghana and Kenya, where one-third of urban adult residents have this level of 
education. By contrast, urban workers in Ukraine, Armenia, and Georgia 
report extraordinarily high levels of tertiary education, though generally low 

Figure 5.1 E ducational Distribution of Employed Persons, by STEP Country
percent 
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employment-population rates argue for caution in interpreting these figures. 
Medium levels of schooling (lower and upper secondary) tend to predominate 
in Sri Lanka, the former Yugoslav Republic of Macedonia, and Yunnan 
Province (China). The prevalence of vocational or career education (ISCED 
level 4B) is surprisingly similar in Kenya, Lao PDR, Bolivia, and Ukraine (9–14 
percent), while this kind of education is virtually absent elsewhere.

Clearly, the potential for under- and over-education may be affected by the 
different educational distributions for purely mechanical reasons. For example, 
only 23 percent of urban workers in Georgia can be under-educated using this 
set of categories, but because more than 85 percent of urban workers in Kenya, 
Ghana, Lao PDR, and Sri Lanka are below the top category, far more of them are 
at risk for under-education in those countries, in principle.

Figure 5.3 shows the distribution of jobs according to their required education 
level, ordered in terms of the proportion requiring tertiary education, which dif-
fers slightly from figure 5.1.1 Key patterns evident in the distribution include 
these: 

•	 Large differences between worker education and job-required education are 
immediately evident for Ghana, Lao PDR, and Vietnam, where the propor-
tions of jobs requiring less than primary education are very large and exceed 
the shares of workers with less than primary education by wide margins.

•	 The shares of jobs requiring tertiary education in Ukraine, Armenia, and 
Georgia clearly fall short of the shares of workers with tertiary education in 
those countries.

•	 There are interesting shortfalls in the total number of jobs requiring vocational 
education in the four countries with significant numbers of workers with voca-
tional education.

Figure 5.2 E mployed Mean Years of Education, by STEP Country
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Given the relatively small numbers of both workers and jobs at the ISCED 
level 4B, they are excluded from further analyses in this paper for the sake of 
simplicity (but will receive detailed treatment in separate work). The provisional 
conclusion is that job-oriented education below the tertiary level is relatively 
underdeveloped in most countries relative to general secondary and tertiary 
education, and there are relatively few jobs for which this is a well-identified 
pathway for qualification.

Aggregate Imbalances and Individual-Level Mismatch

Table 5.1 shows the distribution of worker education and job-required education, 
as well as the difference between them at each level (worker education minus job 
education). Countries are listed in descending order according to the share of 
workers that has not completed primary education. Large negative values, indicat-
ing more jobs than workers at that education level, are shown in orange. Large 
positive values, indicating more workers than jobs at that level, are shown in green.

Overall, it appears that the skills required by jobs lag behind the skills of work-
ers. Three countries have far more jobs requiring less than a primary education 
than workers with that level of education: Vietnam (gap = 32.5 percent), Lao PDR 
(26.6 percent), and Ghana (22.3 percent); no other country comes close to these 
mismatch rates for these education levels based on differences in the aggregate 
distributions. Kenya and Sri Lanka have far more jobs requiring lower secondary 
education than workers with that education level. Although workers in Lao PDR, 
Ghana, and Kenya have much less education than workers in the other countries, 

Figure 5.3  Distribution of Jobs by Job-Required Education Levels, 
by STEP Country
percent 
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Table 5.1  Aggregate Match Rates between Worker Education and Job-Required 
Education, by Country
percent

ISCED Level

< 1 1 2 3 5

Lao PDR
Worker 25.4 26.8 20.1 14.6 13.1
Job 52.0 16.1 9.7 8.8 13.4
Difference −26.6 10.8 10.4 5.8 −0.4 
D index 27.0

Ghana
Worker 25.0 10.4 33.4 19.3 11.9
Job 47.3 6.2 21.1 17.0 8.5
Difference −22.3 4.2 12.4 2.4 3.4
D index 22.3

Kenya
Worker 17.1 25.8 14.9 32.8 9.5
Job 16.3 0.0 44.8 29.7 9.2
Difference 0.8 25.8 −29.9 3.1 0.2
D index 29.9

Bolivia
Worker 16.5 6.4 15.9 25.8 35.4
Job 12.2 15.9 11.9 36.1 23.9
Difference 4.3 −9.5 4.0 −10.3 11.4
D index 19.8

Vietnam
Worker 5.4 15.5 23.2 29.6 26.4
Job 37.9 16.7 19.5 12.1 13.9
Difference −32.5 −1.2 3.7 17.5 12.5
D index 33.7

Sri Lanka
Worker 2.9 10.2 20.9 53.5 12.5
Job 5.2 12.1 50.5 21.2 11.0
Difference −2.3 −1.9 −29.6 32.3 1.5
D index 33.8

Yunnan Province
Worker 0.7 7.5 30.9 29.8 31.1
Job 1.7 12.3 33.4 33.4 19.2
Difference −1.0 −4.9 −2.5 −3.5 11.9
D index 11.9

Macedonia, FYR
Worker 0.2 0.4 8.6 56.8 34.0
Job 5.5 1.2 13.6 50.4 29.2
Difference −5.3 −0.8 −5.1 6.4 4.8
D index 11.2

table continues next page
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Table 5.1  Aggregate Match Rates between Worker Education and Job-Required Education, 
by Country (continued)

ISCED Level

< 1 1 2 3 5

Armenia
Worker 0.2 0.5 5.2 26.1 68.1
Job 4.0 4.3 8.1 31.4 52.1
Difference −3.9 −3.9 −3.0 −5.3 16.0
D index 16.0

Georgia
Worker 0.1 0.6 2.6 19.5 77.2
Job 3.5 2.4 5.8 32.2 56.1
Difference −3.4 −1.8 −3.2 −12.8 21.2
D index 21.2

Ukraine
Worker 0.0 0.2 1.8 35.8 62.2
Job 6.3 1.4 3.5 39.8 49.1
Difference −6.2 −1.3 −1.7 −4.0 13.1
D index 13.1

Mean
Difference −9.0 1.4 −4.1 2.9 8.7
D index 20.6

Source: World Bank STEP Skills Measurement Program.
Note: Column numbers represent ISCED levels (< primary, primary, lower secondary, upper secondary, tertiary). Difference = 
Worker education share minus job-required education share. Categories for which the share of workers (jobs) exceed jobs 
(workers) by at least 10 percentage points are indicated in Green (Orange). D index (index of dissimilarity) = The total mismatch at 
the aggregate level, shown in light blue. 

it appears that the skill levels of their jobs lag even further. By contrast, Georgia, 
Armenia, Ukraine, Vietnam, China-Yunnan Province, and Bolivia, where the differ-
ence is shaded green, have significantly more workers than jobs at the tertiary level.

Aggregate mismatch rates range from about 11 percent to nearly 34 percent. 
The total imbalance at the aggregate level, equal to the index of dissimilarity 
between the marginal distributions, is shown below each country panel in blue. 
This indicates the percentages of workers who would need to shift job or edu-
cation categories to bring the two aggregate distributions into balance and is 
one indicator of structural conditions affecting the probability of mismatch in 
different countries. If there is imperfect matching, the actual rates of mismatch 
will be greater, that is, these are lower-bound figures based on the differences 
between the marginal distributions of the two variables.

The individual-level match rate varies from 26 percent in Vietnam to nearly 
73  percent in FYR Macedonia (table 5.2). The values in columns 1–3 are also 
shown graphically in figures 5.4, 5.5, and 5.6. Subtracting the matched share from 
100 percent or, equivalently, adding rates of over-education and under-education 
yields the actual mismatch rate shown in column 4. These figures are at least double 
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Figure 5.4 E ducation Match Rates, by Country
percent 
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Note: Horizontal reference line shows the unweighted mean across countries.

Table 5.2 I ndividual-Level (Actual) Match Rates, by STEP Country

1 2 3 4 5 6

Well- 
matched

Over- 
educated

Under- 
educated

Actual 
mismatch

Aggregate 
mismatch

Difference (column 
4 minus column 5)

Lao PDR 45.1 41.1 13.7 54.9 27.0 27.9
Ghana 47.7 39.5 12.8 52.3 22.3 30.0
Kenya 34.5 24.9 40.4 65.5 29.9 35.6
Bolivia 40.1 34.6 25.2 59.9 19.8 40.1
Vietnam 26.0 70.0 4.0 74.0 33.7 40.3
Sri Lanka 43.5 46.1 10.4 56.5 33.8 22.7
Yunnan Province 56.6 32.6 10.7 43.4 11.9 31.5
Macedonia, FYR 72.6 22.3 5.1 27.4 11.2 16.2
Armenia 66.2 28.0 5.8 33.8 16.0 17.8
Georgia 66.4 29.4 4.0 33.4 21.2 12.2
Ukraine 72.1 24.0 3.8 27.9 13.1 14.8
Mean 51.9 34.2 12.4 48.1 21.8 26.3

Source: World Bank STEP Skills Measurement Program.

the lower-bound values based on the marginal distributions for every country other 
than Sri Lanka and Georgia (columns 5 and 6). Conceptually speaking, some por-
tion of the differences may reflect “exchange” or “swapping” of positions of differ-
ently educated workers across job education categories beyond the theoretical 
minimum set by the marginals. In other words, there are some jobs requiring com-
pleted secondary education that are filled by those with lower secondary educations 
and, for example, that are in excess of the mismatch rates that are implied directly 
by the marginal distributions of worker education and job education.
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Figure 5.6 R ates of Under-Education, by Country
percent
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Note: Horizontal reference line shows the unweighted mean across countries.

Figure 5.5 R ates of Over-Education, by Country
percent

0

10

20

30

40

50

60

70

80

Pe
rc

en
t o

ve
r-

ed
uc

at
ed

Country

Ukraine

Georg
ia

Arm
enia

Mace
donia, F

YR

Yunnan Pro
vince

Sri L
anka

Vietn
am

Boliv
ia

Kenya

Ghana

Lao PDR

Source: World Bank STEP Skills Measurement Program.
Note: Horizontal reference line shows the unweighted mean across countries.

If the marginals were identical, the rates of over-education and under-​
education would be identical because one worker’s mismatch would have to be 
offset exactly by someone else “exchanging places” with them. However, the two 
marginal distributions are not identical in any country, so there is no arithmetic 
or mechanical necessity for the rates of over- and under-education to be equal.

Over-education rates exceed under-education rates by a substantial margin 
in all countries studied, except Kenya, where under-education is unusually 
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common. Apart from outliers, over-education affects between 15 and 45 per-
cent of workers, while under-education affects about 4–14 percent. As one 
might expect, under-education is somewhat more common among countries in 
the upper rows with lower levels of educational attainment, but over-education 
tends to be more common in those countries, as well, despite the smaller shares 
of the workforce “at risk” for over-education. These latter countries appear to 
have a generally more severe problem with the synchronization of their educa-
tion and employment systems.

Not only are rates of over-education much higher than rates of under-
education, the range of over-education rates is much wider. The scatterplot in 
figure 5.7 gives an overview of over- and under-education rates for all countries 
on identically scaled axes. Not surprisingly, under-education rates tend to be 
quite low among countries in Europe and Central Asia, reflecting the ceiling 
effect of the concentration of workers at the maximum level of personal educa-
tion. There also seems to be a positive relationship (r = 0.58) between the two 
mismatch rates after excluding the two most extreme values, Vietnam and 
Kenya, which is even stronger after excluding Bolivia (r = 0.83), suggesting the 
possibility that some labor markets are more efficient generally or have fewer 

Figure 5.7 R ates of Over- and Under-Education, by Country
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distortions (such as due to discrimination) than others. The plot underscores the 
unusually high rates of over-education in Vietnam and under-education in 
Kenya and, to a lesser extent, Bolivia. From this evidence, it appears that there 
is a great deal of underutilization of education in Vietnam (or a skilled job 
shortage) and a severe under-provision of education in Kenya relative to the job 
requirements there. 

Joint Distributions of Personal and Job-Required Education

The country panels in figure 5.8 show the distributions of worker education 
(on the y-axis) by job-required education (on the x-axis), as in the mobility table 
shown in table 1.3. All values on the diagonal show percentages of the workforce 
that are matched at various levels. Values to the left and below the diagonal show 
the percentages of the workforce who are over-educated (for example, 15 per-
cent of employed Laotians have a primary education but work in jobs requiring 
less than primary). Values to the right and above the diagonal show percentages 
of workers who are under-educated (for example, 2 percent of Laotian workers 
have a secondary education but work in jobs requiring tertiary education). Cells 
accounting for less than one percent of the workforce are unmarked; otherwise, 
cell values sum to 100 percent. Key features of each country’s distribution are 
discussed in box 5.1.

Both high rates of under- and over-education can exist within the same country. 
These figures highlight the puzzle of simultaneous under- and over-education in the 

Figure 5.8  Joint Distribution of Worker Education by Job Education, by STEP Country
Cell percentages sum to ~100 
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Figure 5.8  Joint Distribution of Worker Education by Job Education, by STEP Country (continued)
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Figure 5.8  Joint Distribution of Worker Education by Job Education, by STEP Country (continued)
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Box 5.1  Discussion: Joint Distributions of Worker Education by Job Education

Lao People’s Democratic Republic (Lao PDR) (see figure 5.8, panel a). Lao PDR has a large 
share of well-matched workers with less than a primary education, occupying the low-skill 
match cell. However, large groups of workers with primary and secondary education also work 
in jobs requiring less than a primary education, and these workers who are over-educated rela-
tive to complexity of their jobs account for nearly one-third of total employment.

Ghana (see figure 5.8, panel b). The pattern for Ghana is similar to that of Lao PDR but some-
what less pronounced. There appears to be significant underutilization of the education of the 
current workforce before controlling for covariates. 

Kenya (see figure 5.8, panel c). Kenya has large groups with primary education or less working 
in jobs requiring lower secondary education (under-educated), and a significant group of 
workers with complete secondary education working in such jobs, as well (over-educated). 
None reports that their job requires a primary education. Kenya’s largest problem appears to 
be under-education relative to job requirements. 

Bolivia (see figure 5.8, panel d). Bolivia has a large share of workers with less than a primary 
education working in jobs requiring various levels of more education (under-educated). More 
than half of all workers with secondary education in Bolivia are evenly distributed across jobs 
requiring less education (over-educated), and a large group of tertiary graduates work in jobs 
requiring no more than a secondary education (over-educated).

box continues next page
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Source: World Bank STEP Skills Measurement Program.
Note: Unlabeled squares represent 1 percent of workers. Dark gray 
dots indicate figures that fall below 1 percent after rounding.

Figure 5.8  Joint Distribution of Worker Education by 
Job Education, by STEP Country (continued)

http://dx.doi.org/10.1596/978-1-4648-0908-8


74	 Patterns of Educational Mismatch: Findings 

Accounting for Mismatch in Low- and Middle-Income Countries 
http://dx.doi.org/10.1596/978-1-4648-0908-8

absence of absolute shortfalls in workers at given education levels. For example, in 
Kenya 6 percent of the workforce has a lower secondary education but works in 
jobs requiring a completed secondary education, while 12 percent are secondary 
school completers who work in jobs requiring only lower secondary education. That 
means that one-half of the latter, over-educated group could be well-matched, in 
principle, if none of the under-educated group were in those positions. This kind of 
pattern reflects either (1) worker and/or job heterogeneity, (2) some kind of mea-
surement error, or (3) imperfect matching, insofar as this mismatch exceeds levels 
implied by the marginal distributions. In other words, an absolute shortage of work-
ers with secondary schooling does not explain this kind of pattern, because there 
are enough over-educated secondary school graduates to satisfy employer needs 
without resorting to hiring those with less education. It is also possible that control-
ling for other variables might explain some portion of the apparent anomaly.

The joint distributions in figure 5.8 permit identification of the largest and most 
seriously mismatched subgroups in each country. In addition, it is easy to use these 

Vietnam (see figure 5.8, panel e). Vietnam has surprisingly few workers on the diagonal, and 
large numbers of workers at all levels report that their jobs require less education than their 
actual level of schooling, suggesting a very large problem with over-education or the genera-
tion of sufficient jobs whose complexity matches the capacities of the workforce. 

Sri Lanka (see figure 5.8, panel f ). Sri Lanka has a very large group of workers with a completed 
secondary education reporting that their jobs require lower secondary education (over-
educated), but otherwise jobs are reasonably well-matched with most workers clustering at 
mid-skill levels.

Yunnan Province, China (see figure 5.8, panel g). Yunnan Province has the strongest clustering 
on the diagonal outside of the Europe and Central Asia region. There is significant over-
education among workers with lower secondary, secondary, and tertiary educations, but the 
sparsely populated upper rows and leftmost columns suggest an economy that is transition-
ing to a mid- to high-skill match situation.

Former Yugoslav Republic of Macedonia (see figure 5.8, panel h). FYR Macedonia has a 
moderately significant group of workers with secondary and tertiary educations working in 
jobs requiring less education (under-educated), but the workforce is otherwise well-matched 
at a relatively high skill level. 

Armenia (see figure 5.8, panel i). Armenia shows a similar pattern except that the greater 
mass of workers at the tertiary level is accompanied by a larger group of workers with tertiary 
education who are over-educated.

Georgia (see figure 5.8, panel j). The profile for Georgia is very similar to that seen for Armenia 
(see above). 

Ukraine (see figure 5.8, panel k). The profile for Ukraine is very similar to that seen for Armenia 
(see above).

Box 5.1  Discussion: Joint Distributions of Worker Education by Job Education (continued)
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figures to calculate conditional distributions showing how well different education 
groups fare in the labor market (row percentages) and how well jobs at different 
skill levels can find well-matched workers (column percentages). Appendix A 
shows these conditional distributions in pairs of charts for each country. 

Figure 5.9 shows row percentages for workers with upper secondary and ter-
tiary education, permitting easy comparisons across countries. (Panels for the 

Figure 5.9 C onditional Distributions of Job Education by Worker Education, by Country
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Source: World Bank STEP Skills Measurement Program.
Note: Row percentages sum to 100 percent aside from rounding. 
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three other levels of education may be found in appendix B, where figures omit 
countries whose sample sizes are too small for the conditional distributions to be 
reliable.) The bars show the percentage of workers at a given education level who 
work in jobs requiring different levels of education; figures sum to 100 percent 
across rows. Insofar as the longest bars fall short of 100 percent, or are not located 
in the appropriate column, as with Sri Lanka’s secondary graduates, there is mis-
match. Levels of mismatch can be compared easily across countries for each level 
of education. 

The panels in appendix B indicate that outcomes seem most heterogeneous 
for workers with a primary or lower secondary education; match rates are much 
higher among workers with a tertiary education, though rarely exceeding 75 
percent. Although improving worker skills is one of the most common recom-
mendations offered to promote development, these results suggest that a signifi-
cant proportion of skills remains underutilized at the highest levels and that the 
skill intensity of jobs tends to lag behind the skills of the workforce.

Summary of Descriptive Mismatch Results

The preceding suggests that countries can be classified according to patterns of 
(1) worker skills, (2) job skill requirements, and (3) their intersection in its mani-
fold possible representations, with each pattern useful in revealing different 
aspects of labor market conditions. That is, worker skill patterns are consequen-
tial for the society overall (aggregate and individual mismatch rates, cell percent-
ages), job skill requirement patterns are consequential for different worker 
education groups (row percentages), and the patterns of intersections are conse-
quential for the kinds of jobs that can be filled with well-matched workers (col-
umn percentages). Table 5.3 summarizes country results along these dimensions. 
Divisions into low, medium, and high categories should be considered approxi-
mate, and there are a few cases on the border of or in a wide gap between two 
categories whose assignment to a given or an adjacent group is somewhat artifi-
cial. The three groups are meant to describe country clusters within columns and 
do not have similar absolute meanings across columns.

In the left panel of the table (“Education marginals”), the countries divide 
relatively clearly into a low-education group with large shares of workers having 
primary education or less (~33–45 percent) and a high-education group with 
large shares of workers having post-secondary education (~65–77 percent), and 
a more diverse medium-education group. An exception to this division is the 
borderline case of FYR Macedonia, which was included in the high-education 
group because of its singularly low shares of workers with less than complete 
secondary education. The unusually low employment rate in FYR Macedonia 
argues for caution, however, and the assignment of Yunnan Province, China, to 
the medium-education group may give a misleading impression of the two 
regions’ relative ranks given Yunnan’s much higher employment rate. The 
medium-education country group is more variegated, with lower and upper 
secondary accounting for 50–75 percent, except for Bolivia, whose medium 
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share is lower (36 percent) but whose shares for tertiary graduates and workers 
with primary or less are both a bit higher than for other countries in this group. 

The composition of jobs in most countries clusters in groups that are ranked 
in relatively similar fashion to their workforces, but this does not imply the 
jobs match worker education levels, because the ranking in column 2 is simply 
a categorization scheme for the job-education marginals taken in isolation. 
Countries  with large shares of jobs requiring primary education or below 

Key to Table 5.3  (ranges are trimmed to exclude any outliers)

Worker education Job education Mismatch rates

Primary 
or 

below

Lower 
secondary/
secondary

Post-
secondary

Primary 
or 

below

Lower 
secondary/
secondary

Post-
secondary Aggregate Individual

Over-
educated

Under-
educated

Low 33–45% 51–62% 11–16% 27–34% 22–28% 4–6%
Medium 50–75% 63–71% 20–22% 43–60% 33–35% 10–13%
High 65–77% 49–56% 27–34% 66–75% 40–46% 25%

Table 5.3 S ummary of Country Results

Education 
marginalsa Mismatch ratesb Over-education rates (row percent)

Workers Jobs Aggregate Individual
Over-

education
Under-

education Secondary Tertiary Most

1 2 3 4 5 6 7 8 9

Lao PDR Low Low High Medium High Medium 60 20 Primary, 
lower 
secondary

Ghana Low Low Medium Medium High Medium 52 40 Lower 
secondary

Kenya Low Medium High High Low Very high 45 28 Secondary
Bolivia Medium Medium Medium Medium Medium High 51 40 Secondary
Vietnam Medium Low High High Very high Low 85 51 All
Sri Lanka Medium Medium High Medium High Medium 62 37 Secondary
Yunnan 

Province
Medium Medium Low Medium Medium Medium 36 47 Tertiary

Macedonia, 
FYR

High Medium Low Low Low Low 21 23 —

Armenia High High Low Low Low Low 27 28 Tertiary
Georgia High High Medium Low Medium Low 25 31 Tertiary

Ukraine High High Low Low Low Low 18 27 Tertiary

Source: World Bank STEP Skills Measurement Program.
Note: All level categories (low, medium, high) are relative to the distribution of values within columns and comparable across columns only in 
terms of ranks, not absolute magnitudes (see Key, below, for values that define the categories within columns). Cells shaded blue are in the 
highest-ranked groups, which includes low mismatch rates, while cells shaded orange are in middle-ranked and those shaded green are in 
low-ranked (high mismatch) categories. Cells shaded gray are very-low-ranked outliers. The cell for secondary over-education in Yunnan Province 
is unshaded because it does not fit the categories of the classification system shown in the key below. The final column shows the personal 
education groups that account for the greatest number of over-educated workers in each country. 
a. Columns 1 and 2 are based on a three-category classification of education (see key below).
b. Columns 3 and 4 are based on a five-category educational classification.
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(51–62 percent) or post-secondary education (~49–56 percent) are somewhat 
more homogeneous than those requiring lower and upper secondary education 
(63–71 percent) when Bolivia is included in the latter, because Bolivia’s 
medium-education share is low (43 percent). However, Bolivia’s shares of jobs 
requiring lower education (25 percent) or higher education (32 percent) are 
even lower, ruling out inclusion in those groups. The unusual patterns of 
worker versus job-required education for Kenya and Vietnam, noted previ-
ously, are circled. For example, Vietnam ranks in the middle of the pack with 
respect to worker education but ranks much lower in terms of the education 
required by jobs.

In the middle panel (“Mismatch rates”), aggregate mismatch rates implied by 
differences in the marginals are coded as high (~27–34 percent), medium (20–22 
percent), and low (11–16 percent). These are lower-bound estimates, and the 
individual-level mismatch rates are higher for all categories used in the next col-
umn: high (66–75 percent), medium (43–60 percent), and low (27–34 percent). 
Mismatch at the individual level is clearly the more important indicator for both 
individual well-being and economic development, but the difference between 
the two gives some indication of the underlying processes at work insofar as it 
represents mismatch in excess of what seems to be implied by imbalances 
between the aggregate distributions representing structural conditions.

Over-education is more common than under-education, so the rates associ-
ated with categories for the former (High, 40–46 percent; Medium, 33–35 per-
cent; Low, 22–28 percent) are consistently higher than for the latter (High, 25 
percent; Medium, 10–13 percent; Low, 4–6 percent). These ranges exclude 
Vietnam’s over-education rate (70 percent) and Kenya’s under-education rate 
(40 percent), which are both positive outliers.

Because most concerns relate to the fate of secondary and tertiary graduates, 
and over-education is more serious as a manifest mismatch problem than under-
education, the right panel of table 5.3 shows the over-education rates for second-
ary and tertiary graduates. Countries with the lowest levels of worker education 
also tend to have the highest rates of underutilization as well. The educational 
system may not be producing enough graduates, but the economy is producing 
too few jobs to utilize the current graduates who are working, leaving aside the 
issue of cross-national variation in employment rates. This inference takes mea-
sures of worker and job-required education at face value, something that the next 
section investigates in detail by considering variation in academic achievement 
and task complexity within worker and job-education levels, respectively. Finally, 
the last column in table 5.3 shows the personal education groups that account 
for the most over-educated workers in each country—that is, the largest cell 
percentages. (Note that for presentational convenience, a summary of results for 
the column percentages does not appear in table 5.3.) 

Note

	 1.	Note that Colombia is excluded due to data limitations at the time of publication.
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Cha   p t e r  6

Explaining Education Mismatch 

Introduction

The magnitude of worker-job mismatch by education suggests a serious issue and 
raises questions as to the validity of measured mismatch and the nature of its 
underlying drivers. These are assessed in this chapter using multinomial and 
binary logit models, but the interpretive challenges of the log odds metric and 
the particular interest in tertiary education also argue for a closer look at the 
relationship between key variables and over-education among tertiary graduates 
in a more intuitive fashion before proceeding to multivariate results.

Predictors of Mismatch among Tertiary Graduates

Given the high rates of over-education observed among tertiary graduates, along 
with the perceived scarcity of human capital in developing countries, it is natural 
to ask whether apparent mismatch masks low levels of achievement among a 
large segment of tertiary graduates. This possibility, as depicted in figure 2.2, 
embodies the natural assumption that tertiary graduates working in jobs requir-
ing no more than secondary education would be drawn exclusively from the 
bottom of the test score distribution, that is, if 30 percent of tertiary graduates 
were over-educated they would be expected to be drawn overwhelmingly from 
the bottom 30 percent of test scorers.

Table 6.1 shows the rates of over-education among tertiary graduates by 
test  score decile for each country under this assumption. For example, because 
28 percent of tertiary graduates in Ukraine are over-educated, over-education rates 
are expected to be 100 percent for the bottom two test score deciles and 80 percent 
for the third decile. While no one expects test scores to explain over-education 
entirely, the extent to which actual rates in table 6.2 depart from this expectation 
may be surprising. Although there is a clear tendency for the lower (upper) deciles 
to contribute more (less) to the ranks of the over-educated, over-education is spread 
remarkably broadly throughout the test score distribution in most countries.

It is certainly not the case that the over-educated are drawn exclusively or 
overwhelmingly from the lowest achievers among tertiary graduates, as measured 
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by test scores. Because each decile represents 10 percent of the workforce, it is 
easy to calculate each decile’s contribution to the overall over-education rate in 
the first column. For example, rather than contributing nothing to the ranks of 
over-educated tertiary graduates, workers above the 40th test score percentile in 
Bolivia account for 19 percent (= 5 + 3.8 + 1.5 + 4.2 + 3 + 1.5) of the 40 percent 
of Bolivian tertiary graduates who are over-educated, nearly half of the total 
(47.5 percent). Using the values in the first column as country-specific test score 
cut-points, one finds that the percentiles above those levels account for 46–68 
percent of the over-educated across countries, or 56 percent on average. Likewise, 
deciles above country medians account for 32–50 percent of the over-educated, 
or 41 percent on average. Relatively high test scores clearly do inoculate tertiary 
graduates from over-education.

The pattern of over-education is much clearer when tertiary graduates are 
divided by years of education and grouped into three categories. In every country, 
the worker group with the fewest years of tertiary education faces much greater 

Table 6.1  Hypothetical Rates of Tertiary Over-Education by Test Score Decile
percent

Overall 
percent

Hypothetical rates by test score decile (percent)

1 2 3 4 5 6 7 8 9 10

Armenia 29 100 100 90
Bolivia 40 100 100 100 100
Colombia 42 100 100 100 100 20
Georgia 31 100 100 100 10
Ghana 40 100 100 100 100
Kenya 26 100 100 60
Ukraine 28 100 100 80
Vietnam 51 100 100 100 100 100 10

Note: Table depicts the actual rates of tertiary over-education in the first column and conditional rates by test score decile, 
assuming the over-educated are drawn exclusively from the bottom of the test score distribution. Hypothesis predicts no 
cases of over-education for empty cells. 

Table 6.2  Actual Rates of Over-Education among Tertiary Graduates by Test Score Decile
percent

Overall 
(percent)

Tertiary over-education rates by test score decile (percent)

1 2 3 4 5 6 7 8 9 10

Armenia 29 26 34 37 27 33 26 30 21 29 24
Bolivia 40 60 52 55 41 50 38 15 42 30 15
Colombia 42 63 39 43 43 25 36 54 29 44 46
Georgia 31 34 45 32 42 30 28 28 22 22 25
Ghana 40 52 76 65 14 16 36 59 19 26 39
Kenya 26 29 42 39 31 33 17 33 16 8 7
Ukraine 28 26 58 30 27 33 23 31 24 9 16
Vietnam 51 55 65 46 55 52 43 49 60 58 29

Source: World Bank STEP Skills Measurement Program. 
Note: Values in orange are unusually small and values in blue are unusually large relative to overall rates. 
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risk of working in a nontertiary job than the adjacent group with more years of 
tertiary education. The differences are about 20 percentage points for three 
countries (the Lao People’s Democratic Republic, Ghana, and Ukraine), 27–36 
points for five countries (Colombia, Kenya, Yunnan Province, the former 
Yugoslav Republic of Macedonia, and Armenia), and 40–46 points for the other 
four countries (Sri Lanka, Bolivia, Vietnam, Georgia), while the mean across 
countries is 32.8 percentage points. In most countries with three categories of 
tertiary education, there is a large difference between the middle and top group, 
as well, though the average difference is exactly half as large, 16.9 percentage 
points. Clearly, heterogeneous levels of educational attainment among the ter-
tiary educated are an important predictor of over-education.

By contrast, the picture is quite murky with respect to the content of tertiary 
education. Rates of over-education for tertiary fields of study that are technical are 
close to average within countries, while over-education among for graduates in the 
humanities and social sciences and graduates in law and health tends to be below 
country averages. Rates for business graduates tend to be above average. In short, 
mismatch by kind of skill, rather than level, is not highly pronounced in the STEP 
(Skills Toward Employment and Productivity) data, and the level that seems to 
matter most is formal educational attainment rather than reading test scores. 

Finally, the patterns by job type are clear and sharp (table 6.4).

•	 Rates of over-education for tertiary graduates in the private sector are nearly 
30 percentage points higher than in the public sector on average. 

•	 Over-education in the formal sector is comparable or somewhat higher than 
rates for the public sector, probably reflecting their significant overlap in many 
countries. 

•	 Rates of over-education among self-employed workers in the informal sector aver-
age 65 percent and exceed 50 percent in all countries except FYR Macedonia, 
where the category represents a relatively small share of employment (16 per-
cent) in any case. 

•	 Over-education rates for wage and salary workers in the informal sector are 
intermediate, averaging about 20 percentage points lower than for self-
employed informal workers and about 20 percentage points higher than for 
formal and public sector workers.

•	 Rates for unpaid family workers are the highest overall, but this group is sur-
prisingly small in most countries (see table 4.8). 

As these observations indicate, the total contribution of the different education 
groups and job types to tertiary over-education rates depends not only on the con-
ditional rates shown in tables 6.3 and 6.4, but also on the relative sizes of the dif-
ferent categories. The sizes of the test score groups (deciles) in tables 6.1 and 6.2 
are equal and convenient for calculating group contributions to overall rates. 
Because this does not hold for the sizes of the education and job categories, it is 
possible for conditional rates to give a misleading impression of overall importance 
if some categories are relatively small. This is most clearly the case for unpaid family 
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Table 6.3 R ates of Over-Education among Tertiary Graduates by Employer Type and Sector, 
by Country
percent

Overall

Employer Formal Informal sector

Public Private sector Wage Self-employed Unpaid

Armenia 28 21 43 24 65 64 51
Bolivia 40 10 51 15 46 66 85
Colombia 42 19 45 29 42 63 68
Georgia 31 20 41 20 31 64 57
Ghana 40 24 53 27 45 78 100
Kenya 26 10 31 18 33 53
Lao PDR 20 3 62 4 6 66 94
Macedonia, FYR 23 7 36 20 44 40 95
Sri Lanka 37 22 63 33 9 78 N/A
Ukraine 27 15 38 24 N/A 53 N/A
Vietnam 51 40 61 45 63 75 86
Yunnan Province 47 40 57 43 61 81 67
Mean 34 19 48 25 41 65 78

Source: World Bank STEP Skills Measurement Program, wb/box/overed.log. 
Note: Values in orange are unusually small and the value in blue are unusually large. 

Table 6.4 O ver-Education Rates among Tertiary Graduates by Years of Education and Field of Study, 
by Country
percent

Overall

Years of education Field of study

<16 16 >16

Education 
and social 

services

Humanities 
and social 

sciences Business

STEM, ICT, 
manufacturing, 

architecture
Law and 

health

Armenia 28 55 19 21 24 19 30 40 27
Bolivia 40 69 24 40 17 50 44 33
Colombia 42 54 27 9 40 55 45 45 20
Georgia 31 66 20 22 17 21 57 33 28
Ghana 40 51 31 41 32 41 45 40
Kenya 26 47 19 14 30 34 21 26 0
Lao PDR 20 33 14 24 0 30 20 13
Macedonia, FYR 23 53 18 20 23 32 23 16
Sri Lanka 37 72 32 2 19 26 49 35 11
Ukraine 27 42 21 N/A N/A N/A N/A N/A
Vietnam 51 90 45 11 61 34 55 42 41
Yunnan Province 47 61 29 29 24 57 47 46
Mean 34 58 33 18 31 26 42 36 25

Source: World Bank STEP Skills Measurement Program. 
Note: Values in orange are unusually small and values in blue are unusually large. Fields of study unavailable for Ukraine. 
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workers, whose high rates of over-education must be balanced against the small size 
of the category, but similar issues apply to other groups in less extreme form.

For example, although there is a strong gradient in over-education rates by 
years of tertiary education in Vietnam, the three groups differ in size, accounting 
for one-quarter, two-thirds, and one-tenth of tertiary graduates, respectively 
(see  table  4.3). Therefore, the two groups with more education account for 
nearly 60 percent of the over-educated despite their significantly lower rates of 
over-education relative to the group with the fewest years of education. 
Belonging to the two most educated groups is protective, but they still account 
for a clear majority of over-educated tertiary graduates.

The next section models these relationships net of the others and additional 
explanatory variables using logistic regression. Although the main results of 
regression models are in terms of conditional rates and do not capture the influ-
ence of varying group sizes, regressions have the advantage of permitting inclu-
sion of multiple predictors simultaneously and sequentially, isolating partial 
effects, and testing hypotheses.

Models of Mismatch among All Workers

Given the heterogeneity of country conditions described in chapter 4, as well as 
differences in the administration of the literacy assessment, country-specific mod-
els are estimated on varying subsets of countries. Table 6.5 presents the pattern of 
country coverage of the country-specific logistic regression models predicting 
mismatch for all workers (net of certain sample exclusions) based on educational 
attainment, test scores, and predictors testing the different explanations for 

Table 6.5 C overage of Regression Models, by Country

Under-education models Over-education models

Test scores in model Test scores in model

No Yes No Yes

Armenia — — X X
Bolivia X X X X
Colombia X X X X
Georgia — — X X
Ghana X X X X
Kenya X X X X
Lao PDR X — X —
Macedonia, FYR — — X —
Sri Lanka X — X —
Ukraine — — X X
Vietnam X X X X
Yunnan Province X — X —
N 8 5 12 8

Note: An X indicates the model could be estimated for the country, while dashes indicate the model could 
not be estimated. 
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mismatch described previously. Only eight countries have sufficient numbers of 
under-educated workers to predict both under- and over-education relative to 
being well-matched (reference category) using multinomial logit models. Binary 
logit models predicting the odds of being over-educated relative to well-matched 
are used for the four Europe and Central Asia countries. To maintain consistency, 
estimation samples for these countries are restricted to all workers with tertiary 
education and workers with secondary education who are not under-educated. 
Models with test scores cannot be estimated for a different set of four countries 
that did not include the reading assessment in their survey. Only FYR Macedonia 
is doubly limited by the absence of both test scores and sufficient numbers of 
under-educated workers. Only models predicting over-education that omit test 
scores can be estimated for all 12 STEP countries (column 3).

The analyses first predict mismatch using baseline models that include 
only  dummies for ISCED education levels. The reference category for personal 
education is upper secondary (ISCED 3) for all models. A second model adds the 
literacy test scores if available. The next model omits test scores if present previously 
and adds all other predictors, as well as replacing the single dummy for ISCED = 5 
with dummies for different years of education among tertiary graduates in the 
models predicting over-education. A final model adds test scores to this model, if 
available. Note that because tertiary graduates cannot be under-educated and work-
ers with less than primary education cannot be over-educated, there are no coeffi-
cients for these combinations of groups and outcomes. Well-matched workers are 
the reference outcome in both the multinomial and the binary logit models.

Because of the sheer quantity of results produced by estimating even these few 
models over so many countries, table 6.6 (under-education) and table 6.7 (over-
education) summarize results, which are presented in detail in tables 6.8 through 
6.15. All figures in tables 6.8 through 6.15 show the multiplicative change in the 
odds of mismatch for unit changes in the predictors, that is, the coefficients are in 
exponentiated form. Tables 6.6 and 6.7 show the number of coefficients significant 

Table 6.6 S ummary of Significant Logistic Regression Results, Under-Education

1 2 3 4

Baseline Literacy No literacy All

Experience 10–29 years 2/8 2/5
<10 years = 0 30+ years 2/8 2/5

Male = 0 Female, no young kids −1/8 −1/5
Female, young kids −1/8 −1/5

Yes = 1 Voluntary part-time −2/8 −2/5

Yes = 1 Health problem (1/8) 0/5

table continues next page
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Table 6.7 S ummary of Logistic Regression Results, Over-Education

Predictors

1 2 3 4

Baseline Literacy No literacy All

Experience 10–29 years 0/12 0/8
30+ years (4/12) (1/8)

Female, no young kids 2/12 (−1/12) 3/8 (−1/8)
Female, young kids 5/12 3/8

Yes = 1 Voluntary part-time 1/12 1/8

Yes = 1 Health problem 0/12 0/8

Private = 0 Public sector −11/12 −7/8

Formal = 0 Informal employee 11/11 7/7
Informal self-employed 11/12 7/8
Informal, family 6/12 3/8

ISCED 1 Primary 2/8, −3/8 2/7, −2/7 2/8, −4/8 2/7, −2/7
ISCED 2 Low secondary 3/8, −3/8 1/7, −1/7 1/8, −3/8 1/7, −1/7

ISCED 5 Tertiary <16 years 6/10 5/7
ISCED 5 Tertiary 16 years −4/9 −4/7
ISCED 5 Tertiary >16 years −5/11 −3/7

ISCED 5 Tertiary, all −7/12 −5/8
Literacy −6/8 −3/8

Source: World Bank STEP Skills Measurement Program.
Note: Figures are number of coefficients significant at 0.05 level or better out of total number possible. Negative signs 
indicate direction of relationships. Values without parentheses refer to number of significant coefficients with expected signs, 
while values inside parentheses indicate number with unexpected signs. Total possible number of significant coefficients for 
all predictors within models are given in denominators. Gray cells indicate values are not applicable. 

1 2 3 4

Baseline Literacy No literacy All

Private = 0 Public sector (1/8) (1/5)

Formal = 0 Informal employee −5/8 −4/5
Informal self-employed −3/8 −2/5
Informal family −1/8 −1/5

ISCED < Primary 5/8 3/5 4/8 4/5
ISCED 1 Primary 7/8 5/5 6/8 5/5
ISCED 2 Low secondary 6/8 5/5 6/8 5/5

Literacy score 0/5 0/5

Source: World Bank STEP Skills Measurement Program.
Note: Figures are number of coefficients significant at 0.05 level or better out of total number possible. Negative signs 
indicate direction of relationships. Values without parentheses refer to number of significant coefficients with expected signs, 
while values inside parentheses indicate number with unexpected signs. Total possible number of significant coefficients for 
all predictors within models are given in denominators. Gray cells indicate values are not applicable. 

Table 6.6  Summary of Significant Logistic Regression Results, Under-Education (continued)
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table continues next page

Table 6.8 L ogistic Regressions Predicting Mismatch, by Country—Bolivia
t-statistics in parentheses

Baseline Literacy No literacy All

Under-education 
Experience 10–29 years 2.093** 2.081**
<10 years = 0 (2.446) (2.422)

30+ years 2.713*** 2.712***
(2.786) (2.782)

Male = 0 Female, no young kids 0.723 0.721
(−1.281) (−1.290)

Female, young kids 0.815 0.811
(−0.752) (−0.767)

Voluntary part-time 1.274 1.266
(0.702) (0.683)

Health problem 1.340 1.339
(1.243) (1.237)

Private = 0 Public sector 0.751 0.733
(−0.379) (−0.409)

Formal = 0 Informal employee 0.462** 0.460**
(−2.055) (−2.059)

Informal self-employed 0.418** 0.411**
(−2.424) (−2.464)

Informal family 0.304 0.303
(−1.497) (−1.497)

ISCED < Primary (ISCED = 0) 12.78*** 11.36*** 15.38*** 14.24***
Upper secondary = 0 (9.798) (8.616) (8.074) (7.353)

Primary (ISCED = 1) 6.210*** 5.610*** 6.629*** 6.191***
(5.504) (4.986) (5.052) (4.676)

Low secondary (2) 9.714*** 9.133*** 10.80*** 10.41***
(7.808) (7.446) (7.297) (7.040)

Literacy (1 = 25 pts.) 0.970 0.979
Over-education (−1.033) (−0.654)
Experience 10–29 years 1.003 1.000

(0.0188) (0.000241)
30+ years 1.862** 1.712*

(2.267) (1.944)
Female, no young kids 1.371 1.325

(1.637) (1.452)
Female, young kids 1.911*** 1.848***

(3.241) (3.047)
Voluntary part-time 1.385 1.464

(1.378) (1.607)
Health problem 0.875 0.896

(−0.658) (−0.541)
Public sector 0.582 0.527*

(−1.594) (−1.865)
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Baseline Literacy No literacy All

Informal employee 3.520*** 3.470***
(4.871) (4.785)

Informal self-employed 3.434*** 3.302***
(5.045) (4.844)

Informal family 5.747*** 5.646***
(2.896) (2.833)

Primary (ISCED = 1) 0.507* 0.293*** 0.385** 0.258***
(−1.906) (−3.219) (−2.530) (−3.386)

Low secondary (2) 1.737** 1.232 1.451 1.133
(2.235) (0.802) (1.435) (0.461)

Tertiary <16 years (5) 1.722** 1.843**
(2.157) (2.400)

Tertiary 16 years (5) 1.260 1.313
(0.353) (0.415)

Tertiary >16 years (5) 0.426*** 0.530***
(−4.116) (−2.923)

Tertiary, all (5) 0.387*** 0.476***
(−6.068) (−4.562)

Literacy (1 = 25 pts.) 0.862*** 0.889***
(−4.897) (−3.475)

N 1,206 1,206 1,113 1,113
Pseudo R2 0.265 0.275 0.334 0.340
Log likelihood −940.0 −927.4 −792.3 −786.0

Note: Empty cells indicate values are not applicable. 
*** p<0.01, ** p<0.05, * p<0.1.

Table 6.8  Logistic Regressions Predicting Mismatch, by Country—Bolivia (continued)

table continues next page

Table 6.9 L ogistic Regressions Predicting Mismatch, by Country—Colombia
t-statistics in parentheses

Baseline
Literacy 
scores No literacy All

Under-education
Experience 10–29 years 1.249 1.257

(0.941) (0.969)
30+ years 1.586* 1.648*

(1.716) (1.850)
Female, no young kids 1.045 1.054

(0.238) (0.284)
Female, young kids 0.740 0.745

(−1.204) (−1.175)
Voluntary part-time 0.425** 0.426**

(−2.230) (−2.229)
Health problem 0.938 0.948

(−0.303) (−0.250)
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Table 6.9  Logistic Regressions Predicting Mismatch, by Country—Colombia (continued)

Baseline
Literacy 
scores No literacy All

Public sector 1.893 1.850
(1.132) (1.089)

Informal employee 0.589** 0.585**
(−2.131) (−2.159)

Informal self-employed 0.834 0.823
(−0.925) (−0.992)

Informal family 1.577 1.715
(0.529) (0.632)

< Primary (ISCED = 0) 12.57*** 14.92*** 16.22*** 19.97***
(10.76) (9.745) (9.663) (9.289)

Primary (ISCED = 1) 3.927*** 4.255*** 4.572*** 5.053***
(7.373) (7.338) (6.943) (7.080)

Low secondary (2) 10.84*** 11.23*** 12.29*** 12.92***
(6.779) (6.852) (6.853) (6.949)

Literacy (1 = 25 pts.) 1.043 1.058
Over-education (1.204) (1.520)
Experience 10–29 years 1.126 1.124

(0.824) (0.808)
30+ years 1.141 1.119

(0.611) (0.512)
Female, no young kids 1.068 1.065

(0.456) (0.437)
Female, young kids 1.129 1.128

(0.669) (0.662)
Voluntary part-time 0.717 0.723

(–1.203) (–1.172)
Health problem 1.180 1.181

(0.926) (0.934)
Public sector 0.280*** 0.280***

(–2.778) (−2.776)
Informal employee 2.717*** 2.721***

(5.414) (5.419)
Informal self-employed 2.645*** 2.629***

(6.353) (6.309)
Informal family 2.710 2.626

(1.535) (1.483)
Primary (ISCED = 1) 0.578*** 0.507*** 0.449*** 0.431***

(−3.298) (−3.774) (−4.346) (−4.357)
Low secondary (2) 2.601*** 2.457*** 2.125** 2.085**

(2.830) (2.649) (2.180) (2.119)
Tertiary <16 years (5) 1.483** 1.507**

(2.384) (2.459)

table continues next page
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Table 6.10 L ogistic Regressions Predicting Mismatch, by Country—Ghana
t-statistics in parentheses

Baseline
Literacy 
scores No literacy All

Under-education
Experience 10–29 years 1.706** 1.735**

(2.288) (2.349)
30+ years 2.408*** 2.329***

(3.110) (2.985)

Female, no young kids 0.532*** 0.542***
(−2.991) (−2.898)

Female, young kids 0.575** 0.585**
(−2.448) (−2.355)

Voluntary part-time 0.484** 0.475**
(−2.040) (−2.090)

Health problem 1.493 1.520
(1.505) (1.572)

Public sector 1.490 1.522
(1.183) (1.245)

Informal employee 0.416*** 0.435***
(−2.793) (−2.643)

Informal self-employed 0.571* 0.595*
(−1.856) (−1.709)

Informal family 0.567 0.620
(−0.957) (−0.804)

< Primary (ISCED = 0) 1.481 1.728* 3.561*** 4.373***
(1.430) (1.807) (3.655) (3.968)

table continues next page

Baseline
Literacy 
scores No literacy All

Tertiary 16 years (5) 0.423*** 0.436***
(−3.075) (−2.933)

Tertiary >16 years (5) 0.294** 0.303**
(−2.396) (−2.327)

Tertiary, all (5) 0.707*** 0.750**
(−2.577) (−2.086)

Literacy (1 = 25 pts.) 0.938** 0.975
(−1.978) (−0.731)

N 1,582 1,582 1,509 1,509
Pseudo R2 0.169 0.171 0.219 0.221
Log likelihood −1,366 −1,363 −1,228 −1,227

Note: Empty cells indicate values are not applicable. 
*** p<0.01, ** p<0.05, * p<0.1.

Table 6.9  Logistic Regressions Predicting Mismatch, by Country—Colombia (continued)
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Table 6.10  Logistic Regressions Predicting Mismatch, by Country—Ghana (continued)

Baseline
Literacy 
scores No literacy All

Primary (ISCED = 1) 28.62*** 33.92*** 45.24*** 55.66***
(9.403) (9.190) (9.607) (9.547)

Low secondary (2) 3.403*** 3.876*** 4.513*** 5.328***
(4.520) (4.656) (4.876) (5.123)

Literacy (1 = 25 pts.) 1.036 1.049
(1.229) (1.576)

Over-education
Experience 10–29 years 1.244 1.202

(1.547) (1.293)
30+ years 1.916*** 1.936***

(3.152) (3.182)
Female, no young kids 1.340** 1.331**

(2.089) (2.033)
Female, young kids 1.460** 1.401**

(2.498) (2.212)
Voluntary part-time 1.072 1.085

(0.331) (0.384)
Health problem 1.291 1.308

(1.202) (1.259)
Public sector 0.638** 0.616**

(−2.014) (−2.166)
Informal employee 1.991*** 1.982***

(3.328) (3.294)
Informal self-employed 3.044*** 2.902***

(5.439) (5.177)

Informal family 6.027*** 5.820***
(4.587) (4.479)

Primary (ISCED = 1) 5.244*** 3.405*** 3.378*** 2.598***
(6.215) (4.358) (4.424) (3.288)

Low secondary (2) 1.237 0.870 0.837 0.679**
(1.608) (−0.921) (−1.214) (−2.358)

Tertiary 16 years (5) 1.581* 1.675**
(1.903) (2.128)

Tertiary >16 years (5) 0.682 0.803
(−1.431) (−0.801)

Tertiary, all (5) 0.526*** 0.642***
(−3.923) (−2.610)

Literacy (1 = 25 pts.) 0.910*** 0.943***
(−4.911) (−2.875)

N 2,070 2,070 1,789 1,789
Pseudo R2 0.208 0.217 0.215 0.220
Log likelihood −1,595 −1,577 −1,379 −1,371

Note: Empty cells indicate values are not applicable. 
*** p<0.01, ** p<0.05, * p<0.1.
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table continues next page

Table 6.11 L ogistic Regressions Predicting Mismatch, by Country—Kenya
t-statistics in parentheses

Baseline
Literacy 
scores No literacy All

Under-education
Experience 10–29 years 1.003 0.997

(0.0179) (−0.0203)
30+ years 0.673 0.666

(−1.518) (−1.558)
Female, no young kids 0.740 0.734

(−1.588) (−1.627)
Female, young kids 0.774 0.774

(−1.360) (−1.357)
Voluntary part-time 1.580 1.573

(1.586) (1.573)
Health problem 1.317 1.325

(0.826) (0.844)
Public sector 6.287*** 6.288***

(4.314) (4.309)
Informal employee 0.416*** 0.416***

(−3.369) (−3.355)
Informal self-employed 0.568** 0.572**

(−2.167) (−2.143)
Informal family 0.274** 0.272**

(−2.353) (−2.367)
< Primary (ISCED = 0) 19.81*** 21.59*** 39.28*** 39.60***

(12.91) (11.34) (11.64) (10.81)

Primary (ISCED = 1) 77.24*** 79.99*** 151.8*** 152.5***
(17.61) (17.27) (16.38) (16.16)

Low secondary (2) 11.76*** 11.81*** 19.21*** 19.23***
(10.16) (10.17) (10.16) (10.16)

Literacy (1 = 25 pts.) 1.016 1.001
Over-education (0.614) (0.0414)
Experience 10–29 years 1.142 1.133

(0.970) (0.912)
30+ years 0.941 0.911

(−0.224) (−0.345)
Female, no young kids 1.101 1.104

(0.616) (0.633)
Female, young kids 1.380** 1.365*

(2.010) (1.935)
Voluntary part-time 1.944*** 1.923***

(2.695) (2.647)
Health problem 1.108 1.110

(0.320) (0.328)
Public sector 0.373*** 0.376***

(−2.629) (−2.604)
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table continues next page

Table 6.12 L ogistic Regressions Predicting Mismatch, by Country—Vietnam
t-statistics in parentheses

Baseline
Literacy 
scores No literacy All

Under-education
Experience 10–29 years 1.603 1.797

(0.922) (1.139)
30+ years 1.097 1.297

(0.168) (0.466)
Female, no young kids 0.784 0.796

(−0.864) (−0.808)
Female, young kids 0.678 0.687

(−1.054) (−1.014)
Voluntary part-time 2.116* 2.025*

(1.955) (1.831)
Health problem 0.769 0.747

(−0.777) (−0.854)

Table 6.11  Logistic Regressions Predicting Mismatch, by Country—Kenya (continued)

Baseline
Literacy 
scores No literacy All

Informal employee 2.578*** 2.548***
(4.838) (4.771)

Informal self-employed 2.609*** 2.617***
(4.935) (4.947)

Informal family 1.720 1.724
(1.213) (1.217)

Primary (ISCED = 1) 2.045*** 1.916*** 1.628** 1.531**
(3.755) (3.316) (2.413) (2.062)

Low secondary (2) 0.556*** 0.552*** 0.471*** 0.468***
(−3.079) (−3.110) (−3.778) (−3.801)

Tertiary <16 years (5) 1.059 1.123
(0.166) (0.332)

Tertiary 16 years (5) 0.461*** 0.488***
(−3.166) (−2.898)

Tertiary >16 years (5) 0.616 0.632
(−0.686) (−0.647)

Tertiary, all (5) 0.346*** 0.366***
(−6.009) (−5.551)

Literacy (1 = 25 pts.) 0.972 0.970
(−1.396) (−1.437)

N 1,893 1,893 1,754 1,754
Pseudo R2 0.263 0.264 0.293 0.294
Log likelihood −1,523 −1,521 −1,357 −1,356

Note: Empty cells indicate values are not applicable. 
*** p<0.01, ** p<0.05, * p<0.1.
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Table 6.12  Logistic Regressions Predicting Mismatch, by Country—Vietnam (continued)

Baseline
Literacy 
scores No literacy All

Public sector 0.915 0.919
(−0.251) (−0.237)

Informal employee 0.718 0.733
(−0.917) (−0.855)

Informal self-employed 0.610 0.607
(−1.343) (−1.349)

Informal family 0.220* 0.215*
(−1.863) (−1.876)

< Primary (ISCED = 0) 0.547 0.801 0.731 1.186
(−1.440) (−0.443) (−0.649) (0.307)

Primary (ISCED = 1) 2.912*** 3.458*** 3.423*** 4.328***
(2.883) (3.167) (3.093) (3.493)

Low secondary (2) 2.877*** 3.105*** 3.212*** 3.575***
(3.007) (3.182) (3.216) (3.459)

Literacy (1 = 25 pts.) 1.082 1.114*
Over-education (1.333) (1.705)
Experience 10–29 years 0.852 0.832

(−0.996) (−1.141)
30+ years 0.746 0.717

(−1.427) (−1.612)
Female, no young kids 1.631*** 1.633***

(3.531) (3.534)
Female, young kids 1.305 1.304

(1.611) (1.603)
Voluntary part-time 1.304 1.296

(1.193) (1.171)
Health problem 1.138 1.133

(0.802) (0.777)
Public sector 0.643*** 0.637***

(−2.836) (−2.889)

Informal employee 1.684*** 1.651***
(2.694) (2.587)

Informal self-employed 1.870*** 1.824***
(3.324) (3.182)

Informal family 1.910** 1.842*
(1.996) (1.876)

Primary (ISCED = 1) 0.967 0.765 0.771 0.667*
(−0.166) (−1.241) (−1.220) (−1.785)

Low secondary (2) 1.089 0.988 0.912 0.863
(0.459) (−0.0646) (−0.480) (−0.758)

Tertiary <16 years (5) 1.692 1.741*
(1.567) (1.649)

table continues next page
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Table 6.12  Logistic Regressions Predicting Mismatch, by Country—Vietnam (continued)

Baseline
Literacy 
scores No literacy All

Tertiary 16 years (5) 0.154*** 0.160***
(−10.96) (−10.62)

Tertiary >16 years (5) 0.0349*** 0.0371***
(−8.620) (−8.443)

Tertiary, all (5) 0.149*** 0.162***
(−13.27) (−12.47)

Literacy (1 = 25 pts.) 0.909*** 0.939*
(−2.946) (−1.818)

N 2,183 2,183 2,130 2,130
Pseudo R2 0.203 0.209 0.265 0.269
Log likelihood −1,285 −1,277 −1,143 −1,138

Note: Empty cells indicate values are not applicable. 
*** p<0.01, ** p<0.05, * p<0.1.

table continues next page

Table 6.13 L ogistic Regressions Predicting Mismatch, by Country—Sri Lanka, Lao PDR, and 
Yunnan Province
t-statistics in parentheses

Sri Lanka Lao PDR Yunnan Province

Baseline No literacy Baseline No literacy Baseline No literacy

Under-education
10–29 years experience 0.662 0.959 1.218

(−0.694) (−0.127) (0.355)
30+ years experience 0.821 0.924 1.672

(−0.308) (−0.213) (0.889)
Female, no young kids 1.360 0.794 1.054

(0.748) (−1.011) (0.232)
Female, young kids 0.828 0.900 1.341

(−0.282) (−0.414) (0.547)
Voluntary part-time 0.445 1.360 0.994

(−1.491) (1.011) (−0.010)
Health problem 3.689*** 1.190 1.627

(2.816) (0.602) (1.492)
Public sector 1.546 1.869 1.581*

(0.863) (1.582) (1.777)
Informal employee 1.894 0.333*** 0.765

(1.248) (−2.636) (−1.029)
Informal self-employed 1.254 0.321*** 0.875

(0.399) (−2.719) (−0.331)
Informal family 0.000 0.329* 0.796

(−0.0145) (−1.884) (−0.427)
< Primary (ISCED = 0) 45.32*** 128.0*** 0.573* 1.631 31.56*** 0.000

(4.814) (4.167) (−1.918) (1.308) (4.227) (0.000)
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Table 6.13  Logistic Regressions Predicting Mismatch, by Country—Sri Lanka, Lao PDR, and 
Yunnan Province (continued)

Sri Lanka Lao PDR Yunnan Province

Baseline No literacy Baseline No literacy Baseline No literacy

Primary (ISCED = 1) 4.635*** 5.842*** 1.591 2.995*** 6.663*** 7.633***
(3.760) (3.483) (1.491) (2.968) (6.312) (5.494)

Low secondary (2) 0.409* 0.424 1.738 2.973*** 1.810** 2.028**
(−1.913) (−1.643) (1.586) (2.775) (2.329) (2.507)

Over-education
10–29 years experience 1.272 1.224 0.938

(0.804) (0.874) (−0.348)
30+ years experience 2.013** 1.245 1.532*

(2.002) (0.734) (1.763)
Female, no young kids 0.882 1.278 1.056

(−0.509) (1.276) (0.392)
Female, young kids 0.942 1.649** 0.742

(−0.190) (2.266) (−1.063)
Voluntary part-time 1.007 1.604* 1.769

(0.0270) (1.823) (1.395)
Health problem 1.017 1.332 0.740

(0.0570) (1.026) (−1.341)
Public sector 0.470** 0.263*** 0.622***

(−2.528) (−3.817) (−2.941)
Informal employee 3.579*** 2.683*** 1.548**

(4.168) (2.605) (2.497)
Informal self-employed 3.768*** 2.843*** 4.157***

(4.408) (2.713) (5.884)
Informal family 2.424 9.626*** 2.464**

(1.473) (4.604) (2.107)
Primary (ISCED = 1) 0.193*** 0.0803*** 0.937 0.672* 0.209*** 0.0970***

(−3.640) (−5.201) (−0.301) (−1.690) (−3.494) (−4.937)
Low secondary (2) 0.257*** 0.128*** 1.686** 1.314 0.563*** 0.376***

(−6.055) (−7.831) (2.168) (1.077) (−3.410) (−5.178)
Tertiary <16 years (5) 1.611 0.460* n.a.

(0.949) (−1.909)
Tertiary 16 years (5) 0.928 n.a. 3.514***

(−0.172) (6.468)
Tertiary >16 years (5) 0.0759** 0.186*** 0.957

(2.396) (−4.523) (−0.194)

Tertiary, all (5) 0.397*** 0.0956*** 1.322*
(−3.563) (−9.208) (1.904)

N 579 560 1,283 1,172 1,268 1,247
Pseudo R2 0.153 0.258 0.267 0.303 0.104 0.162
Log likelihood −466.3 −393.2 −940.0 −819.1 −1,041 −953.7

Note: Empty cells indicate values are not applicable. 
*** p<0.01, ** p<0.05, * p<0.1.
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Table 6.14 L ogistic Regressions Predicting Mismatch, by Country—Armenia and Georgia 
(Over-Education Only)
t-statistics in parentheses

Armenia Georgia

Baseline Literacy
No 

literacy All Baseline Literacy
No 

literacy All

10–29 years 1.037 1.038 1.183 1.182
(0.148) (0.153) (0.721) (0.719)

30+ years 1.668* 1.705* 0.879 0.867
(1.877) (1.950) (−0.452) (−0.501)

Female, no young kids 0.764 0.757 0.681** 0.694**
(−1.451) (−1.497) (−2.104) (−1.995)

Female, young kids 0.952 0.947 0.585* 0.585*
(−0.187) (−0.209) (−1.818) (−1.818)

Voluntary part-time 1.123 1.124 0.746 0.743
(0.492) (0.492) (−0.932) (−0.945)

Health problem 0.888 0.885 1.345 1.353
(−0.532) (−0.546) (1.289) (1.314)

Public sector 0.591*** 0.588*** 0.573*** 0.572***
(−2.638) (−2.663) (−2.814) (−2.820)

Informal employee 3.415*** 3.409*** 1.970*** 1.953***
(3.961) (3.944) (3.315) (3.266)

Informal self-employed 1.748* 1.744* 3.219*** 3.163***
(1.901) (1.894) (4.111) (4.035)

Informal family 4.435 4.502 5.153*** 4.973**
(1.574) (1.575) (2.608) (2.548)

Tertiary <16 years 4.488*** 4.430*** 5.579*** 5.658***
(6.262) (6.189) (6.538) (6.571)

Tertiary 16 years 0.773 0.746 0.761 0.797
(−1.155) (−1.295) (−0.911) (−0.745)

Tertiary >16 years 0.856 0.829 0.777 0.814
(−0.498) (−0.596) (−1.130) (−0.895)

Tertiary, all 0.844 0.860 0.911 1.060
(−0.988) (−0.861) (−0.494) (0.300)

Literacy 0.971 1.060 0.857*** 0.957
(1 = 25 pts.) (−0.509) (0.910) (−3.436) (−0.886)

N 889 889 880 880 854 854 848 848
Pseudo R2 0.000 0.001 0.133 0.134 0.000 0.012 0.168 0.169
Log likelihood −530.5 −530.3 −457.8 −457.4 −526.4 −520.4 −436.1 −435.7

Note: Empty cells indicate values are not applicable. 
*** p<0.01, ** p<0.05, * p<0.1.

at the 0.05 level or better out of the total number possible given the variation in 
country coverage described previously, as well as the absence of certain variables 
in some countries (for example, no informal employees in Ukraine). If the 
expected association between predictor and outcome is negative, a minus sign is 
prefixed to the count of significant coefficients. The number of significant coeffi-
cients with unexpected signs is shown in parentheses. Where only a count in 
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Table 6.15 L ogistic Regressions Predicting Mismatch, by Country—Ukraine and FYR 
Macedonia (Over-Education Only)
t-statistics in parentheses

Ukraine Macedonia, FYR

Baseline Literacy No literacy All Baseline No literacy

10–29 years 0.669* 0.663* 0.757
(−1.915) (−1.946) (−1.543)

30+ years 0.969 0.919 0.545***
(−0.133) (−0.347) (−2.838)

Female, no young kids 1.426* 1.478** 1.074
(1.809) (1.966) (0.496)

Female, young kids 1.766** 1.756** 1.226
(2.039) (2.011) (0.884)

Voluntary part-time 1.204 1.183 1.128
(0.843) (0.756) (0.413)

Health problem 1.042 1.035 1.070
(0.235) (0.196) (0.255)

Public sector 0.664** 0.664** 0.262***
(−2.240) (−2.220) (−7.578)

Informal employee na na 2.259***
(3.258)

Informal self-employed 1.802** 1.803** 2.374***
(2.140) (2.114) (4.298)

Informal family 1.544 0.956 1.983
(0.280) (−0.0283) (1.316)

Tertiary <16 years 2.847*** 3.057*** 4.959***
(4.963) (5.202) (6.248)

Tertiary 16 years 0.679* 0.784 na na
(−1.903) (−1.159)

Tertiary >16 years na na 0.864
(−0.890)

Tertiary, all 1.121 1.290 0.932
(0.708) (1.512) (−0.568)

Literacy 0.853*** 0.869***
(1 = 25 pts.) (−3.142) (−2.614)

N 893 887 870 864 1,496 1,427
Pseudo R2 0.001 0.011 0.070 0.075 0.000 0.108
Log likelihood −501.6 −491.5 −456.6 −449.7 −825.4 −713.2

Note: z-statistics in parentheses. Empty cells indicate values are not applicable. 
*** p<0.01, ** p<0.05, * p<0.1.

parentheses is shown there are no significant coefficients with the expected signs, 
rather than a term indicating zero significant coefficients with expected signs. 
There are no strong expectations regarding the effects of primary and lower sec-
ondary education on the odds of being over-educated, so the numbers of positive 
and negative coefficients are presented without either appearing in parentheses. 
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(A  version  of  these tables with country names rather than tallies summarizing 
results may be found in appendix C.)

In general, one expects coefficients for the same variables to be oppositely 
signed in the models predicting under- and over-education, because most 
forces  facilitating upward mobility would not be expected to increase risks of 
downward mobility as well, and vice versa. Coefficients significant at the 0.05 
level or better are shown in bold in tables 6.8 through 6.15, while those signifi-
cant at the 0.10 level are marked with a single asterisk for convenience but nei-
ther shown in bold in that table nor included in the tallies in tables 6.6 and 6.7.

In most countries workers are more substitutable across jobs with different 
education requirements if the required level is below tertiary education. Baseline 
models predicting under-education summarized in table 6.6 indicate that work-
ers with less than upper secondary education are upwardly mobile relative to 
being well-matched much more often than upper secondary school graduates, 
who serve as the reference category for both under- and over-education models. 
Recruitment of upper secondary graduates for jobs requiring tertiary education 
is less common than employment of workers with lower secondary education in 
jobs requiring upper secondary, and a similar tendency toward upward mobility 
affects those with primary education or less.

The boundary between jobs that do and do not require tertiary education 
appears less permeable in table 6.6, which accords with intuition and is visible in 
the row percentage charts in appendix A. By contrast, test scores contribute 
nothing to the explanation of under-education in the five countries for which 
such models can be estimated, either when added to the baseline model 
(column 2) or when added to the model with covariates (column 4). Not surpris-
ingly, the magnitudes and significance of most covariates are relatively unchanged 
when literacy test scores are added to the initial covariate models that exclude 
them (column 3). From this evidence, it does not appear that the under-educated 
are drawn into higher-skilled jobs from the upper end of the achievement distri-
bution within their (lower) level of formal education, contrary to the expecta-
tions illustrated in figure 2.2.

Evidence tends to be relatively weak for several of the other explanations 
represented by predictors in models 3 and 4. These models touch upon some of 
the alternative explanations for mismatch addressed in part 1 of this paper, as 
discussed next.

Transitory labor market frictions. More experienced workers would be 
expected to have a higher probability of under-education because they are more 
likely to have had the opportunity to work their way up job ladders, gradually 
acquiring necessary skills through experience. It is also possible that requirements 
for some jobs have been upgraded and while workers’ level of education was suf-
ficient when they were first hired the requirements have increased for recent hires. 
Neither explanation seems strongly supported. In only two of eight countries are 
workers who have been out of school more than 10 years more likely to be under-
educated than workers who left school less than 10 years previously, though it is 
possible such effects are masked by offsetting effects for males and females. 
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Individual preferences. Indeed, given traditional gender attitudes, gender 
biases, and competing demands of household and job responsibilities, one would 
expect women to be much less able to substitute work experience for educa-
tional credentials in order to move upward. Nevertheless, only in Ghana are 
women, both with and without young children, less likely than men to report 
working in a job requiring more education than they have attained. Likewise, 
voluntary part-time work, which presumably indicates less focus on work, is 
negatively associated with under-education in only two of eight countries. 

Health limitations. Chronic health problems do not predict under-education, 
in general. 

Sector of employment. Informality is more consistently and negatively associ-
ated with under-education. This is consistent with the view that informality is an 
adaptation to constricted opportunities and is itself an example of constricted 
opportunities. Public sector employment does not appear to predict under-
education. Other than the finding that the less-educated tend to have more 
opportunities for upward mobility than upper secondary graduates, it appears 
that employment in the formal sector is the only other variable that helps explain 
under-education relatively consistently. 

The results for models predicting over-education, summarized in table 6.7, 
are generally stronger. Workers with tertiary education are less likely to be 
downwardly mobile than upper secondary graduates (column 1). This effect 
is particularly pronounced for tertiary graduates with more than 16 years of 
education, often somewhat less pronounced for those with 16 years of educa-
tion, and frequently switches direction for tertiary graduates with less than 
16 years of education. In other words, workers with the lowest levels of ter-
tiary education often face greater risks of downward mobility than upper 
secondary graduates (column  3). These effects are generally robust to the 
inclusion of test scores in the models (column 4). Insofar as the literacy scores 
measure achievement effectively, the conclusion seems to be that degree type 
or quantity of education matters more than at least one standardized measure 
of competencies, achievement, or educational quality. Of course, a fuller bat-
tery of tests might produce stronger results, but the STEP assessment is one 
of the most concerted efforts to collect internationally comparable test scores 
for adults in developing countries. 

The contrasts between other ISCED categories and upper secondary gradu-
ates are more complex. Given the possibly of greater substitutability of workers 
across jobs requiring lower levels of education, it is difficult to formulate strong 
expectations regarding direction of effects. In these cases it is possible for vari-
ables to have effects on upward and downward mobility that run in the same 
direction relative to upper secondary graduates. Therefore, neither tally appears 
in parentheses in table 6.7 when the same ISCED level has opposite effects 
across countries. The direction and robustness of the effects are quite mixed. 
Perhaps most interesting is that the odds of being over-educated relative to being 
well-matched tend to be lower for workers with a primary education compared 
to upper secondary workers, except in Ghana and Kenya, where the reverse is 
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true across all four models. For Ghana, this appears to reflect the very large share 
of jobs that do not require even primary education (46 percent) (see figures 5.3 
and 5.6).

The preceding should not be taken to mean that test scores do not predict 
over-education. Test scores are negatively associated with over-education in six 
of eight countries with data when they are added to the education-only base-
line model (column 2). However, half of the scores are no longer significant 
once other predictors are added to the model (column 4), and effect sizes tend 
to be much smaller than those for education level and economic structure 
variables. To aid interpretation, test scores were transformed by dividing them 
by 25, which is the average difference between the scores of upper secondary 
and tertiary graduates. Therefore, coefficients for the reading assessment indi-
cate the effects of differences that typically separate workers with these two 
levels of education.

For example, the coefficients for Ghana indicate the odds of being over-
educated rather than well-matched decline by 9 percent for a unit difference in 
test scores controlling for education only; that is, the odds of over-education 
decline by a factor of 0.91 for each 25-point increase in test scores (table 6.10, 
column 2). The effect shrinks when the other predictors are added. Odds of over-
education decline by 5.7 percent for each unit increase in test scores; that is, the 
odds are 0.943 as large for each 25-point score increase after adding controls 
(table 6.10, column 4).

Because the actual difference in scores for upper secondary and tertiary gradu-
ates in Ghana is closer to 50 points, accounting for a two-unit difference in the 
scaling used here gives a better indication of the protective power of improved 
reading associated with university relative to completed secondary school in 
Ghana. Fifty raw points or two units on the transformed scale is also approxi-
mately the standard deviation of test scores across all workers in many countries. 
Calculating the effects of a two-unit difference in reading scores means the coef-
ficients in tables 6.8 through 6.15 must be squared because they represent the 
multiplicative effect of a one-unit change in the predictor on the odds of over-
education. Squaring the coefficient for reading scores in the full model for Ghana 
implies an 11 percent reduction in the odds of over-education (0.9432 = 0.89). 
By contrast, the upper secondary–tertiary test score gap is only half a unit (~13 
points) in the Europe and Central Asia countries, so taking the square root of 
coefficients is necessary for simulating the effects of secondary-tertiary test score 
differences in those countries.

The effects of public sector employment and formality on the odds of over-
education are much greater than the effects of test scores. For example, working 
in the public sector rather than the private sector in Ghana reduces the odds of 
over-education by 38 percent (that is, 1−0.62). The odds of over-education 
nearly double for employees working in the informal rather than the formal sec-
tor, and nearly triple for self-employed informal workers compared to those in 
the formal sector. Expressed another way, working in the formal sector reduces 
the odds of over-education by 50 percent and 66 percent relative to the most 
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common types of informality. All of these effects are much greater than the 
11  percent reduction associated with a two-unit (50 point) difference in test 
scores for Ghana.

The decreased odds of over-education for all tertiary relative to upper 
secondary graduates (eb = 0.64) (table 6.10, column 2) and the increased odds 
associated with fewer years of education among tertiary graduates (eb = 1.68) 
(column 4) also appear stronger than the effect of test scores. Of course, greater 
reading proficiency is one outcome of educational attainment, so coefficients for 
the latter partly incorporate the effects of the former. However, it is also impor-
tant to note that the variation in test scores within education groups remains 
substantial (see figure 4.4), almost certainly ruling out restriction-of-range issues. 
Further, insofar as the chief concern regarding usually unobserved heterogeneity 
is possible test score effects after controlling for formal educational attainment, 
the models are correctly specified. Job type and tertiary degree type, both 
of  which are easily observed in standard labor force surveys, are much more 
important in accounting for over-education than test scores, which are usually 
unobserved. 

The results for almost all other countries are closely similar to those for 
Ghana. Coefficients for test scores are less likely to be significant when added to 
the baseline model than those for job type and education level, less likely to 
remain significant in the full model, and imply smaller effects when compared 
to those coefficients using any reasonable unit of test scores. Regardless of the 
model, unit differences in test scores are associated with odds of over-education 
that are 0.86–0.94 as large as otherwise, while public sector employment is asso-
ciated with odds that are about 0.25 to 0.40 as large in four countries (Colombia, 
Kenya, Lao PDR, FYR Macedonia) and about 0.50–0.65 as large in seven coun-
tries (Armenia, Georgia, Ghana, Vietnam, Sri Lanka, Ukraine, Yunnan Province). 
Out of the 23 coefficients comparing informal employment and self-employment 
to jobs in the formal sector, 16 imply that formal jobs are associated with odds 
of over-education that are about 0.25 to 0.40 as large as those associated with 
informality and seven imply odds that are about 0.50 to 0.65 as large as those 
associated with informality.1The coefficients for all tertiary and varying years of 
education within tertiary show a similarly lopsided strength relative to the read-
ing assessment. 

The regression models for over-education among all workers confirm the 
impressions produced by the bivariate tables restricted to tertiary graduates in 
the previous section. Test scores play a role in explaining over-education. 
However, what appear more important are formal educational attainment, per-
haps reflecting credentialism, signaling/screening, or specific kinds of knowledge 
in some unknown proportions, and structural labor market conditions reflected 
in the disadvantages of informal and private sector employment. Although no 
one would propose policies to grow the public sector in the same way growth of 
the formal sector is promoted, these results do shed new light on the attractive-
ness of public sector jobs to job-seekers in developing countries. Whatever other 
advantages it may hold in terms of pay, benefits, perks, and job security, public 
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sector employment is strongly associated with jobs that are better matched to the 
education of workers than private sector jobs, as well. In any case, the strong 
association between over-education and informality in tandem with the weaker 
association with usually unobserved worker skill levels suggests that most 
observed mismatch is more genuine than apparent.

The regression results also shed light on the role of search-related and similar 
transient frictions, worker preferences, and worker health. Young workers are not 
more likely to be over-educated than prime-age (or well-experienced) workers. 
There is even some evidence they are less likely to be over-educated than workers 
with the most potential work experience (see table 6.7, columns 3 and 4), per-
haps because the latter have more difficulty recovering after recent setbacks, as 
is known from studies in developed countries (Farber 2005, p.19; Gabriel, Gray, 
and Goregaokar 2013). Although longitudinal data are needed to draw firmer 
conclusions, there is no evidence from these data that over-education is charac-
teristic of youthful inexperience and a transient life-cycle phenomenon. Panel 
data may show that these cross-sectional results mask frequent movement in and 
out of well-matched jobs as personal circumstances and labor market conditions 
wax and wane. However, such movement does not appear to be associated with 
labor market experience sufficiently strongly or simply to appear in this cross-
sectional data. Nor is there evidence that over-education reflects primarily 
imperfect information and search costs falling disproportionately on recent labor 
market entrants, costs that could resolve themselves with time as people are re-
sorted across jobs as they gain work experience. 

There is some evidence that gender attitudes and biases contribute to over-
education net of household responsibilities, since women without young children 
have higher odds of over-education than men in some countries. However, the 
contrasts with men are somewhat stronger for women with young children. By 
contrast, the direct measure of working part-time by choice is not generally asso-
ciated with settling for jobs for which one is over-educated net of other predic-
tors. Likewise, chronic health problems do not explain this form of downward 
mobility in any country.

These results do not settle the question of over-education entirely. Although 
accounting for usually unobserved worker skills does not alter the picture greatly, 
there remains the issue of unobserved job skill requirements. If the task content 
of jobs is tailored to reflect the different education levels of job-holders, mis-
match may be more apparent than genuine.

Do Mismatched Tertiary Graduates Perform Tasks Reflecting Their 
Education or Their Jobs? 

If a significant proportion of tertiary graduates work in jobs that appear to 
require less education, it is natural to ask whether the actual task content of 
these positions differs systematically from positions held by less educated work-
ers who report their jobs require the same level of education. Just as there is a 
distribution of skills within broad categories of personal education, there may 
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be a distribution of required skills among jobs grouped together based on broad 
categories of required education. If tertiary graduates perform high-skill tasks 
regardless of the job, then observed over-education may be more apparent than 
genuine. Finer measures of job skill requirements can shed light on this possibil-
ity and overcome the possible coarseness of the job-education categories.

Nevertheless, the question itself raises at least two important issues. The clas-
sification of jobs by required education is made by STEP respondents themselves 
rather than assigned by researchers based on the personal education of workers 
within occupations, as commonly practiced by studies using standard labor force 
surveys. Any theory of the cognitive processes by which people make judgments 
regarding objects recognizes that producing judgments involves some weighting 
of the object’s relevant features, among other things. On this basis alone one 
would expect that respondents’ answers to the questions on the tasks required 
for their jobs and the education required for their jobs would exhibit a certain 
level of consistency rather than pointing in very different directions. If tertiary 
graduates report that their jobs require only a secondary school education, there 
is presumably some underlying reason they do so, and the complexity of the tasks 
they perform on the job is likely one of the most important reasons. By contrast, 
researchers’ classifying job education requirements typically have no job-specific 
information on work tasks to guide them, so the relationship between the ana-
lysts’ choice of categories and the actual task content of the jobs is more of an 
open question than is the case with STEP’s measurement strategy. Therefore, 
even before conducting analyses, one suspects some built-in association between 
responses to the items on required education and job tasks, based on plausible 
theories of the cognitive processes influencing workers’ responses to both ques-
tions. Expectations that evidence on job task content will cast great doubt on the 
genuineness of reported over-education are probably unrealistic. 

However, the likely dependency between global and facet-specific reports of 
job skill requirements raises the possibility of artifactual associations. Although 
motivations behind survey responding are complex, arguing against treating 
these associations as simply common-method variance is the fact that response 
biases usually work in the direction of self-enhancing, rather than self-lowering, 
responses (that is, over-claiming). Self-reports are well-known to produce consis-
tently high estimates of job satisfaction (Handel 2005), for example, so one 
would not expect reports of job education requirements to be biased in the 
direction of frustrated hopes and downward mobility, but rather the reverse. 
Workers have no obvious reason to expose potentially awkward or embarrassing 
personal situations to questioners. They also know their own jobs better than 
almost anyone else. Both cognitive and motivational considerations suggest that 
any self-report implying under-achievement has an a priori claim to be taken 
seriously, rather than treated as methodological artifacts. 

Because tertiary graduates who say their jobs require less than tertiary educa-
tion probably hold jobs that are less skilled than those held by well-matched 
tertiary graduates, the next question is how much of a gap can be expected and 
how much counts as a great deal. Clearly, if there were no difference between 
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the tasks performed by mismatched tertiary and well-matched upper secondary 
graduates there would be no question that over-education is genuine and severe. 
However, jobs can be expected to offer at least some scope for customization and 
adaptation according to the characteristics of their occupants, especially in the 
case of self-employment. 

Therefore, just as one would not expect there to be no gap in the cognitive 
complexity of jobs held by well-matched and mismatched tertiary graduates, one 
would not expect it to be as large as the divide separating jobs of well-matched 
tertiary and secondary graduates. In terms of table 1.3, job complexity would 
follow the pattern, cell 5 < cell 8 < cell 9. If personal education and the inherent 
constraints embedded in a job (such as retail sales) were equally important, then 
the skill demands of jobs performed by mismatched tertiary workers might be 
midway between the skill levels of the two adjacent categories of well-matched 
workers. Alternatively, if one assumes that the combined effects of lower degree 
level and somewhat lower test scores made some workers with tertiary education 
an effectively intermediate category, then the skill level of their jobs would be 
somewhere near the midpoint between the other two groups. It turns out that 
the task content of jobs held by mismatched tertiary workers is not particularly 
close to this midpoint in general and much closer to work performed by well-
matched secondary workers. 

Tables 6.16 through 6.19 use the same definitions of low and high task com-
plexity as tables 4.10 through 4.12, and also suppress values for rates of moderate 
task complexity, which can be easily calculated by subtracting the sum of the 
others from 100. Rates of task performance are shown for well-matched upper 
secondary workers, mismatched tertiary workers, and well-matched tertiary 
workers. There is generally a strong gradient in task performance, but rates for 
mismatched tertiary workers are usually close to those for well-matched second-
ary workers.

For example, table 6.16 shows the percentage of each group in Armenia that 
only reads short documents as a regular part of their jobs: 86 percent, 75 percent, 
and 35 percent. The percentage for mismatched tertiary workers is lower than 
for well-matched secondary workers, but not by a great deal, while the distance 
between both and well-matched tertiary workers is substantial. For mismatched 
tertiary workers, the difference in rates is 40 percentage points, and for well-
matched upper secondary workers it is 51 percentage points. Consequently, as a 
group the downwardly mobile have slid 78 percent (= 40/51) of the distance 
separating the adjacent well-matched groups using this measure of job task con-
tent. When calculated for reading long documents at work the “gap ratio” for 
Armenia is quite similar in magnitude (83 percent). In fact, a gap ratio of about 
75 percent is a reasonable summary for almost all countries and indicators of 
reading, writing, math, and problem-solving tasks performed on the job. Values 
differing meaningfully from this level are shaded in dark orange for gap ratios 
below 0.70 and light orange for values that are below 0.50. The latter are more 
consistent with the view that mismatch is more apparent than genuine but also 
quite uncommon empirically. Again, the job complexity of mismatched tertiary 
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Table 6.16 R ates of Reading Complexity, by Match Group and Country
percent

Reading length

Gap ratio

Reading type

3, 3 5, 3 5, 5 3, 3 5, 3 5, 5 Gap ratio

Armenia Low 86 75 35 0.779 65 64 20 0.973
High 7 13 43 0.827 12 13 41 0.970

Bolivia Low 78 65 21 0.773 55 44 9 0.775
High 12 20 72 0.868 12 23 59 0.771

Colombia Low 80 73 32 0.850 41 38 14 0.907
High 12 17 52 0.871 25 32 51 0.753

Georgia Low 85 86 38 > 1.0 77 75 25 0.964
High 7 10 46 0.928 10 13 31 0.850

Ghana Low 68 58 39 0.663 42 24 10 0.429
High 18 35 48 0.427 23 54 56 0.065

Kenya Low 72 63 18 0.841 42 26 2 0.592
High 21 30 74 0.827 26 45 66 0.520

Lao PDR Low 89 94 56 > 1.0 23 40 2 > 1.0
High 3 1 17 > 1.0 15 22 68 0.870

Macedonia, FYR Low 66 50 20 0.643 41 31 6 0.710
High 22 36 68 0.688 36 46 71 0.727

Sri Lanka Low 46 51 29 > 1.0 17 6 9 0.380
High 32 42 47 0.382 60 65 69 0.457

Ukraine Low 79 74 47 0.860 49 35 12 0.631
High 11 15 39 0.839 32 39 72 0.836

Vietnam Low 67 46 24 0.507 34 25 10 0.628
High 16 39 60 0.471 30 35 57 0.807

Yunnan Province Low 60 43 24 0.522 16 13 5 0.726
High 24 36 60 0.670 46 54 64 0.575

Mean  Low 67 60 29 0.726 39 32 10 0.670
 High 14 23 48 0.677 25 34 54 0.631

Median  Low 72 63 29 0.779 41 31 9 0.710
 High 12 20 48 0.827 25 35 59 0.753

Source: World Bank STEP Skills Measurement Program. 
Note: Groups are well-matched upper secondary graduates (ISCED = 3, job’s ISCED = 3), over-educated tertiary graduates (5,3), and 
well-matched tertiary (5,5), where the first number in parentheses is the ISCED code for worker education and the second is 
the code for job-required education. The gap ratio is the difference in rates of job task performance between well-matched 
and mismatched tertiary graduates as a proportion of the gap between well-matched tertiary and well-matched upper 
secondary graduates, e.g., for rates of short document reading on the job in Armenia the gap ratio is (75–35)/(86–35) = 0.79. 

graduates is more similar to that of their coworkers (well-matched upper second-
ary graduates) to the extent the gap ratio approaches 1.0, and more similar to 
that of their classmates (well-matched tertiary graduates) to the extent the gap 
ratio approaches zero. 

Values for Kenya, Lao PDR, and Sri Lanka must be used with caution because 
cell sizes are quite small for tertiary graduates in those countries and are pre-
sented for the sake of completeness only. Some unusually low ratios, some of 
which are from these countries, are sufficient to affect the cross-country means 
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for the reading measures, so medians are also presented in this table. When gap 
ratios exceed 1.0, suggesting that mismatched tertiary workers are less skilled 
than well-matched secondary workers for some indicator, the symbol “>1.0” is 
used to avoid attributing too much significance to the actual value, which may 
well reflect sampling flukes in countries with few cases in these cells. In certain 
cases of math use on the job, particularly at the low level, there is too little varia-
tion between groups for gap ratios to be meaningful. The measure’s discrimina-
tion is so low that very small changes in a group’s rate can alter the size of the 
gap ratio dramatically. These rows are shaded gray in table 6.17.

All gap ratios for tables 6.16 through 6.18 are shown in compact form in table 
6.19 for convenience. Of the 107 out of 120 values that are valid, 10 (9 percent) 
are less than 0.50, 9 (8.4 percent) are between 0.50 and 0.60, 14 (13 percent) are 
between 0.60 and 0.69, and 75 values (70 percent) are 0.70 or above. Average gap 

Table 6.17 R ates of Writing and Math Complexity, by Match Group and Country
percent

Writing length

Gap ratio

Math level

Gap ratio3, 3 5, 3 5, 5 3, 3 5, 3 5, 5

Armenia Low 69 57 19 0.758 30 24 22 0.276
High 8 16 44 0.773 6 9 19 0.761

Bolivia Low 63 49 12 0.720 5 3 15 > 1.0
High 5 16 61 0.810 6 18 35 0.598

Colombia Low 67 64 35 0.905 16 16 11 0.940
High 3 11 33 0.731 10 9 21 > 1.0

Georgia Low 84 87 41 > 1.0 39 33 32 0.111
High 1 5 30 0.851 4 6 11 0.649

Ghana Low 43 27 17 0.375 10 9 14 > 1.0
High 19 31 46 0.560 3 13 28 0.607

Kenya Low 59 40 9 0.632 12 9 4 0.630
High 10 27 61 0.680 3 8 39 0.848

Lao PDR Low 38 74 15 — 3 4 3 —
High 2 1 31 > 1.0 22 16 17 —

Macedonia, FYR Low 61 47 12 0.729 24 16 24 —
High 14 20 57 0.865 7 7 27 > 1.0

Sri Lanka Low 42 57 26 > 1.0 18 14 15 0.355
High 25 4 48 > 1.0 16 20 28 0.713

Ukraine Low 72 60 21 0.768 17 19 13 > 1.0
High 8 12 36 0.848 6 8 27 0.904

Vietnam Low 59 37 20 0.431 5 16 13 0.354
High 12 25 46 0.608 8 9 30 0.949

Yunnan Province Low 24 21 4 0.845 16 12 17 —
High 27 35 60 0.753 7 9 17 0.842

Mean  Low 52 48 18 0.742 15 13 14 0.567
 High 10 16 43 0.790 8 10 23 0.739

Source: World Bank STEP Skills Measurement Program.
Note: Gap ratios that are too anomalous to present are replaced with dashes and not used in calculating means. For other 
details, see note to table 6.16. 

http://dx.doi.org/10.1596/978-1-4648-0908-8


Explaining Education Mismatch 	 107

Accounting for Mismatch in Low- and Middle-Income Countries 
http://dx.doi.org/10.1596/978-1-4648-0908-8

ratios for most tasks and countries are about 0.75. These figures are not sensitive 
to alternative scales constructed from the task indicators, such as the percentages 
performing uniformly low-skill tasks (except math), just one high-skill task, or 
the  numbers of low- and high-skill tasks workers perform. Only in Ghana do 
mismatched tertiary graduates look consistently like an intermediate category 
between the two well-matched groups, rather than more similar to the well-
matched workers in their job education category.

Measured by what people actually do at work, tertiary workers in jobs requir-
ing only upper secondary education perform more complex tasks than their well-
matched coworkers with an upper secondary education, but the over-educated 
tertiary workers generally close only about one-quarter of the gap between their 
coworkers and their well-matched tertiary classmates. The character of their 
work is determined more by their job than by their own education level.

Table 6.18 R ates of Problem-Solving Complexity, by Match Group and Country
percent

Problem solving

Gap ratio3, 3 5, 3 5, 5

Armenia Low 57 67 41 > 1.0
High 31 24 47 > 1.0

Bolivia Low 45 38 19 0.735
High 40 52 69 0.591

Colombia Low 64 51 21 0.708
High 26 34 64 0.791

Georgia Low 84 82 55 0.925
High 11 12 34 0.969

Ghana Low 57 33 23 0.292
High 34 51 70 0.531

Kenya Low 43 34 16 0.654
High 43 54 74 0.657

Lao PDR Low 64 91 61 —
High 11 1 14 —

Macedonia, FYR Low 48 49 22 > 1.0
High 46 46 69 > 1.0

Sri Lanka Low 34 42 21 > 1.0
High 46 53 67 0.680

Ukraine Low 60 52 28 0.751
High 25 36 57 0.647

Vietnam Low 50 59 37 > 1.0
High 39 27 54 > 1.0

Yunnan Province Low 65 67 46 > 1.0
High 22 15 39 > 1.0

Mean  Low 52 48 30 0.755
 High 29 34 51 0.739

Source: World Bank STEP Skills Measurement Program.
Note: Gap ratios that are too anomalous to present are replaced with dashes and not used in calculating 
means. For other details, see note to table 6.16. 
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The jobs of mismatched tertiary workers are much closer to those of their 
coworkers than those of their classmates. Measured over-education among ter-
tiary graduates seems to involve considerable skill underutilization, and in this 
sense is mostly genuine rather than merely apparent. Given that even most ter-
tiary jobs held by tertiary graduates involve unexpectedly low levels of reading, 
writing, and math complexity, this conclusion seems a relatively safe one, though 
the cognitive skill domain is large and this paper does not even exhaust all of the 
measures available in STEP.

Note

	 1.	This includes the coefficient for informal self-employment in Armenia (eb = 1.7), 
which is substantively large but significant at the 0.10 level. 

Table 6.19  Gap Ratios for All Task Measures and Means, by Country and Task

Reading length Reading type Writing Math Problem solving Country mean

Armenia Low 0.779 0.973 0.758 0.276 > 1.0 0.878
High 0.827 0.970 0.773 0.761 > 1.0 0.866

Bolivia Low 0.773 0.775 0.720 > 1.0 0.735 0.801
High 0.868 0.771 0.810 0.598 0.591 0.728

Colombia Low 0.850 0.907 0.905 0.940 0.708 0.862
High 0.871 0.753 0.731 > 1.0 0.791 0.829

Georgia Low > 1.0 0.964 > 1.0 0.111 0.925 0.972
High 0.928 0.850 0.851 0.649 0.969 0.900

Ghana Low 0.663 0.429 0.375 > 1.0 0.292 0.552
High 0.427 0.065 0.560 0.607 0.531 0.438

Kenya Low 0.841 0.592 0.632 0.630 0.654 0.680
High 0.827 0.520 0.680 0.848 0.657 0.706

Lao PDR Low > 1.0 > 1.0 — — — 1.000
High > 1.0 0.870 > 1.0 — — 0.957

Macedonia, FYR Low 0.643 0.710 0.729 — > 1.0 0.771
High 0.688 0.727 0.865 > 1.0 > 1.0 0.856

Sri Lanka Low > 1.0 0.380 > 1.0 0.355 > 1.0 0.845
High 0.382 0.457 > 1.0 0.713 0.680 0.646

Ukraine Low 0.860 0.631 0.768 > 1.0 0.751 0.802
High 0.839 0.836 0.848 0.904 0.647 0.815

Vietnam Low 0.507 0.628 0.431 0.354 > 1.0 0.642
High 0.471 0.807 0.608 0.949 > 1.0 0.767

Yunnan Province Low 0.522 0.726 0.845 — > 1.0 0.773
High 0.670 0.575 0.753 0.842 > 1.0 0.768

Mean Low 0.726 0.670 0.742 0.567 0.755 0.723
High 0.677 0.631 0.790 0.739 0.739 0.715

Medians Low 0.779 0.710 0.742 0.567 0.755 0.747
for reading High 0.827 0.753 0.790 0.739 0.739 0.770

Source: World Bank STEP Skills Measurement Program.
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Conclusion

Low- and middle-income countries vary significantly from one another in 
national income, employment and job-generation education stocks and flows, 
institutions, and numerous other conditions that affect their productive potential 
and the extent to which it is realized. Nevertheless, significant proportions of 
workers in all countries report that the education required for their jobs does not 
match their own educational level, and this mostly reflects what has been called 
over-education rather than under-education. It appears that labor markets lag the 
education system in generating jobs that utilize fully the skills of those seeking 
employment.

Key findings. Most hypotheses that would render observed mismatch more 
apparent than genuine receive scant support from the preceding analyses. 
Observed mismatch does not seem to be the result of transient life cycle factors. 
However, further analyses may reveal that young workers face particular diffi-
culties securing well-matched positions, such as lack of experience and net-
works, that are masked by other kinds of difficulties faced by prime-age and 
older workers, such as employer age preferences that hinder rematching after 
job loss. Indeed this problem may be quite common in low- and middle-income 
countries due to volatile market conditions. Health limitations do not account for 
mismatch among the employed either, and mismatch does not seem related to 
preferences for part-time work. 

Another hypothetical explanation that receives limited support from this 
research concerns gender. While gender predicts over-education in just under half 
the countries, the interpretation of these effects is ambiguous. To the extent that gen-
der effects reflect purely personal preferences by workers, they may be less seri-
ous than they appear at first sight, but to the extent that they reflect 
discrimination or even sociocultural norms, they represent genuine mismatch 
between persons and jobs. The low rate of labor force participation among 
women in Sri Lanka supports the view that gender disparities represent skill 
underutilization there, despite the absence of a gender effect among Sri Lankans 
who are employed. 
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Test scores are somewhat more consistently related to over-education, but the effect 
sizes are small. The effects are smaller than those relating to gender, and much 
smaller than those relating to public sector employment, informality, and years 
of formal education in the case of tertiary graduates, especially net of these 
covariates. Thus, differences across workers in achievement or school quality that 
are usually unobserved account for a modest share of over-education, particularly 
compared to the roles of formal attainment and structural characteristics of the 
labor market. 

Finally, the job task profiles found among over-educated tertiary graduates are 
much closer to the profiles of their coworkers who are well-matched secondary gradu-
ates than they are to their classmates, the well-matched tertiary graduates. Even 
tertiary graduates in well-matched jobs do not seem to perform tasks that are 
especially demanding in an absolute sense (see tables 6.16 through 6.18). The 
balance of evidence suggests strongly that observed over-education is more genu-
ine than apparent and that the biggest source of the problem is a general weak-
ness in private sector formal job creation. At the same time, the roles played by 
attainment levels within tertiary education and by field of study deserve further 
research. Scores on STEP's test of general verbal skills may pick up variation in 
competencies within a specific field of study as well, but a general household 
survey like STEP (Skills Toward Employment and Productivity) cannot test for 
such diverse competencies and skill sets directly. Country education agencies and 
sector skills councils will need to devise such assessments to determine whether 
it is poor learning outcomes in specific fields of study that is driving mismatch, 
particularly for those with lower-level tertiary degrees. Likewise, both the 
descriptive and the analytical results for test scores provide concrete indication 
of the benefits of raising achievement levels, though it is also important to note 
test scores vary widely within education levels and test score distributions by 
education level overlap one another significantly. Test scores are not clustered 
tightly within education levels nor are they separated cleanly across education 
levels. Research provides no clear guidance regarding how much of this variation 
stems from problems with educational effectiveness as opposed to being “nor-
mal” or inevitable variation. 

Although everyone agrees that improving the quality of education is a neces-
sary and ongoing task, there seems little doubt that the productive potential of a 
significant proportion of persons desiring skilled work remains unrealized in 
developing countries. Slack job markets are a key driver, as is apparent from the 
prevalence of informal workers, particularly those creating their own jobs (the 
self-employed), as well as from the numbers of unemployed and nonworking 
discouraged workers in certain countries in Europe and Central Asia.

Caveats. An important qualification to this conclusion is that the STEP study, 
like any study, is unable to measure every relevant personal and job characteristic. 
The workers who appear to have more education than required for their jobs 
may be under-skilled in ways that are difficult to measure in a standard survey. 
Curricula may be shallow and lack relevance for the job market. Neither achieve-
ment within fields of study nor competencies in highly occupation-specific skills 

http://dx.doi.org/10.1596/978-1-4648-0908-8


Conclusion	 113

Accounting for Mismatch in Low- and Middle-Income Countries 
http://dx.doi.org/10.1596/978-1-4648-0908-8

were measured by STEP, and indeed they would be difficult to measure in any 
general survey. There are also intangible, tacit skills and knowledge that can make 
a great difference to a worker’s job performance but are nearly impossible to 
measure in a survey; this report also did not consider the role of noncognitive 
skills and personality characteristics on employment outcomes. Clearly, there is a 
role for education policy with respect to a number of these variables, though 
addressing others would be more challenging. 

Likewise, STEP’s job task measures do not cover every imaginable aspect of 
the work people perform. Few studies are able to eliminate bias due to omitted 
variables, and conclusions should be interpreted in this light. Nevertheless, 
there is a great deal of informality and self-employment in most STEP coun-
tries, both of which are strongly associated with over-education (see tables 4.8 
and 6.4). Unless worker quality is so low that this is considered effective 
matching, these results seem to support the main conclusion that STEP coun-
tries have more problems generating jobs than graduates, even if there is much 
work to be done on the education side as well.

While everyone has long known that not all graduates work in jobs that match 
their education, the STEP surveys provide estimates of mismatch levels that can 
be used to understand the extent of mismatch, track progress over time through 
replication, and benchmark levels and trends internationally. The STEP suite of 
measures includes controls for usually unobserved characteristics of workers and 
jobs that address the doubts often expressed regarding the validity of more indi-
rect methods for estimating mismatch rates. Combined with more standard labor 
force survey variables, STEP measures also shed light on the underlying drivers 
of education mismatch.

Although the search for additional innovative measures to address knowledge 
gaps must continue, the results in this STEP report represent important progress 
toward that goal and provide key indicators and benchmarks against which 
national progress, policy effectiveness, and development approaches can be 
monitored and evaluated.

Implications. The results have implications for broader policy orientations, as 
well. Although more and better education is a common prescription for develop-
ment, education and training do not create or guarantee more and better jobs in 
themselves. High rates of self-employment and other forms of informality sug-
gest that good jobs that utilize existing workforce skills are in short supply. This 
may reflect some combination of weak investment, unattractive business condi-
tions, low levels of overall economic activity, and/or the quality of institutions 
and general social conditions. It is also important to recall that demand for labor 
is derived from the demand for products and services. Domestic demand will be 
relatively concentrated on relatively simple and inexpensive goods and services 
produced with low-cost methods, because this is what is affordable for other 
workers in similar circumstances. Low purchasing power is a significant source of 
informality, which is itself a source of mismatch. Generally higher living stan-
dards are necessary for people to be able to afford higher value-added goods and 
services produced with more skilled labor. However, higher living standards 
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require that these kinds of jobs be plentiful in the first place, that is, countries 
need many high-skilled jobs to support the consumption of goods/services that 
are produced by high-skilled jobs. 

Not surprisingly, an export orientation can be seen as one way out of this trap, 
because it relies mostly on external demand from countries that are already devel-
oped to support creation of more and better jobs domestically. That in turn may 
initiate the virtuous circle of workers in more skilled jobs demanding goods and 
services produced domestically by other workers in skilled jobs. It may be possible 
also to move up the value chain based on building up internal demand alone or in 
combination with trade involving other developing countries. However, perhaps 
more important is the possibility that such movement involving export-oriented 
manufacturing may not require notably high levels of education. For many devel-
oping countries, manufacturing jobs paying wages that are high relative to prevail-
ing levels may be partly decoupled from traits acquired through schooling beyond 
general cognitive and literacy skills and reliable work habits. Many relatively high-
wage jobs that are most easily within reach for many developing countries need 
not be high-skilled in terms of formal education and training.

Nothing in the preceding contradicts the development goal that all countries 
provide universal, high-quality upper secondary education to all young people, 
not only to impart job-relevant skills but to promote individual well-being and 
civic engagement as well as to provide a foundation for further socioeconomic 
advancement in subsequent generations. All countries need tertiary graduates for 
government functions, such as public administration and civil engineering, and 
for management of modern enterprises, among other tasks. However, tertiary 
education is significantly more costly and raises complex issues. Although many 
stakeholders place great hope in tertiary education, we still do not know the 
extent to which prior abundance of workers with higher education can prime the 
pump of occupational upgrading by attracting or enabling its own employment 
in well-matched jobs, as opposed to remaining unused or underutilized due to 
the low absorptive capacity of a labor market without an upgrading process that 
is already established. While it is possible that improved education in STEP coun-
tries can jump-start development on its own, the country conditions discussed in 
chapter 4 suggest most face multiple barriers to improved employment out-
comes and improving education alone may not solve them to the extent assumed.

While many of these educational policy issues are beyond the scope of the 
present report, it should be clear that skills are only one ingredient in a complex 
mix of factors affecting the quality of employment, not a cure-all. Policy makers 
cannot assume that all employment problems can be addressed through educa-
tion alone. The education system and job market are two related but distinct 
institutional spheres: although they must work in tandem, they may also be 
independent sources of difficulties. Job market woes can reflect job market prob-
lems and not problems with the education system. Any study of mismatch must 
address this question, that is, whether the main problem is a scarcity of qualified 
workers or, alternatively, a scarcity of good jobs, using direct and detailed 
measures of both workers and jobs.
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The results of this study suggest that many countries are not reaping as much 
benefit from their investments in education as they might, because weak job 
creation leaves the skills of many workers underutilized. For individuals, over-
education represents downward mobility relative to their expectations when 
they chose to enter noncompulsory education. Although weak job creation may 
partly reflect the level of workforce skills, it is clear that other variables are 
critical as well, such as government policy, capital availability, investment climate, 
and deficient demand.

A possible qualification to the preceding is that relatively high rates of 
over-education for tertiary graduates are common in higher-income countries as 
well. It is possible that the phenomenon of attainment outrunning opportunities 
is general and perhaps unavoidable. Additional, explicitly comparative research is 
needed to address this question. Nevertheless, the leakage of tertiary graduates 
from high-skill jobs is particularly worrisome for low- and middle-income coun-
tries that have more difficulty affording the investment costs and greater need for 
the benefits of high-skilled workers matched to high-skill jobs.
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Figure A.3  Kenya Row and Column Percentages
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Figure A.2  Ghana Row and Column Percentages

12

10

19

25

33

3

1

8

6

9

9

5

23

27

32

2

6

60

2

4

29

13

42

5

22

63

83

45

Tertiary

Secondary

Low second

Primary

< Primary

Job-required education

W
or

ke
r e

du
ca

tio
n

9

2

1

13

84

21

3

11

10

25

51

6

2

8

14

26

50

17

3

3

21

26

48

47

1

9

14

32

44

Tertiary

Secondary

Low second

Primary

< Primary

Job-required education

Ghana row and column percentages

Prim
ary

Low se
co

nd

Terti
ary

 Seco
ndary

No prim
ary

Prim
ary

Low se
co

nd

Terti
ary

 Seco
ndary

No prim
ary

Note: Numbers in blue show the marginal distribution. Dark gray dots indicate figures that fall below 1 percent after rounding.

http://dx.doi.org/10.1596/978-1-4648-0908-8


Conditional Distributions of Worker and Required Education 	 121

Accounting for Mismatch in Low- and Middle-Income Countries 
http://dx.doi.org/10.1596/978-1-4648-0908-8

Figure A.4  Bolivia Row and Column Percentages
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Figure A.5 V ietnam Row and Column Percentages
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Figure A.6 S ri Lanka Row and Column Percentages
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Figure A.7  Yunnan Province Row and Column Percentages
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Figure A.8  Armenia Row and Column Percentages
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Figure A.9 M acedonia, FYR, Row and Column Percentages

Macedonia, FYR, row and column percentages
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Figure A.10  Georgia Row and Column Percentages
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Figure A.11  Ukraine Row and Column Percentages
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A p p e n d i x  B

Conditional Distributions of Job 
Education by Worker Education for 
Workers with Less than Upper 
Secondary Education 

Row percentages sum to ~100.

Figure B.1  Distribution of Job-Required Education for Workers with Less than 
Primary Education
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Figure B.2  Distribution of Job-Required Education for Workers with 
Primary Education
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Figure B.3  Distribution of Job-Required Education for Workers with Low 
Secondary Education
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A p p e n d i x  C

Summary of Logistic Regression 
Results with Country Labels 

Table C.1 S ummary of Logistic Regression Results with Country Labels

Baseline Literacy No literacy All

Under-education
Experience 10–29 years Bolivia, Ghana Bolivia, Ghana
<10 years = 0

30+ years Bolivia, Ghana Bolivia, Ghana
Male = 0 Female, no young 

kids
Ghana Ghana

Female, young kids Ghana Ghana
Voluntary 

part-time
Colombia, Ghana Colombia, Ghana

Health problem (Sri Lanka)
Private = 0 Public sector Kenya Kenya

Formal = 0 Informal employee Bolivia, Colombia, 
Ghana, Kenya, 
Lao PDR

Bolivia, Colombia, 
Ghana, Kenya

Informal 
self-employed

Bolivia, Kenya, 
Lao PDR

Bolivia, Kenya

Informal family Kenya Kenya
ISCED
Upper sec = 0

< Primary
(ISCED 0)

Bolivia, Colombia, 
Kenya, Sri Lanka, 
Yunnan Province

Bolivia, Colombia, 
Kenya

Bolivia, Colombia, 
Ghana, Kenya

Bolivia, Colombia, 
Ghana, Kenya

ISCED 1 Primary Bolivia, Colombia, 
Ghana, Kenya, 
Vietnam, Sri 
Lanka, Yunnan 
Province

Bolivia, Colombia, 
Ghana, Kenya, 
Vietnam, 
Yunnan 
Province

Bolivia, Colombia, 
Ghana, Kenya, 
Vietnam, Lao PDR

Bolivia, Colombia, 
Ghana, Kenya, 
Vietnam

ISCED 2 Low secondary Bolivia, Colombia, 
Ghana, Kenya, 
Vietnam, Yunnan 
Province

Bolivia, Colombia, 
Ghana, Kenya, 
Vietnam, Yunnan 
Province

Bolivia, Colombia, 
Ghana, Kenya, 
Vietnam, Lao PDR

Bolivia, Colombia, 
Ghana, Kenya, 
Vietnam

Literacy (1 = 25 pts.)

table continues next page
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Table C.1  Summary of Logistic Regression Results with Country Labels (continued)

Baseline Literacy No literacy All

Over-education
Experience 10–29 years

30+ years (Bolivia; Ghana; 
Sri Lanka; 
Macedonia, FYR)

(Ghana)

Female, no young 
kids

Ghana, Vietnam, 
(Georgia)

Ghana, Vietnam, 
Ukraine, 
(Georgia)

Female, young kids Bolivia, Ghana, 
Kenya, Lao PDR, 
Ukraine

Bolivia, Ghana, 
Ukraine

Voluntary 
part-time

Kenya Kenya

Health problem
Public sector Colombia; Ghana; 

Kenya; Vietnam; 
Sri Lanka; Lao 
PDR; Yunnan 
Province; 
Armenia; Georgia; 
Ukraine; 
Macedonia, FYR

Colombia, Ghana, 
Kenya, 
Vietnam, 
Armenia, 
Georgia, 
Ukraine

Informal employee Bolivia; Colombia; 
Ghana; Kenya; 
Vietnam; Sri 
Lanka; Lao PDR; 
Yunnan Province, 
Armenia; Georgia; 
Macedonia, FYR

Bolivia, Colombia, 
Ghana, Kenya, 
Vietnam, 
Armenia, 
Georgia

Informal 
self-employed

Bolivia; Colombia; 
Ghana; Kenya; 
Vietnam; 
Sri Lanka; Lao 
PDR; Yunnan 
Province; Georgia; 
Ukraine; 
Macedonia, FYR

Bolivia, Colombia, 
Ghana, Kenya, 
Vietnam, 
Georgia, 
Ukraine

Informal family Bolivia; Ghana; 
Vietnam; Lao 
PDR; Yunnan 
Province; Georgia

Bolivia, Ghana, 
Georgia

ISCED 1 Primary Colombia, Ghana, 
Kenya, Sri Lanka, 
Yunnan Province

Bolivia, Colombia, 
Ghana, Kenya

Bolivia, Colombia, 
Ghana, Kenya, Sri 
Lanka, Yunnan 
Province

Bolivia, Colombia, 
Ghana, Kenya

ISCED 2 Low secondary Bolivia; Colombia; 
Kenya; Sri Lanka; 
Lao PDR; Yunnan 
Province

Colombia, Kenya Colombia, Kenya, Sri 
Lanka, Yunnan 
Province

Colombia, Kenya

table continues next page
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Table C.1  Summary of Logistic Regression Results with Country Labels (continued)

Baseline Literacy No literacy All

ISCED 5 Tertiary <16 years Bolivia; Colombia; 
Armenia; Georgia, 
Ukraine; 
Macedonia, FYR

Bolivia, Colombia, 
Armenia, 
Georgia, 
Ukraine

ISCED 5 Tertiary 16 years Colombia, Kenya, 
Vietnam, Yunnan 
Province

Colombia, Ghana, 
Kenya, 
Vietnam

ISCED 5 Tertiary >16 years Bolivia, Colombia, 
Vietnam, Sri 
Lanka, Lao PDR

Bolivia, Colombia, 
Vietnam

ISCED 5 Tertiary, all Bolivia, Colombia, 
Ghana, Kenya, 
Vietnam, Sri 
Lanka, Lao PDR

Bolivia, Colombia, 
Ghana, Kenya, 
Vietnam

Literacy Bolivia, Colombia, 
Ghana, 
Vietnam, 
Georgia, 
Ukraine

Bolivia, Ghana, 
Ukraine
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To stimulate economic advancement, low- and middle-income countries need well-educated and trained 
workforces to fill the types of skilled jobs that drive economic growth. Improving educational quality and 
attainment and providing better training are all rightly put forth as policy recommendations to leverage 
economic growth and job creation. However, new findings based on large scale surveys of adult skills from 
the World Bank Group’s STEP (Skills Toward Employment and Productivity) Skills Measurement Program 
suggest that many workers are overqualified for their current jobs (based on the education those jobs 
require). The results of this study suggest that countries may not reap as much benefit from their 
investments in quality education and training if weak job creation leaves workers’ skills underutilized. 

Most of the literature on mismatch focuses on higher-income countries and rates of over-education among 
college graduates. Accounting for Mismatch in Low- and Middle-Income Countries uses new STEP Skills Survey 
data from 12 low- and middle-income countries, representing a range of economic and educational and 
training climates, to better understand the scope and patterns of education and skills mismatch. STEP 
collects information not only on workers’ level of education and employment status, but also on the types, 
frequency, and durations of tasks they carry out at their jobs as well as some of the cognitive skills they use. 
The study also explores additional factors such as gender, health, career stage, and participation in the 
informal labor sector that may help explain the degree of mismatch rates. The study’s findings indicate that 
over-education is common in low and middle income countries with both lower and higher rates of 
educational attainment. There is also evidence that over-educated tertiary workers do not use all of their 
skills, potentially wasting valuable human capital and educational resources. 

Aimed at policy makers, business and education leaders, and employers, Accounting for Mismatch in Low- and 
Middle-Income Countries suggests that job growth must go hand-in-hand with investments in education and 
training. 
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