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Abstract

The abundance of small enterprises in developing countries has led to debates on the skills of
small business owners and their relationship to economic growth. Analysis of the types of skills
and characteristics important for success among entrepreneurs can inform entrepreneurship
training programs or educational curriculum designed to increase the number of successful
entrepreneurs. We address this question in the context of Indonesia, a low-middle income country
where almost half of total workers are self-employed. Using a household longitudinal dataset that
measures multiple types of skills and controlling for potential confounding variables, we estimate
the effect of fluid and crystallized intelligence on household business profit and value. We find
that fluid intelligence has a sizeable and positive returns on profit, but not business value. On the
other hand, there is no evidence that crystallized intelligence is correlated with business
performance, except in sectors that mainly require intense concentration or computers.
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l. Introduction

Entrepreneurs are often considered to be a main engine for growth, as they combine human
capital with physical capital and ideas to create a new product or to produce an existing one more
efficiently (Lazear, 2005). Carree and Thurik (2010) state that entrepreneurship generates growth
because it serves as a vehicle for innovation and change, and therefore as a conduit for
knowledge spillovers. In advanced economies the prevailing model is one of self-selection (Roy,
1951; Lucas, 1978), where individuals with higher entrepreneurship skills choose to become
entrepreneurs, while those with lower skills become wageworkers.

A number of empirical studies (for example Wong et al, 2005; Naudé, 2009) find that
opportunity-motivated or high-growth potential entrepreneurship drives economic growth, but not
necessity-motivated entrepreneurship. One of the reasons is that dynamic entrepreneurs have a
higher possibility to create positive externality through their innovation, while necessity
entrepreneurs are usually accustomed to conventional ways of doing business (Fossen and
Buttner, 2013). Finally, Vial and Hanoteau (2015) find that entrepreneurship has a high potential
for reducing poverty.

Workers' cognitive skills, based on recent evidence largely on cross-country comparisons,
appear to play an important causal role in raising economic growth (Hanushek and Woessmann,
2009). One plausible channel through which cognitive skills accelerate economic growth is by
making household enterprises more productive, as a number of studies show a significant and
positive relationship between human capital and entrepreneurial success (Unger et al, 2011). In
addition, Barron (2007) as cited in Sambasivan et al (2009) states that alertness to recognize
opportunities depends on an individual's cognitive ability.

In this paper, we investigate the contribution of cognitive skills of household enterprise owners,
as measured by various skills tests — conditional on other personal characteristics and
environmental characteristics — to the performance of their businesses. Analysis of the types of
skills and characteristics important for success among entrepreneurs can inform entrepreneurship
training programs or educational curriculum designed to increase the number of successful
entrepreneurs. In addition, this information can enable programs designed to support small
businesses — such as training or microcredit — identify enterprise owners with greater potential for
future success. On the other hand, low-potential entrepreneurs may benefit more from
employment absorption into low-skilled wage jobs in the manufacturing or service sectors.

We use data from Indonesia. Classified as a low-middle income country, Indonesia’s
economic growth over the past decade has averaged around 5.4% annually between 2001 and

2016 (Statistics Indonesia data). Accompanying the stable and relatively high growth rate is the
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continued decline in poverty. According to official statistics, headcount poverty has declined from
18% in 2001 to 10.7% in 2016. Similar to other developing countries, around 40% of workers in
Indonesia are in self-employment.

Examining the context of Indonesia is important because the Indonesian government has
identified self-employment as a development strategy. The Ministry of Cooperatives and Small
and Medium Enterprises, for example, provides training and start-up capital for entrepreneurs.
The Ministry of Finance has a regulation that states specific government tenders are open only to
micro and small enterprises. The Ministry of Education and Culture has created an
entrepreneurship curriculum for senior secondary students, an internship program, and provides
seed funding.

We find that fluid intelligence has a positive, sizeable, and statistically significant association
with business profits. The statistical significance of fluid intelligence appears to be robust even
when time-invariant unobserved heterogeneity is taken into account. A one standard deviation
increase in performance in Raven’s test leads to a higher profit of around 6.3%. On the other
hand, we do not find evidence that crystallized intelligence has any correlation with business
performance. However, we find a positive effect of crystallized intelligence when we specifically
examine brain-intensive sectors.

We organize the rest of this paper as follows. The next section provides a short conceptual
framework. Section Il describes entrepreneurship in Indonesia and a review of relevant literature.
Section IV presents data and sample construction. Section V discusses the empirical strategy,
and Sections VI and VII provide the results and discussion. Section VIII concludes.

.  Conceptual Framework

Literature in psychology has been divided in the definition of ability. While early psychologists
argue that ability is a unitary concept, others believe that ability is divided into specific
components. These two paradigms create the terms ‘general ability’ and ‘specific ability’. Cattell
(1971) decomposes general ability into two different components. The first component is called
crystallized intelligence, defined as intelligence acquired and accumulated through someone’s
interaction with environment, level of education, and experience. This form of intelligence is often
measured as knowledge and appears to be linked with education, physical environment, and
health. Crystallized intelligence is usually assessed through tests on vocabulary, analogies, and
general knowledge. As it is strongly influenced by experience and environment, this particular

component of intelligence can be continually improved. The second component of general ability



is called fluid intelligence. It is related to someone’s capacity to think logically and solve problems
in novel situations, a person’s ability to acquire knowledge and adapt to changes. Generally, fluid
intelligence is measured using cognitive functioning tasks that rely on working memory and
abstract reasoning. Fluid intelligence is independent of acquired knowledge and highly influenced
by genetics and biological factors. Targeted training could increase fluid intelligence, but by a
small extent. Au et al (2015) conduct a meta-study on the effect of n-back training on fluid
intelligence, and conclude that the effect is statistically significant, but small — around 3-4 points
on a standardized IQ test. In terms of the relationship between fluid and crystallized intelligence,
Thorsen, Gustafsson, and Cliffordson (2014) find that fluid intelligence plays a role in the
formation of crystallized intelligence. Finally, Salthouse (2004) found that fluid intelligence has a
negative and lineary correlation with age. This implies that controlling for age in our model is
important.

Among many individual determinants of labor market outcomes, an individual’s earnings are
influenced by cognitive skills (Vogl, 2014), height (LaFave and Thomas, 2017; Bargain and
Zeidan, 2017), or physical strength (Rosenzweig and Zhang, 2013). In this paper, we rely on a
similar framework, one where the labor market rewards various types of intelligence differently,
depending on the labor market context or a country’s level of development. For example, in an
occupation where intensive computing or mathematics skills are necessary, then individuals with
high crystallized intelligence would thrive. On the other hand, occupations that require problem-
solving skills or adaptability will reward individuals with high fluid intelligence. In a developing
country context, where labor market constraints could often mean that individuals cannot choose
occupations, these types of intelligence, even when known by the individual, may not result in
perfect sorting of occupations where an individual can choose an occupation where his particular
combination of intelligence would be rewarded the most.

As we mention above, fluid and crystallized intelligence are influenced by different factors.
The former is highly influenced by genetics or in-utero conditions, while the latter depends on
external factors and experiences. Therefore, policymakers — through their allocation of public
resources on health and education services, or environmental policies — would have more
influence on crystallized intelligence as opposed to fluid intelligence. In addition, these imply that
training programs or further investments in ability would augment crystallized intelligence but
would have little effect on the level of fluid intelligence.

In estimating the effects of different types of intelligence on labor market outcomes, we use
findings from the aforementioned papers in this section to select control variables. Specifically,

we include height and ethnicity as controls for in-utero disease environment, nutrition, and
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genetics. We also control for education attainment and infrastructure conditions in district of

residence.

Country Context and Literature Review

Entrepreneurship in Indonesia

In the last two decades, official statistics in Indonesia records a sizable share of Indonesian
workforce as self-employed. The share of self-employed to total workers has remained stable
around 45 and 48% between 1994 and 2011, before dipping in 2014 and 2015 (Figure 1).

[FIGURE 1 AROUND HERE]

In this section, we follow de Mel et al. (2008) and Djankov et al. (2005) who measure
entrepreneur’s success by a single indicator of whether their enterprise has at least one paid
employee. On the other hand, an enterprise with no paid employees is considered as subsistence
enterprise. When disaggregated by these two types, our preliminary analysis shows that majority
of Indonesia’s self-employed workers are subsistence entrepreneurs (Figure 2). The share of
successful entrepreneurs continues to increase over the period, from less than 1% in 1994 to
around 3% two decades later. While the trend is encouraging, it is important to also note that the
share of subsistence entrepreneurs remains extremely large for quite a long period of time. This
is consistent with previous literature from Hsieh and Olken (2014) who report that almost all firms
in Indonesia hire less than ten workers. The fraction of firms with less than ten workers in
Indonesia is higher than that in Mexico, which is also considered a developing country despite a
higher GDP per capita than Indonesia (Hsieh and Olken, 2014).

[FIGURE 2 AROUND HERE]

Cognitive Skills and Entrepreneurial Qutcomes

Evidence on the nexus between general ability and entrepreneurial success is considered
limited, as literature has been dominated by studies on the relationship between cognitive skills
and performance of workers in general. In addition, very few studies differentiate types of
intelligence and estimate their potentially different labor market returns. For example, a study by
Bargain and Zeidan (2017) finds that the impact of cognitive skill on log earnings of Indonesian
workers in general are modest, as opposed to what is generally found in developed countries.

That study measures cognitive skills using word recall test scores from Indonesia Family Life
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Survey (IFLS). The central argument of the study is that physical growth and skill development
reflect the quality of childhood condition such that people whose height are above average also
tend to possess greater cognitive capacity. Bargain and Zeidan (2017) finds that the impact of
height on earning drops significantly once cognitive skill is introduced to the equation. In Mexico,
Vogl (2014) finds a similar effect once height and cognitive skills are introduced in an earnings
model.

A study by Hartog et al. (2010) is one of the studies focusing on comparing the role of cognitive
skills for entrepreneurs and wage workers. Using longitudinal data from the US, the study
measures general ability as a weighted sum of the individual’'s score on specific abilities and finds
that general ability has 30% higher return for entrepreneurs compared to salaried-workers.
According to the authors, specific abilities that contribute to earning premium for entrepreneurs
are mathematical, technical, and social ability. Furthermore, the authors explain that
entrepreneurs who earn a premium relative to wage employees are those who belong to the upper
part of the general ability or specific ability distribution.

Van Praag and Cramer (2001) finds that together with education attainment, childhood
intellectual capacity measured by IQ at age 12 has a positive and statistically significant
correlation with indicator of entrepreneur’s performance, that is number of employees employed
in the enterprise. Meisenberg (2012) argues that the individuals with higher than average
cognitive skills are able to start and run business in a more effective manner and they are also
able to innovate continuously. Therefore, better entrepreneurial outcomes are expected for
entrepreneur with higher than average cognitive skills.

Using data from Stanford MBA alumni, Lazear (2004) finds that individuals who become
entrepreneurs are those who study a more varied curriculum during their college years than their
peers who become salaried-workers. This study provides insight that entrepreneurs have different
strategy in their education investment from wageworkers. Instead of just focusing on one or two
particular skills, entrepreneurs opt to master a variety of skills in order to ensure that their
businesses run well. Hartog et al. (2010) supports the finding from Lazear (2004) by proving that

a standard deviation increase in variation of ability reduces entrepreneurial earnings by 3%.

Data

We use the Indonesia Family Life Survey (IFLS), a multi-level and multi-topic longitudinal
household survey that has been conducted five times between 1993 and 2014. In addition to

collecting household-level information, IFLS contains samples at individual level, and also a



community facility survey. The IFLS 1 (year 1993) covers 7,224 household across 321 sampling
areas in 13 province in 1993 and with more than 90% tracking rate, the IFLS 5 (year 2014)
successfully retains 6.,647 households who have been surveyed since 1993 (Strauss et al, 2016).
In this paper, we focus on the most recent waves of IFLS, fielded in 2007 and 2014, which collects
a significantly richer set of information on cognitive skill measurement. The IFLS fielded in 2007
is called IFLS 4 and the one fielded in 2014 is called IFLS 5.

Household Businesses in IFLS

Being a household survey, IFLS is not specifically designed to collect information on
entrepreneurs and firms. However, it provides information on household businesses. The IFLS
collects data for farm and non-farm businesses owned by household, with information on
business’ profit, assets, capital, and ownership. Furthermore, a separate question to identify the
household member who is primarily responsible for the business enables us to link the individual
characteristics to the firm. This study defines the entrepreneur as the person who is primarily
responsible for the business. It is not always the case that the owner of the household business
is also the most primarily responsible person for the daily operation of the business.

However, the question to identify owners of the farm business is only available in IFLS 3,
reflecting the fact that most if not all adults in the household would contribute to the farm business.
One possible way to include farm household business in our analysis is to use average
characteristics of adult household members for the farm business analysis. The lack of
information to link farm household business with individual level information in IFLS 4 and 5 leads
us to decide that our analysis only includes non-farm household businesses, where linking
individual level information of non-farm business entrepreneurs could be done.

Each household in IFLS is asked to provide detailed information of non-farm businesses
according to the number of non-farm businesses they have. Approximately 84% of households in
our dataset only has a single non-farm business. However, IFLS does not create an identifier for
household business that can be used to link household business across survey years. This means
that we are unable to identify which of the household businesses in IFLS 4 that still operate in
IFLS 5 — rather, we could link the entrepreneurs. Considering the seven-year gap between IFLS
4 and IFLS 5, and the nature of businesses in Indonesia as discussed in the previous section, it
is very probable that majority of the household business in IFLS 4 have changed their work sector,
changed their businesses but remain in the same sector, or terminated their business by IFLS 5.
Having mentioned the above, however, these may not pose a significant problem given that, as
shown in Tables 3 and 4 below, only 10% of the sample comes from IFLS 4.



Additionally, while the majority of entrepreneurs in our dataset runs a single non-farm
household business, some entrepreneurs may run several non-farm household businesses at the
same time. Table 1 summarizes the information of non-farm household businesses and unique
entrepreneurs in our dataset. In this paper, we use all entrepreneurs regardless of the number of
businesses she or he runs.

[TABLE 1 AROUND HERE]

Measurement of Cognitive Skills in IFLS

IFLS 4 and 5 collects a handful of information that can be used as a proxy for cognitive skills
in a Section called EK. The section was first introduced in the third wave of IFLS in 2000. The
section comprises of two sets of skills modules, EK1 and EK2, administered to 7-14 and 15-24
years old individuals, respectively. The former contains five numeracy problems and 12 shape
matching problems (Raven’s Progressive Matrices Test), while the latter contains five numeracy
problems and eight shape matching problems. The numeracy problems in EK2 are significantly
more complex than those in EK1.

In IFLS 4, the enumerators used the following procedure (Suryadarma, 2015): EK1 was
administered to individuals who were 7 — 14 years old in 2007. Individuals who had taken EK1 in
2000 retook EK1 in 2007. In addition, if these individuals were already at least 15 years old in
2007, they were also asked to answer EK2. Note that these individuals had been 7 — 14 years old
in 2000 and were around 14 — 21 years old in 2007. Similarly, individuals who had answered EK2
in 2000 were also asked to work on EK2 in 2007 even if they were older than 24 in 2007. The
dataset shows that the participants of EK2 test could be up to 35 years old in 2007. We decide to
use EK2 test scores rather than EK1 as one of indicators for cognitive skills as EK2 is more
complex and arguably more relevant to the kinds of numeracy needed to operate a business.

The age cutoff for EK2 test participant changed in IFLS 5. In IFLS 5, the Raven’s test from
EK2 module was given to everyone age 15 or older, while the numeracy test from EK2 was given
to respondents who were 15 — 60 years old (Strauss et al, 2016). Therefore, EK2 in IFLS 5
covered a larger sample than in IFLS 4. Accordingly, we expect our sample size to be the largest
in IFLS 5. The way IFLS administers the EK2 tests in a different manner across the survey year
leads to the fact that the participants do not take the test at a similar age range. Some might take
the EK2 test during their youth, whereas the other participant might take the test during their 30s
or even older.

We believe that numeracy test in EK2 measures a different dimension of cognitive ability
from the Raven’s test. Following the decomposition of general intelligence by Cattell (1971), the
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numeracy test in EK2 captures the aspect of crystallized intelligence because knowledge in math
is usually acquired and accumulated through schooling. On the other hand, Raven’s Progressive
Matrices Test is a reasoning test and more fitted to the concept of fluid intelligence which depends
more on innate ability rather than education or acculturation.

In addition to the section EK, IFLS also ask individuals younger than 30 years old for their
national examination scores. In Indonesia, students have to sit in national examinations at the
end of each school level: primary (sixth grade), junior secondary (ninth grade), and senior
secondary (12" grade). Given that primary level education is universal, but the average adult
education attainment in Indonesia is slightly below eight years, national examination scores at the
junior and senior secondary level are largely missing. In addition, there may be significant recall
bias for the primary level national examination score. For this particular reason, we do not use
national examination score as proxy for cognitive skills.

Table 2 summarizes the number of respondents who take EK2 tests. As discussed above,

there are significantly more test takers in IFLS 5 than IFLS 4.
[TABLE 2 AROUND HERE]
The correlation in the performance between mathematics and Raven’s is 0.41. While
relatively large, the correlation is not sufficiently high for us to worry about multicollinearity when

we include both cognitive skills measures in a specification, as we do in Tables 7 to 9 below.

Sample Construction

In this subsection, we describe the sample construction. In the household economy module
of IFLS, there is a question on the ownership of non-farm businesses. Households that responded
positively to the question were given a set of non-farm business module. Each household was
allowed to provide information on multiple non-farm businesses. We construct our sample such
that each observation is a non-farm entrepreneur and the non-farm household businesses that
he/she is responsible for.

Combining the two latest IFLS waves, our dataset contains information on 12,256 non-farm
businesses that report profit information (Table 3). When divided into the two IFLS waves, the
number of non-farm businesses slightly increase: 6,010 in 2007 and 6,246 in 2014. For these
non-farm businesses, only a subsample of non-farm entrepreneurs have their cognitive skills

information due to the age requirement that IFLS uses to administer section EK and section CO.



When we combine the information of the entrepreneurs with their cognitive test scores, we end
up with 6,465 non-farm businesses, where 964 are from IFLS 4 and the rest from IFLS 5.

Table 3 summarizes information on the number of non-farm entrepreneurs who have cognitive
scores from EK2 tests. The number of entrepreneurs who do not have cognitive scores is much
lower in IFLS 5 than in IFLS 4 as the age cutoff for EK2 tests change in IFLS 5. The change allows
more respondents to participate in the EK2 tests, hence, increasing the number of non-farm
entrepreneurs with cognitive scores. For each of IFLS respondent who is eligible to take EK2 tests
but refuse to do so, IFLS also records the reason of their rejection. Table 4 summarizes the
reasons of not taking EK2 tests.

[TABLE 3 AROUND HERE]

Among the reasons of not taking EK2 tests, ‘refuse’, ‘cannot read’, and ‘unable to answer’
seem to be our biggest concern since these reasons may signal lower cognitive ability and can
indicate self-selection among EK2 test participants. However, individuals who reject EK2 test
because of these reasons constitute only a small part of our whole entrepreneur sample in both
IFLS waves. Consequently, the proportion of entrepreneurs who were supposed to take the EK2
tests but refuse due to cognitive-related reason seem to be negligible.

[TABLE 4 AROUND HERE]

In addition to entrepreneur’s cognitive test scores, we also use the community facility module
of IFLS to collect information on local infrastructure at the district level. Given that IFLS does not
administer the community facility module in all their areas, we were only able to match 6,001 non-
farm entrepreneurs with their community information at the district level from 6,465 non-farm
entrepreneurs who have cognitive score tests.

Based on the description above, the major reason for the reduction in sample size is the
missing cognitive skills variable. Before we conduct a more formal analysis, it is worth reiterating
that the EK2 test is only administered to 15-35 year-olds in 2007. These are dominated by youth,
and many of whom would have had no responsibility of a non-farm business. To check for the
correlates of missing cognitive score, we estimate a probit model where the dependent variable
is equal to one if at least one of the entrepreneur’s cognitive score is missing and zero otherwise.
From the way IFLS administered the EK module, we expect age to be a significant correlate. In
addition, we expect later IFLS waves to have fewer missing cognitive scores than earlier ones.
Table 5 shows the estimated coefficients, which allows us to observe statistical significance and

sign of the correlates.
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[TABLE 5 AROUND HERE]

Table 5 shows that missing cognitive scores have no statistically significant correlation with
any business characteristics. In addition, the average marginal effects are very small.

Among the characteristics of entrepreneurs, Table 5 shows that overall, only age, ethnicity,
household size, and male-headed households have statistically significant correlation with the
probability of missing cognitive scores. As expected, age has a positive correlation with the
probability of missing cognitive scores. Javanese entrepreneurs (the largest ethnic group in
Indonesia) have negative correlation with the probability of missing cognitive scores. Larger
household size also reduces the probability of missing scores. Other than entrepreneurs’
characteristics, we find that entrepreneurs in IFLS 2014 have essentially zero probability of
missing scores than in 2007. Despite the fact that a number of variables are statistically significant,
the reason for having missing cognitive scores appear to be mainly caused by the way IFLS

administers the EK2 tests and word recall tests, specifically in 2007.

V. Empirical Strategy

Our reduced-form specification is shown in Equation (1):

Yijt = BzZ; + BsSjt + BcCit + BpD: + &t (1)

where Y;;; is the main indicator of interest for enterprise i associated by entrepreneur j in year t.
We use the following variables to measure enterprise performance: annual profit, total value of
business, and number of employees. Total value of business comprises of value of land, building,
equipment, and vehicle.

Z; are predetermined characteristics of the entrepreneur: sex, age, ethnicity, height, and years
of schooling. S;; represents the cognitive score of the entrepreneur, measured through the EK2
module. This is our main variable of interest. For entrepreneurs that appear in both IFLS 4 and
IFLS 5, the variable is time-variant as the entrepreneurs took the tests during each survey.

C;; are characteristics of the community where enterprise i is located in at the district level,
such as the presence of infrastructure. We also include province fixed effects. D, is a vector of
dummy variables indicating the year of the survey. There is a binary indicator representing survey

year 2014, with 2007 acting as the reference year.
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Table 6 shows the descriptive statistics of the variables. Looking at the outcome variables, we
find that average profit of non-farm household businesses over the past 12 months is 11.7 million
Rupiahs, indicating a small but healthy profit. Examining assets, we find that most of the non-farm
businesses do not possess land, as there are only 569 of non-farm businesses who report the
value of land. The number of non-farm businesses who possess building or vehicle is also low,
while possession of equipment is widespread. This indicates that non-farm businesses invest
mainly in equipment or tools. Taken altogether, we find that non-farm businesses in Indonesia an
average of 22.4 million Rupiahs in value, implying that the business is done with very little capital
or uses little technology.

Entrepreneurs who are primarily in charge of the business on average complete ten years of
education. These entrepreneurs are still relatively young, with an average age of 40 years old,
and 54% are males. Slightly less than half of the entrepreneurs are ethnic Javanese, Indonesia’s
major ethnic group.

[TABLE 6 AROUND HERE]

We also separate the businesses to sectors. We follow Bargain & Zeidan (2017) to separate
the businesses into three different categories based on the main skills required. In IFLS, Section
TK collects information on employment. The section asks the respondents to name whether their
job requires much physical effort, lifting heavy loads, intense concentration or attention, to work
with computers, or skill in dealing with people for all or almost all the time. We use these
responses to calculate brain, brawn, and social score for each work sector. Brawn score is the
average of ‘lots of physical effort’ and ‘lifting heavy loads’. Brain score is the average of ‘intense
concentration/attention’ and ‘work with computers’. Social score is obtained from the percentage
of workers who confess that their job requires ‘skill in dealing with people’ all or almost all the
time. A work sector is then classified as brawn if its brawn score is greater than its brain or social
score. To be classified as brain sector, a work sector must score higher in brain score than in
brawn or social score. Lastly, a work sector is classified as social if its social score is above its
brain or brawn score. Among nine work sectors in Section TK, three can be classified as brawn
sector: agriculture, forestry, fishing, hunting; mining and quarrying; and construction. Meanwhile,
manufacturing; electricity, gas, water; and transport, storage, communication are classified as
brain sector. The social sector includes wholesale, retail, restaurant, hotels; finance, insurance,
real estate, business services; and social services. We use this information as a basis to group
the work sectors in section NT into brain, brawn, or social.

Table Al in the appendix shows the mapping. Table 6 shows that six out of ten entrepreneurs

in our data are in sectors that mainly require social skills. Only 4% of the businesses are in sectors
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VI.

requiring mainly brawn. This is due to our focus on non-farm businesses. The rest are in sectors
that mainly require brain.

About 64% of the non-farm businesses are in urban areas. This is also reflected with the fact
that non-farm businesses are in community that have almost universal access to electricity.
However, on average only 36% of villages in the communities where these businesses are in
have a formal financial institution providing business loans. In contrast, it appears that many of
these communities have factories or cottage industries, which is an indicator of economic
progress.

Given the way IFLS conducts sampling of the EK module and our focus on non-farm
enterprises, the worry that our estimation results may not represent Indonesia’s entrepreneurs.
Appendix A2 compares the basic characteristics of entrepreneurs in our data with those in the TK
module — which focuses on all types of workers by occupation. From the TK module, we focus
specifically on self-employed individuals — in a sense comparing the characteristics of the sample
in our data with all entrepreneurs in IFLS. We find statistically significant differences in all
characteristics, except height and age, although most of the magnitude differences are small. Our
sample have lower cognitive skills, are more educated by about one year, have more females,
and have more Javanese. In addition, significantly more entrepreneurs in our sample live in urban
areas. Our focus on non-farm entrepreneurs is also reflected in the fact that the proportion working
in sector that require brawn is 25 percentage lower in our sample, while the proportion working in
brain-intensive and social-skills-intensive sectors are higher by 12 and 15 percentage points
respectively. Therefore, our results are unlikely to represent the whole self-employed sector in

Indonesia.

The Effect of Crystallized and Fluid Intelligence on Non-Farm Business Outcomes

We estimate the model in Equation (1) using least squares for continuous dependent variables
(annual profit and value of total business) and tobit for censored dependent variables (number of
employees). Both profit and value of total business are deflated using 2007 consumer price index,
and further we transform them into their log values. Number of workers is calculated by the sum
of employees plus one, indicating the entrepreneur. Consequently, we have three dependent
variables, namely 1) log value of annual profit, 2) log value of business, and 3) number of
employees.

Cognitive skill is our main variable of interest and it is measured using math score and Raven’s
score. We standardize all scores by subtracting the mean and dividing by its standard deviation.

We initially estimate their impact on business performance separately.
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We first discuss our estimation result on profit and value of business, followed by the result
on number of employees. Table 7 shows the estimation result of profit and value of business using
math score as main variable of interest, with the control variables included step-wise. When
business performance is regressed only on math score, we find that math score has a positive
and statistically significant effect on both business profit and value. Similar to Hartog et al. (2010),
we consider this as our upper bound estimate. However, when we introduce education attainment
to the equation, math score no longer has statistically significant effect on the indicators of
business performance. In addition, the point estimates become much smaller. In the case of
business value, the point estimate of math score is essentially zero. Interestingly, the point
estimates of math score remain relatively unchanged as we add more control variables, while the
R-squared increased from around 0.004 and 0.012 in the first two columns to 0.140 and 0.168 in
the saturated model. In conclusion, we find little evidence that once we control for education

attainment, crystallized intelligence has any effect on non-farm business profit or value.

[TABLE 7 AROUND HERE]

Other individual-level variables show positive and statistically significant effect on most of the
business performance indicators. We find that more educated, taller, older, and male
entrepreneurs have higher profits and business value. The finding on height corroborates findings
from Vogl (2014) in Mexico and Bargain and Zeidan (2017) in Indonesia. Examining the
household level variables, we find that entrepreneurs residing in male-headed households earn
around 19% higher profit, and household size has a positive effect on business value. On the
other hand, dependency ratio shows a very small but negative and statistically significant effect
on value of business.

Examining district level characteristics, availability of factories, which proxies for economic
progress, has a positive effect with profit but not with business value. In contrast, the number of
non-farm household businesses at district, a measure of competition, has a negative but
essentially zero effect on profit or business value.

Columns 3 and 4 in Table 8 shows the estimation result of profit and value of business using
Raven's test score, as the main independent variables of interest, respectively. Following the
categorization of intelligence by Cattell (1971), we argue that Raven’s score measures fluid
intelligence, indicating native ability independent of acquired knowledge. We also provide results

where we include math and Raven’s in one specification. We reproduce the point estimates for
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math score to ease comparison, in Columns 1 and 2. The full regression results are in Tables A3
and A4.

We find that performance in Raven’s is the only one that has a statistically significant effect
on business performance. Specifically, even after including all control variables, a one standard
deviation increase in Raven’s test results in 6.3% higher profits.! In contrast, higher fluid
intelligence does not affect business value. In the specification where we include both cognitive
scores together, the coefficient of Raven'’s slightly declines but remains statistically significant.

Meanwhile, the coefficient of math is small and statistically insignificant.

[TABLE 8 AROUND HERE]

We further examine the role of cognitive skills in predicting other indicator of business
performance, namely the number of employees. Table 9 shows the results for all different
measures of cognitive skills, with all control variables included. In general we find no evidence

that cognitive skills affect then number of employees.

[TABLE 9 AROUND HERE]

Taken together, the results in Tables 7-9 provide evidence that fluid intelligence has a
sizeable, positive, and statistically significant effect on one out of three measures of business
performance used in this study. In contrast, crystallized intelligence does not appear to affect
business performance. There could be many reasons for our findings. For example, since fluid
intelligence is about problem solving and ability to quickly adapt to changes, it could be more
useful than crystallized intelligence in a developing country setting like Indonesia, where
economic environments could change relatively quickly. Second, non-farm businesses in
Indonesia are relatively small with little asset and few employees. This implies that these business
do not need a high level of crystallized intelligence to operate; an understanding of basic
arithmetic would suffice. Therefore, higher level of crystallized intelligence would not lead to much
increased business performance. In contrast, as we mention before, problem solving skills and
ability to quickly adjust to change would be more useful.

To further examine this issue, we estimate Equation 1 on the subsamples of work sectors

separately. Before we discuss the results it is worth reiterating that only 4% of the non-farm

1 With a log-linear model, the marginal estimate is exp(x)-1, where x is the point estimate.
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enterprises in our sample are in the brawn-intensive sector, while 37% are in brain-intensive and
59% are in social skills-intensive sectors. In addition, conditional on all control variables in
Equation 1, we find no correlation between cognitive scores and occupation sector.?

Table 10 shows the estimation results on the subsamples. When we only look at the non-farm
businesses in the brawn sector (Panel A), we find no statistically significant effect of cognitive
scores on business performance. However, our estimation may be compromised by the small
sample size available.

In Panel B, we find that once we limit the sample to the brain-intensive sector, crystallized
intelligence indeed has a significant effect on business performance. A one standard deviation
increase in mathematics score increases profit by 8.3% (Panel B, Column 1), but not business
value (Panel B, Column 4). The statistical significance weakens once we include the fluid
intelligence measures in the model (Panel B, Column 3), but the point estimate is robust. In
contrast, Raven'’s score has no significant effect on business performance in this sector.

When we estimate Equation 1 only on the social skills-intensive sector (Panel C), we find that
only the Raven score has a statistically significant effect on profit by 6.7%, which is similar to the
finding in Table 8.

In summary, the results in Table 10 show that crystallized intelligence is beneficial for
businesses that operate in the sector that mainly requires brain, and fluid intelligence has a
positive effect on profit in the sector that mainly requires social skills. These findings show that
cognitive skills are useful in the appropriate type of occupational sector.

[TABLE 10 AROUND HERE]

VIl.  Extensions: Quantile Regression and Panel Fixed Effects
In this section, we extend the OLS results in two directions. First, we estimate quantile
regression to see whether cognitive skills have differential effects across the distribution of
business performance, namely profit and business value. Second, we take advantage of the panel
nature of IFLS to estimate a panel fixed effects model, where time-invariant unobserved
heterogeneity is addressed. However, our panel is unbalanced: only one-third of entrepreneurs
in 2007 show up in 2014. . Therefore, we apply a correction method to address the selection

issue.

2 We estimate an ordered probit model, with work sector as the dependent variable, with the same set of
independent variables as Equation 1. The point estimates on math and Raven’s are not statistically significant.
Results are available upon request.
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Figure 3 provides visual presentations of the OLS and the quantile regression estimates of
Raven’s score on profit (left picture) and business value (right picture).® The horizontal axis
indicates the quantiles of business performance and the vertical axis is the coefficients of Raven
score at each quantile. The dashed line represents the coefficient in the OLS model with their
confidence interval in the dotted line, identical to Columns 3 and 4 of Table 8. The green line
represents the coefficient from quantile regression with corresponding confidence intervals in grey
areas.

Figure 3 shows that the quantile regression estimates show some trend, decreasing effects
of Raven'’s at higher profit quantiles and increasing effects at higher business value quantiles. We
also find that virtually all the quantile regression estimates are inside the OLS confidence
intervals. However, we see that the statistically significant effects of Raven’s on profit take place
around quintiles 0.1 up to 0.4. In addition, for business value in quintiles 0.7 to 0.9, the effects of
Raven'’s are positive and statistically significant. On these parts of the profit and business value
distribution, the returns to Raven’s score are larger than 10%. The results show that indeed there

is different effects of Raven'’s at different parts of the business performance distribution.

[FIGURE 3 AROUND HERE]

We provide the quantile regression estimates for math score in Figure 4. We find that the
effects of math score across the profit and business value distributions are all statistically
insignificant, except at quintile 0.15 of profit, where the effect of a one standard deviation increase
in math score is around 12%.

For the second extension, we implement a method developed by Semykina and Wooldridge
(2010), which allows self-selection in a panel fixed effects estimation. We use an excluded
variable in the selection equation, namely the proportion of villages in the district where there is a
financial institution providing business loans. We argue that this characteristic would be correlated
with the decision to continue owning a non-farm business over IFLS 4 and IFLS 5, hence
appearing in our panel sample.

Table 11 provides the results. We find that once time-invariant unobserved heterogeneity is
taken into account and we keep to this selected sample, even with the selection correction we
find much larger effects of Raven’s test on business performance. A one standard deviation

increase in Raven score results in 10.7% higher profit and 12.2% higher business value, although

3 We also estimate quantile regressions for math and immediate word recall. The results are not
qualitatively different from the OLS.
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VIII.

the latter is only weakly significant. Therefore, we continue to find that fluid intelligence provides

a benefit to non-farm household business performance.*

[TABLE 11 AROUND HERE]

Conclusion

The question of whether skills affects entrepreneurial success is a policy relevant one. The
answer could inform policymakers on the kinds of training programs to deliver, the kinds of
entrepreneurs that should be given priority for business loans, and whether some individuals are
better off as wage workers rather than staying as entrepreneurs.

In this paper, we estimate the association between two types of general skills, fluid and
crystallized intelligence, on the performance of non-farm household enterprises in Indonesia.
Using a model that controls for individual, household, enterprise, and district characteristics, we
find that fluid intelligence has a positive, sizeable, and statistically significant association with
business profits. The statistical significance of fluid intelligence appears to be robust even when
time-invariant unobserved heterogeneity is taken into account. A one standard deviation increase
in performance in Raven’s test leads to a higher profit of around 6.3%. On the other hand, we do
not find evidence that crystallized intelligence has any correlation with business performance.

Further examination by separating the non-farm businesses into sectors based on the kind
of skills most needed shows that indeed, crystallized intelligence leads to higher profits only in
the brain-intensive sector. In this sector, higher fluid intelligence does not seem to provide
significant benefits. In contrast, fluid intelligence increases profits in businesses engaged in social
skills-intensive sectors. Therefore, we find that intelligence leads to higher profits only when an
entrepreneur is engaged in the sector that is most appropriate given her or his skills.

We conjecture that our findings are consistent with the developing country context, and with
the kinds of business that these entrepreneurs are engaged in. In developing countries where
rules and regulations on businesses are still relatively incomplete, problem solving skills and
ability to adapt quickly to change are more important than taught knowledge. In addition, the
majority of household businesses in Indonesia appear to be labor intensive using low capital and
simple technology. For these businesses, high levels of crystallized intelligence would not be a

significant advantage.

4 We also estimate the model using mathematics score as the independent variable. Similar to the
estimation in Table 7, the point estimates of mathematics score are not statistically significant.

18



What do these findings mean for policymakers? Given that fluid intelligence is something that
an individual is born with, rather than taught, it appears that training programs would not be an
effective tool to support most entrepreneurs in Indonesia. Perhaps, the government could support
entrepreneurs with high levels of crystallized intelligence to either find a job as a wageworker or
operate a business in the brain-intensive sector. Therefore, it is important for policymakers and

entrepreneurs to find out the skills they have first, before choosing a sector to engage in.
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Figure 1. Entrepreneurs in Indonesia, 1994-2015
Source: National Labor Force Survey (Sakernas) (1994-2015)
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Figure 2. Decomposition of Entrepreneurs, 1994-2015
Source: National Labor Force Survey (Sakernas) (1994-2015)
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Figure 3. OLS and Quantile Regression Estimates and 95% CI, Raven Score and In (profit) (Left)
and In (business value) (Right)
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Table 1. Non-Farm Household Businesses in IFLS

IFLS 4 IFLS 5
Number of non-farm household businesses 6,197 6,724
Number of unique entrepreneurs 5,714 6,311
Table 2. EK2 Tests in IFLS
IFLS4 IFLS5
Number of sample of EK2 11,825 36,380
Number of sample who refuse to participate in EK2 test 742 5,041
Number of sample with non-missing EK2 11,083 31,339
Table 3. Linking Entrepreneur Dataset with Cognitive Test Scores Dataset
IFLS4 IFLS5
Non-farm businesses (Table 1) 6,197 6,724
Non-farm businesses with non-missing profit data 6,010 6,246
Among those with non-missing profit data :
Have complete cognitive scores 964 5,501
Missing at least one cognitive score, of which: 5,046 745
Supposed to take the EK2 test but did not 26 474
Have missing score due to survey design 5,020 271
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Table 4. Reason of Not Taking EK2 Tests

Reason IFLS 4 IFLS 5
Refuse 14 223
Cannot read 1 12
Unable to answer 0 6
Not enough time 1 5
Proxy respondent 8 156
Other 0 14
Couldn’t be contacted 2 58
Total 26 474

25



Table 5. Correlates of Probability of Missing Cognitive Scores

. . o Average
Business Characteristics Coefficient  parginal
Effects
Ln (profit) 0.036 0.012
(0.025)
Ln (business value) -0.008 -0.002
(0.016)
Number of employees -0.002 -0.001
(0.009)
Age of business (years) -0.002 -0.001
(0.003)
Sector (excluded category: sector requiring brawn)
Brain 0.207* 0.068
(0.125)
Social 0.112 0.036
(0.123)
Entrepreneur Characteristics
Education attainment (years) 0.004 0.001
(0.006)
Height (cm) -0.004 -0.001
(0.003)
Age (years) 0.310*** 0.100
(0.026)
Age squared -0.003*** -0.001
(0.000)
Male (Yes = 1) 0.097 0.031
(0.079)
Ethnic Javanese (Yes = 1) -0.290*** -0.092
(0.111)
Dependency ratio 0.002%** 0.001
(0.001)
Household size -0.069*** -0.022
(0.013)
Male-headed household (Yes = 1) 0.194** 0.059
(0.088)
Urban (Yes = 1) -0.063 -0.021
(0.081)
District and survey year characteristics
Proportion of households with access to grid electricity 0.004 0.001
(0.003)
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Proportion of villages with factories or cottage industry 0.160* 0.052

(0.089)
Number of non-farm household businesses at district -0.001 -0.001
(0.001)
IFLS Wave 5 (2014), Yes =1 -4.701%** -0.973
(0.160)
Constant -6.616%**
(0.836)
Province fixed effects Yes
Number of observations 7,712
Predicted probability at mean 0.286

Notes: *** 1% significance, ** 5% significance, * 10% significance; robust standard errors clustered
at individual level in parentheses. Dependent variable (missing cognitive scores) = 1 for
observations with missing values on at least one cognitive test score; and = 0 for observations with
non-missing values on all four cognitive test scores
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Table 6. Descriptive Statistics

Number of

Variable observation Mean Std Dev
Outcome variables
Profit in the past 12 months (in 10,000 of Rupiah) 5,356 1177.71 2938.13
Total value of business (in 10,000 of Rupiah) 5,075 2240.66 8789.96
Number of employees 5,454 1.50 9.89
Entrepreneur characteristics
Math score (standardized) 5,454 -0.12 0.98
Raven'’s score (standardized) 5,454 -0.13 0.99
Height (cm) 5,454 157.18 8.46
Age (years) 5,454 40.89 12.22
Education attainment (years) 5,454 10.57 5.95
Male (Yes = 1) 5,454 0.53 0.50
Ethnic Javanese (Yes = 1) 5,454 0.45 0.50
Household characteristics
Dependency ratio 5,454 67.04 67.60
Household size 5,454 5.28 2.45
Male-headed household (Yes = 1) 5,454 0.87 0.34
Urban (Yes = 1) 5,454 0.64 0.48
Community characteristics — district level
Proportion of households with access to grid electricity 5,454 0.96 0.07
Proportion of villages with factory or cottage industry 5,454 0.63 0.39
Proportion of villages where a formal financial institution provides business loan 5,454 0.36 0.15
Number of non-farm household enterprises 5,454 64.14 44.50
Business characteristics
Sector mainly requiring brawn (Yes = 1) 5,454 0.04 0.19
Sector mainly requiring brain (Yes = 1) 5,454 0.37 0.48
Sector mainly requiring social skills (Yes = 1) 5,454 0.59 0.49

Notes: descriptive statistics is based on observations with non-missing values of all four cognitive test scores
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Table 7. Mathematics Score and Non-Farm Business Performance

. I.n . l.n In l.n In I.n In I.n
In (profit) (b\lljsllLrjlg)ss In (profit) (b\l;I;IS:)SS (profit) (b\L/J;lSs)ss (profit) (b\l;lsllL:l:)SS (profit) (b\lj;IISee)ss
1) 2) (3) (4) (5) (6) (7) (8) (9) (10)

Math test score (standardized) 0.105*** 0.271%** 0.029 -0.008 0.036 -0.003 0.033 -0.005 0.031 -0.007

(0.023) (0.035) (0.024) (0.038) (0.023) (0.036) (0.023) (0.036) (0.023) (0.036)

Education attainment (years) 0.038*** 0.114***  (0.034*** 0.101***  0.032*** 0.104***  (0.031*** 0.102***

(0.004) (0.006) (0.004) (0.006) (0.004) (0.006) (0.004) (0.006)

Age (years) 0.140*** 0.133***  0.136*** 0.129***  0.135*** 0.129***

(0.0112) (0.017) (0.0112) (0.017) (0.0112) (0.017)

Age square -0.001***  -0.001*** -0.001***  -0.001*** -0.001**  -0.001***

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

Height (cm) 0.014*** 0.029***  0.014*** 0.028***  0.013*** 0.029***

(0.004) (0.005) (0.004) (0.005) (0.004) (0.005)

Male (Yes=1) 0.514*** 0.810***  0.489*** 0.782**  0.498*** 0.781***

(0.058) (0.089) (0.059) (0.091) (0.059) (0.091)

Ethnic Javanese (Yes=1) -0.083 -0.198** -0.095 -0.200** -0.094 -0.144

(0.059) (0.091) (0.060) (0.092) (0.062) (0.095)

Dependency ratio -0.000 -0.002*** -0.000 -0.002***

(0.000) (0.000) (0.000) (0.000)

Household size 0.015 0.036*** 0.014 0.035**

(0.009) (0.014) (0.009) (0.014)

Male-headed household (Yes=1) 0.187*** 0.142  0.183*** 0.134

(0.067) (0.103) (0.067) (0.103)

Urban (Yes=1) 0.135*** -0.086 0.100** -0.056

(0.047) (0.071) (0.049) (0.074)

Proportion o_f househo_lds with 0521 -0.214
access to grid electricity

(0.343) (0.533)

Proportion _of villages with factories 0,224+ 0.023

or cottage industry
(0.060) (0.094)
Number of non-farm household -0.001** -0.002%*

businesses at district
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(0.001) (0.001)

Constant 15.243**  14.472**  14.510**  12.672**  9.324*** 5.337**  9.270*** 5.269***  8.848*** 5.534***
(0.022) (0.035) (0.118) (0.176) (0.586) (0.895) (0.589) (0.907) (0.660) (0.985)
Survey year fixed effects N N Y Y Y Y Y Y Y Y
Province fixed effects N N Y Y Y Y Y Y Y Y
Number of observations 5,356 5,075 5,356 5,075 5,356 5,075 5,356 5,075 5,356 5,075
R-squared 0.004 0.012 0.054 0.090 0.133 0.164 0.137 0.167 0.140 0.169

Notes: *** 1% significance, ** 5% significance, * 10% significance; robust standard errors clustered at individual level in parentheses; specifications are estimated
using OLS
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Table 8. Cognitive Skills and Non-Farm Business Performance

In I_n In I_n In I_n
(profit) (b\‘j;l'gee)ss (profit) (b\‘j;l'gee)ss (profit) (b\‘/‘;'ﬂee)ss
@) @ ©) 4 ®) (6)
Math test score (standardized) 0.031 -0.007 0.021 -0.017
(0.023) (0.036) (0.024) (0.037)
Raven test score (standardized) 0.061** 0.052 0.057** 0.055
(0.025) (0.038) (0.026) (0.039)
All control variables included Y Y Y Y Y Y
Survey year fixed effects Y Y Y Y Y Y
Province fixed effects Y Y Y Y Y Y
Number of observations 5,356 5,075 5,356 5,075 5,356 5,075
R-squared 0.140 0.169 0.141 0.169 0.141 0.169

Notes: *** 1% significance, ** 5% significance, * 10% significance; robust standard errors clustered at individual level

in parentheses; specifications are estimated using OLS

Table 9. Cognitive Skills and Number of Employees

(1) (2) (3)

Math test score (standardized) -0.056 -0.069

(0.262) (0.276)

Raven test score (standardized) 0.051 0.066

(0.185) (0.202)

Sigma 13.333*** 13.333** 13.333***

All control variables included Y Y Y
Survey year fixed effects Y Y Y
Province fixed effects Y Y Y

Number of observations 5,454 5,454 5,454

Notes: *** 1% significance, ** 5% significance, * 10% significance; robust standard errors clustered at individual
level in parentheses; specifications are estimated using Tobit, left-censored at 0
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Table 10. Cognitive Skills and Non-Farm Business Performance, subsample by Sector

In (profit) In (business value)
(€] @ 3 4 ®) (6)
Panel A. Brawn Sector Subsample
Math test score (standardized) 0.047 0.040 0.006 0.006
(0.161) (0.160) (0.225) (0.225)
Raven test score (standardized) 0.123 0.121 -0.013 -0.014
(0.146) (0.145) (0.256) (0.256)
Number of observations 189 189 189 187 187 187
R-squared 0.348 0.350 0.351 0.303 0.303  0.303
Panel B. Brain Sector Subsample
Math test score (standardized) 0.080** 0.074* 0.006 -0.007
(0.037) (0.038) (0.057) (0.059)
Raven test score (standardized) 0.047 0.031 0.065 0.066
(0.039) (0.041) (0.060) (0.062)
Number of observations 1,990 1,990 1,990 1,885 1,885 1,885
R-squared 0.190 0.189 0.190 0.216 0.216  0.216
Panel C. Social Sector Subsample
Math test score (standardized) -0.000 -0.013 -0.017 -0.026
(0.030) (0.031) (0.048) (0.049)
Raven test score (standardized) 0.065** 0.068** 0.043 0.048
(0.033) (0.034) (0.050) (0.051)
Number of observations 3,177 3,177 3,177 3,003 3,003 3,003
R-squared 0.130 0.132 0.132 0.149 0.149  0.149

Notes: *** 1% significance, ** 5% significance, * 10% significance; all control variables, survey year fixed

effects, and province fixed effects are included; robust standard errors clustered at individual level in

parentheses; specifications are estimated using OLS

32



Table 11. Raven Score and Non-Farm Business Performance - Fixed effects

with self-selection in attrition

In
In (business
(profit) value)

Raven test score (standardized)

All control variables included
Survey year dummy included

Inverse Mills Ratio

Inverse Mills Ratio * survey year dummy

Number of observations

R-squared

0.102**  0.115*
(0.038)  (0.066)

Y Y
Y Y
0.313 0.469
-0.322 0.068
1,809 1,669
0.153 0.187

Notes: *** 1% significance, ** 5% significance, * 10% significance; robust standard
errors clustered at individual level in parentheses; specifications are estimated
using panel fixed effects, taking into account selective attrition, following Semykina
& Wooldridge (2010); excluded variables used in the selection equation:
proportion of villages where at least one financial institution is providing business

loans.
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Appendix Tables

Table Al. Mapping Occupation Sectors to Brawn, Brain, Social Sectors

Sector Category
Agriculture, forestry, fishery Brawn
Mining and quarrying Brawn
Electricity, gas, water Brain
Construction Brawn
Transportation and communication Brain
Finance, insurance, real estate Social
Restaurant, food sales Social
Industry: food processing Brain
Industry: clothing Brain
Industry: other Brain
Sales: non food Social
Services: government Brain
Services: teacher Brain
Services: professionals Brain
Services: transportation, tricycle, motorcycle taxi Brain
Services: other (tailor, hairdressing) Brain
Other Brain
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Table A2. Comparing Study Sample with Sample of All Entrepreneurs in IFLS 2007 & 2014

Variable Study Sample (Merging NT, EK) IFLS TK & EK dif'f\’(';ggce p"r’r?'e‘;i of
Entrepreneur characteristics
Math score (standardized) 5,454 -0.12 0.98 9,296 -0.02 0.95 -0.09 0.00
Raven’s score (standardized) 5,454 -0.13 0.99 9,296 0.09 0.83 -0.22 0.00
Height (cm) 5,454 157.18 8.46 9,296 157.31 8.59 -0.13 0.37
Age (years) 5,454 40.89 12.22 9,296 40.81 13.33 0.08 0.72
Education attainment (years) 5,454 10.57 5.95 9,296 9.37 5.72 1.20 0.00
Male (Yes = 1) 5,454 0.53 0.50 9,296 0.58 0.49 -0.05 0.00
Ethnic Javanese (Yes = 1) 5,454 0.45 0.50 9,296 0.43 0.50 0.02 0.02
Household characteristics
Dependency ratio 5,454 67.04 67.60 9,296 61.58 53.93 5.46 0.00
Household size 5,454 5.28 2.45 9,296 4.39 2.05 0.88 0.00
Male-headed household (Yes = 1) 5,454 0.87 0.34 9,296 0.89 0.32 -0.02 0.00
Urban (Yes = 1) 5,454 0.64 0.48 9,296 0.50 0.50 0.15 0.00
Business characteristics
Sector mainly requiring brawn (Yes = 1) 5,454 0.04 0.19 9,296 0.28 0.45 -0.25 0.00
Sector mainly requiring brain (Yes = 1) 5,454 0.37 0.48 9,296 0.26 0.44 0.12 0.00
5,454 0.59 0.49 9,296 0.44 0.50 0.15 0.00

Sector mainly requiring social skills (Yes = 1)
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Table A3. Raven Score and Non-Farm Business Performance

In

In

In

In

In

In (profit) (business In (profit) (business In (profit)  (business In (profit)  (business In (profit)  (business

value) value) value) value) value)
Raven test score (standardized) 0.133*** 0.353*** 0.062** 0.067* 0.067*+* 0.045 0.063** 0.051 0.061** 0.052
(0.023) (0.035) (0.025) (0.038) (0.025) (0.038) (0.025) (0.038) (0.025) (0.038)
Education attainment (years) 0.036*** 0.108*** 0.032%** 0.098**+* 0.030*** 0.100*** 0.029**+* 0.098***
(0.004) (0.007) (0.004) (0.006) (0.004) (0.006) (0.004) (0.006)
Age (years) 0.142%+* 0.134**+* 0.138**+* 0.130*+* 0.137*+* 0.131*+*
(0.011) (0.017) (0.011) (0.017) (0.011) (0.017)
Age square -0.001*** -0.001*** -0.001*** -0.001*** -0.001*** -0.001***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Height (cm) 0.014#** 0.028*** 0.013#*** 0.028*** 0.013#*** 0.028***
(0.004) (0.005) (0.004) (0.005) (0.004) (0.005)
Male (Yes=1) 0.507*+* 0.808*** 0.483*+* 0.779*+* 0.492%** 0.778*+*
(0.058) (0.089) (0.059) (0.091) (0.059) (0.091)
Ethnic Javanese (Yes=1) -0.082 -0.198** -0.094 -0.199** -0.092 -0.144
(0.059) (0.091) (0.060) (0.092) (0.062) (0.095)
Dependency ratio -0.000 -0.002*** -0.000 -0.002***
(0.000) (0.000) (0.000) (0.000)
Household size 0.015 0.036*** 0.014 0.035**
(0.009) (0.014) (0.009) (0.014)
Male-headed household (Yes=1) 0.185*** 0.141 0.180*** 0.134
(0.067) (0.103) (0.067) (0.103)
Urban (Yes=1) 0.132%+* -0.091 0.098** -0.061
(0.047) (0.070) (0.049) (0.074)
gl'rizp;gi:()tﬂcci)tfyhouseholds with access to 0.508 20.225
(0.345) (0.533)
E(;?tggr:(i)nndﬁfs ;/rlyllages with factories or 0,224 0.019
(0.060) (0.094)
Number of non-farm household -0.001** -0.002%*

businesses at district
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(0.001) (0.001)

Constant 15.249*** 14.485*** 14.526** 12.716*** 9.327*** 5.378*** 9.278*** 5.317*** 8.867*** 5.596***
(0.022) (0.035) (0.118) (0.176) (0.584) (0.893) (0.587) (0.905) (0.659) (0.984)
Survey year fixed effects N N Y Y Y Y Y Y Y Y
Province fixed effects N N Y Y Y Y Y Y Y Y
Number of observations 5,356 5,075 5,356 5,075 5,356 5,075 5,356 5,075 5,356 5,075
R-squared 0.007 0.021 0.054 0.091 0.134 0.164 0.138 0.168 0.141 0.169

Notes: *** 1% significance, ** 5% significance, * 10% significance; robust standard errors clustered at individual level in parentheses; specifications are estimated using OLS
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Table A4. Cognitive Skills and Non-Farm Business Performance

In

In

In

In

In

In (profit) (business In (profit) (business In (profit) (business In (profit) (business In (profit) (business
value) value) value) value) value)
@ @ 3 @) ®) ®) @ ® © (19)
Math test score (standardized) 0.062** 0.159%** 0.015 -0.024 0.024 -0.012 0.022 -0.014 0.021 -0.017
(0.024) (0.038) (0.025) (0.039) (0.024) (0.037) (0.024) (0.037) (0.024) (0.037)
Raven test score (standardized) 0.109%*** 0.293*** 0.059** 0.073* 0.062** 0.047 0.059** 0.054 0.057** 0.055
(0.025) (0.038) (0.026) (0.040) (0.026) (0.039) (0.026) (0.039) (0.026) (0.039)
Education attainment (years) 0.035*** 0.109%*** 0.031*** 0.099%** 0.029%** 0.1071%** 0.028*** 0.099%**
(0.004) (0.007) (0.004) (0.007) (0.004) (0.007) (0.004) (0.007)
Age (years) 0.142%* 0.134%** 0.137%** 0.131%** 0.137*** 0.131%**
(0.011) (0.017) (0.011) (0.017) (0.011) (0.017)
Age square -0.001*** -0.001%** -0.001%** -0.001%** -0.001%** -0.001***
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
Height (cm) 0.014%** 0.028*** 0.013*** 0.028*** 0.013*** 0.028***
(0.004) (0.005) (0.004) (0.005) (0.004) (0.005)
Male (Yes=1) 0.509*** 0.807*** 0.485** 0.778** 0.494*** 0.777%*
(0.058) (0.089) (0.059) (0.091) (0.059) (0.091)
Ethnic Javanese (Yes=1) -0.083 -0.197** -0.095 -0.198** -0.093 -0.143
(0.059) (0.091) (0.060) (0.092) (0.062) (0.095)
Dependency ratio -0.000 -0.002*** -0.000 -0.002***
(0.000) (0.000) (0.000) (0.000)
Household size 0.015 0.036*** 0.014 0.035**
(0.009) (0.014) (0.009) (0.014)
Male-headed household (Yes=1) 0.186*** 0.141 0.187*** 0.134
(0.067) (0.103) (0.067) (0.103)
Urban (Yes=1) 0.130*** -0.091 0.097** -0.060
(0.047) (0.071) (0.049) (0.074)
Proportion of households with access to 0.509 0.226
grid electricity
(0.344) (0.534)
Ec;(t)tgggl?nndﬁl; :/rgllages with factories or 0,29k 0.019
(0.060) (0.094)
Number of non—_farr_n household -0.001%* -0.002%*
businesses at district
(0.001) (0.001)
Constant 15.253*** 14.496%** 14.534* 12.703*** 9.362%** 5.362%* 9.308*** 5.299%** 8.896*** 5.576%**
(0.022) (0.035) (0.119) (0.177) (0.585) (0.894) (0.589) (0.906) (0.660) (0.985)
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Survey year fixed effects N N Y Y Y Y Y Y

Y Y
Province fixed effects N N Y Y Y Y Y Y Y Y
Number of observations 5,356 5,075 5,356 5,075 5,356 5,075 5,356 5,075 5,356 5,075
R-squared 0.008 0.025 0.055 0.091 0.134 0.164 0.138 0.168 0.141 0.169

Notes: *** 1% significance, ** 5% significance, * 10% significance; robust standard errors clustered at individual level in parentheses; specifications are estimated using OLS
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