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Abstract

The paper assesses how cognitive abilities and education affect the performance

of individual investors in the stock market. We use an exhaustive NASDAQ Tallinn

dataset covering two bull markets and one bear market. We show that stronger

mathematical and overall academic abilities are associated with more profitable

investments and relative outperformance, after trading style, income, experience

and a variety of educational characteristics are controlled for. However, the effects

are not always linear or monotonic. A similar positive effect on performance is

produced by higher education or specialisation in certain subjects. None of these

factors is able to explain the performance of investors during bear markets, and

none is a substitute for experience. Investors with strong academic abilities tend to

have moderate trading frequency and performance seems to be affected more by the

ability to find good trades than by the use of any particular trading strategies.
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1. Introduction

How to outperform in the stock market is an extremely difficult question to answer.

Performance can be impacted by timing, the choice of securities, and the selection of

asset classes, while higher intelligence (Grinblatt et al., 2012; Corgnet et al., 2018) and a

certain type of education (Gottesman and Morey, 2006) can help an investor succeed in

the investment world. Trading too much (Barber and Odean, 2001) or being susceptible

to certain behavioural biases (Goulart et al., 2015) can have a detrimental effect on

outcomes though. The more complexity the task involves, the more important cognitive

abilities become (Heckman and Kautz, 2012).

Intelligence has various different components, and stronger cognitive abilities in

certain areas can affect investment decisions and success more than abilities in others.

Academic tests are designed to capture knowledge and cognitive abilities in certain areas

and the scores have high correlation with the metrics of overall intelligence1. Which of

these cognitive abilities are the most beneficial remains an unanswered question in the

finance literature, and this raises the question of whether it is possible to improve the

odds consciously by choosing a particular educational path. Furthermore, if academic

abilities and education improve performance, how do such factors affect trading activity?

We focus on the cognitive abilities of investors to investigate how different academic

abilities affect stock market performance, and we contribute to the literature by providing

further details from an academic setting. Although there is a large volume of literature

on financial literacy2, the literature on the effect of intelligence and cognitive abilities

on performance is still scarce because of problems with data availability3. We also look

at the educational paths of investors to see which abilities or combination of abilities,

1See Appendix A for an overview of the literature on the components of intelligence and the correla-

tions of the components.
2See e.g. Campbell (2006); Van Rooij et al. (2011); Clark et al. (2017).
3For example Grinblatt et al. (2012, 2015) use a Finnish data set that includes IQ scores and Corgnet

et al. (2018) use Raven scores in an experimental setting.
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knowledge or skills turn out to be beneficial for earning higher returns. Though some

disputed evidence has been found, Clark et al. (2017) indicate that little is yet known

about whether more financially knowledgeable people also earn higher returns, whereas

Anderson (2013) and Kempf et al. (2019) report that financial expertise or experience

matters. Our dataset lets us look into that connection more deeply.

Investors tend to under-perform the market (Barber and Odean, 2000) as competi-

tion in financial markets is fierce. It only takes a slight error or delay to turn a profitable

investment ideas into a loss, while a small advantage can lead to better performance.

Stock market investors tend to be clearly more educated and academically capable than

non-investors (Vaarmets et al., 2019), and so we hypothesise that a comparative advan-

tage in certain cognitive abilities can play an even greater role than the absolute level

of either abilities or knowledge in those areas. To investigate such effects, we compare

groups of individual investors with each other.

We contribute to the literature in various ways. Our data set lets us measure

cognitive abilities in different areas such as maths or languages, and we can study both

men and women4. As academic abilities are a component of intelligence, we contribute

to the strand of literature concerning cognitive abilities and intelligence (Christelis et al.,

2010; Grinblatt et al., 2011, 2012, 2015; Corgnet et al., 2018).

Further, we are able to access extremely detailed educational data for all investors

under the age of 35 in a particular market and provide new insights about the effect of

education for the strand of literature on how education affects investment performance

and household well-being (Cole et al., 2014, 2016; Black et al., 2018).

We also contribute to the strand of literature that studies the importance of the

investor experience (see e.g. Feng and Seasholes, 2005; Da Costa Jr et al., 2013; Kempf

et al., 2019) and learning by doing (see a survey by Thompson, 2010) in the financial

4Some samples, like that of Grinblatt et al. (2012), contain only men, but earlier literature has shown

that women are likely to outperform men (Barber and Odean, 2001).
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markets with further insights into different phases of the economic cycle.

We document relative performance and are able to identify the non-linear and

non-monotonic effects of certain cognitive abilities on performance. Further, we are able

to extend earlier studies by distinguishing between bull and bear markets, as there seem

to be notable differences between them.

Our results show that investors with higher academic abilities tend to be among

the best performers. This raises an important question of whether investors with higher

academic abilities are able to find larger numbers of profitable investment opportunities.

If that is the case, smarter investors should be more willing to trade. Equally it could

be that smarter investors prefer to refrain from excessive trading as that generally hurts

the performance of investors (Barber and Odean, 2001). Thus, we also contribute to the

strand of literature on trading characteristics5.

Our dataset comprises complete detailed transaction records from 2004 to 2012

for the NASDAQ Tallinn together with data from the Estonian Ministry of Education

and Science, the Estonian Tax Board, and the Estonian 2011 Census. The education

data contain information on individuals’ high school grades, exam results, university de-

grees and subjects studied. Our dataset allows us to measure academic abilities before

investors enter the stock market6, and to observe their subsequent performance in the

stock market. Altogether we have detailed educational data, including exam results, for

over 10 thousand individual investors and as a control group for about 200 thousand

individuals from the same cohorts who do not have any direct investments in the NAS-

DAQ Tallinn stock exchange. We use data from a full business cycle to avoid biases

that could arise from the use of only either bull market or bear market periods, as these

affect investors’ perceptions, trading and risk-taking behaviour (Hoffmann et al., 2013).

5Previous work concerning individual and institutional investor trading behaviour includes e.g. Grin-

blatt and Keloharju (2001b); Barber and Odean (2007, 2013)
6This measurement occurs at the age of 17 or 18 before investors can legally start making their own

investment decisions.
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We find that better mathematical abilities, overall higher academic abilities and

a particular educational background increase the probability of a given investor being

among the most profitable. However, it seems that after crossing a certain high thresh-

old the effect of higher abilities either disappears or even reverses. Having a stronger

academic toolset does not help more intelligent investors to beat others during a bear

market, but it does increase the probability that they will make sound buying decisions

during that period, allowing them to realise profits during a subsequent bull market.

Academically stronger investors tend to have moderate trading frequency and seem to

be able to find a limited number of profitable trades with irregular frequency. This

puts their total number of trades somewhere in between those of the lowest and highest

frequency traders.

The remainder of the paper is organised as follows. Section 2 reviews the earlier

literature, and we present our data in more detail in Section 3. We present the findings

in Section 4 and generalise and discuss the findings in Section 5. The final Section 6

concludes.

2. Current state of the research

An important part of the literature on household finance7 studies the effects of investor

sophistication8 and focuses on investment decisions, investment behaviour and stock

7See e.g. Campbell (2006); Grinblatt et al. (2011); Guiso and Jappelli (2005); Lusardi and Mitchell

(2014); Van Rooij et al. (2011).
8Non-cognitive abilities (Smith et al., 2010) and genetics (Barnea et al., 2010) have been shown to

affect stock market participation and performance. Barnea et al. (2010) show that the family environ-

ment has a significant effect on the investment behaviour of young individuals and that this effect then

disappears when an individual gains experience for themselves. This is consistent with the view that

our social life impacts our stock market participation, as Kaustia and Torstila (2011) for example show

that a person’s political views can affect their stock market participation. This may be because learning

from friends and neighbours reduces fixed participation costs, as was emphasised by Hong et al. (2004).
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market participation. Previous findings about stock market performance have shown

that investors do not benefit from frequent trading (Barber and Odean, 1999, 2000;

Chen et al., 2007) and that women outperform men because they hold stocks for longer

and trade less (Barber and Odean, 2001). However, it is not obvious where the boundary

lies between more trades being made because of experience (Feng and Seasholes, 2005;

Nicolosi et al., 2009), which benefits the investor, and increased trading because of

overconfidence (Barber and Odean, 2001; Grinblatt and Keloharju, 2009), which hurts

the investor.

Kempf et al. (2019) recognise experience as one of the most important factors in the

skillset of mutual fund managers. Kumar (2009) finds that investors with lower incomes

and a lower level of education tend to choose stocks in a lottery fashion and gamble in

the stock market, and this yields below-average portfolio performance. Inexperienced

fund managers diversify their portfolios less than experienced managers do, which does

not benefit their investors at all stages of the cycle (Greenwood and Nagel, 2009), while

experience affects trading decisions (Feng and Seasholes, 2005). Holding undiversified

stock portfolios affects the financial well-being of individuals as well (Calvet et al., 2007,

2009).

Hoffmann et al. (2013) note that the market cycle affects the perceptions, trading

and risk-taking behaviour of investors. Chen et al. (2007) identify differences in invest-

ment behaviour and performance between bull and bear market periods. Bucher-Koenen

and Ziegelmeyer (2014) find that individuals with limited financial knowledge are more

likely to suffer losses during downturns in the market.

There is also evidence that more sophisticated institutional investors with a larger

portfolio do better in the stock market than individual investors with a small portfo-

lio (Barber and Odean, 2013; Coval and Shumway, 2005). Sophisticated institutional

foreign investors tend to hold winners and sell losers, while less sophisticated domestic

households tend to do the opposite and let past returns and historical price patterns
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affect trading (Grinblatt and Keloharju, 2001b). Anderson (2013) find that stake size

matters and high-stake investors perform less successfully than the average.

Gottesman and Morey (2006) show that fund managers who hold MBAs from the

top 30 business schools exhibit superior performance to that of managers with MBAs

from unranked courses. They further conclude that other education variables, such as

whether the manager has attained a CFA designation or holds a Master’s degree or

Ph.D., are generally unrelated to the fund performance. Even day-to-day knowledge

of financial markets does not seem to improve the investment decisions of mutual fund

managers in their private portfolios (Bodnaruk and Simonov, 2015).

On the other hand, a number of authors have demonstrated the importance of

education. Nguyen and Schuessler (2012) state that a higher level of education reduces

behavioural biases such as self-attribution bias, anchoring bias and representativeness,

while Guiso et al. (2003) show that stock market participation is strongly correlated

with the investor’s wealth and level of education. Bernheim and Garrett (2003) con-

clude that financial education at work significantly increases the probability of a person

having savings in general, and that households who were exposed to financial courses at

school have higher savings rates than those who were not. Guiso and Jappelli (2005) pro-

vide evidence that financial awareness is positively correlated with education, household

resources, long-term bank relations and proxies for social interaction.

Overall, the educational environment where prospective investors spend a lot of

time is an important factor that influences investment decisions and the choice of whether

to participate in the stock market. However, there have been mixed results for the causal

impact of financial education on improvements in financial decisions (Mandell, 2008).

Cole et al. (2015) show that financial education at school has little effect, but that the

additional mathematics teaching associated with such education is beneficial. However,

Clark et al. (2017) find that having some financial knowledge does help people to invest

more profitably.
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While previous researchers have used an indirect measure of sophistication, Grin-

blatt et al. (2012) show that IQ really does influence trading behaviour and portfolio

performance. Investors with a higher IQ have better stock-picking skills and market

timing, yielding better performance overall. Corgnet et al. (2018) provide evidence that

fluid intelligence, cognitive reflection, and theory of mind influence trader performance

in laboratory experiments.

We contribute to the earlier literature by showing what types of academic ability

and education, including the type and level of education, can contribute to stock mar-

ket performance in terms of risk-adjusted returns, and how such factors affect trading

activity.

3. Data

The paper combines four different datasets. The stock market data are provided by

NASDAQ Tallinn and contain detailed information about all transactions by all mar-

ket participants for 2004–2012. The period covers a full business cycle and consists of

transactions with a total of 23 listed companies (see the descriptive statistics in Table

1 and the illustration of the development of the market index in Figure 1). NASDAQ

Tallinn is relatively a very small exchange, which means that there are some liquidity

constraints on active trading. The data include information about the age, gender and

domicile (domestic or foreign) of every investor, and make it possible to calculate the

portfolio size of each investor and their stock allocations within the portfolio, their trad-

ing activity, their experience of the market or of making trades, the average time that

they hold stocks for, the number of transactions they make, and the size of their average

transaction, among various other metrics.

The second dataset comes from the Estonian Ministry of Education and Science

and lets us identify the level of education of investors as secondary school, bachelor,
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master or doctor level, and their subject background9. The dataset also contains high

school grades and the national high school graduation exam results for each individual

investor. These exams are identical for everyone leaving school and as the exams are

used for admission to university, the level of difficulty is aimed to be the same over the

years.

Altogether our data set covers 221,774 unique individuals, which is 16.7% of the

population of Estonia in 2012. Detailed educational data are essentially available for

a cohort of all the individuals in Estonia who have taken the compulsory standardised

exams at the end of high school since those tests were established. We use the data set

of over 220 thousand individuals to correct for any selection bias that can arise from the

differences between investors and non-investors in the market studied (Vaarmets et al.,

2019).

Detailed academic background data allow us to draw conclusions about the aca-

demic abilities of investors, as these have been found to correlate with intelligence

scores10. We use income tax information from the Estonian Tax Board and data from

the Estonian Census of 2011 mainly for control variables. Additional characteristics and

possible restrictions of the data set are discussed in Appendix B.

The total number of discrete investors who have made at least one purchase trade

during our sample period is 33,843, of whom 27,859 are individual investors. From

among those investors, we are able to get official educational characteristics for 10,555,

and these form our main sample for cross sectional analysis. From those 10,555 investors,

the income related control variable is available for 4,283 individuals (see Table 1 and

Figure 2 for illustrations of the sample). The income related variable may be missing

because some of the young investors are still at school and thus do not have any social

taxes related to income to report. For the panel data analyses we can get a total of 35,904

9E.g. mathematics, statistics, economics, medicine, law, information technology, public administra-

tion, chemistry, physics or psychology.
10See Appendix A for more details.
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investor-year observations for investors whose educational characteristics are available.

Although we start with the stock market data for the whole population, we can only

access educational data for those investors whose data are in the educational register,

which reduces the sample to about one third of all the investors. As national state

exams and the educational register did not exist before 1997, our sample of investors

is quite young, with the majority in the 25 to 35 age bracket. The average age of the

investors in our sample is 32.6, which is because the national exams are taken at the age

of around 18 and the educational register was started in 1997. However, the sample is

in line with the overall market as the average Estonian investor is also relatively young

(see Talpsepp, 2010, for further details about the market), reflecting the short history

of Estonian capital markets. The generalisation of our results is improved by knowing

the exam results for the whole cohort of individuals who have taken the exams over a

relatively long 16–year period from 1997 to 2012, because this means we can control for

possible selection bias in our sample of investors.

Altogether, we have 6,851 investors with at least one exam result in our sample.

As mother tongue, English and mathematics exams are effectively compulsory exams11,

they have been taken by the largest number of students. Almost two thirds of the

individuals in our sample had completed higher education by 201212. The number of

investors with a master’s or doctoral degree is about 9% of those with higher education.

A further 1521 investors have completed vocational training, and 2244 investors, or 21%

of the total sample, have only finished high school.

[insert Table 1 about here]

[insert Figure 1 about here]

11Mother tongue, English and mathematics are required for admission to most study programmes at

Estonian universities.
12This compares to 34% for the whole population according to the 2011 Census, meaning that investors

tend to be significantly better educated than the average person within the same age bracket.
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[insert Figure 2 about here]

The proportion of male and female investors, their trading frequency, and their

relative portfolio diversification in the NASDAQ Tallinn are quite similar to what is seen

for typical investors in developed markets like those in the USA (Barber and Odean,

2001) or Finland (Grinblatt and Keloharju, 2001b). Male investors make up 73.7% of

our sample, which is similar to the 78.7% in the sample used by Barber and Odean

(2001).

The most popular university subject for investors is social sciences, which is again

close to the sample of Christiansen et al. (2008). About 40% of the investors in our total

sample have a degree in economics and 28% have one in business. The third largest group

is the 11% of investors with a degree in information technology. A smaller number of

investors have graduated from other subjects.

4. Analysis

4.1 Academic abilities and intelligence

Grinblatt et al. (2012) show that higher IQ has a positive effect on the stock market

performance of investors, while Corgnet et al. (2018) highlight the importance of fluid

intelligence. Our dataset allows us to study certain components of IQ that are measured

in the academic setting. According to the theory of Cattell-Horn-Carrol on the structure

of human cognitive abilities (see Appendix A for more details), the results of exams can

be most strongly associated with the following components of intelligence: crystallised

intelligence, which is measured by all exams; quantitative knowledge, which is measured

by maths exams; reading and writing, which are measured by mother tongue or other

language exams; short-term memory; long-term retrieval; and, to a certain extent, fluid

intelligence and processing speed. Given the complexity of adequate measuring and the
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possible errors of measurement, we do not draw firm conclusions about the underlying

components of intelligence and regard the exam results in our dataset as a proxy for

academic abilities and concentrate mostly on maths and language abilities.

The dataset also allows us to study combinations of certain academic abilities, such

as high maths skills alone compared to high maths skills together with language skills.

Results from previous papers (e.g. Cole et al., 2015) also emphasise the importance of

maths abilities but not much is said in the finance literature about the effect of the

combination of certain skills. Fluid intelligence covers both inductive and deductive

reasoning abilities, which can in turn include abilities in numerical, verbal, spacial and

other reasoning. Thus it becomes plausible that the combined effect of academic abilities

can be further regarded as a proxy for certain components of intelligence, such as fluid

intelligence, that cannot be proxied by single academic exam scores, and that possessing

such combined abilities can be beneficial in the investment setting.

4.2 Measurement of performance

We measure the performance of individual investors in a number of ways. We calculate

the portfolio return as the annual money-weighted13 returns for each investor. As a

robustness check14 we also calculate time-weighted returns, but the choice of return

calculation methodology does not change the results of the subsequent analysis. When

13GIPS standards require investment funds to measure performance using time-weighted returns. As

we have information only about the domestic investments of individuals, this might not be the best

approach because some may have decided to allocate part of their portfolio to other asset classes such

as real estate as well. As we only have detailed information about domestic stock market investments,

we use money-weighted returns instead. That takes account of the possible effects from directing a part

of the funds to other asset classes, including keeping it in cash, at times when individuals prefer not to

keep their investments in domestic stock.
14There are also cases where the algorithms for calculating money-weighted returns do not converge for

certain portfolios and then we calculate the time-weighted returns and compare them to money-weighted

returns to verify the appropriateness of the returns calculated.
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we calculate the return of the portfolio that is constructed by pooling investors together

for a certain characteristic, we use time-weighted returns.

We adjust the returns with risk to make performance comparable across investors,

and we do this with two different measures, the Risk-Adjusted Performance15 (RAP)

of Modigliani and Modigliani (1997) and the Sharpe ratio of Sharpe (1966). We also

calculate alphas from the Fama–French three factor model (Fama and French, 1993) and

from the model of Jensen (1968) (we use the latter only for a robustness check). We

mainly present the results of the RAP model, in which the basic idea is to use the market

opportunity cost of risk, or the trade-off between risk and return, to adjust all portfolios

to the level of risk in the unmanaged market benchmark. RAP ranks portfolios the same

way as the Sharpe ratio does, and the choice of risk-adjusted performance metric does

not change the results.

4.3 Linear effects of academic abilities and education

The performance metric (RAP) has leptokurtic distribution and positive skewness (see

Figure 3). At the same time, exam results have negative skewness. This can be explained

by noting that investors in the stock market are clearly smarter than otherwise similar

non-investors as shown by Vaarmets et al. (2019). To identify whether academic abilities

affect performance, we start by running OLS regressions16 with RAP as the dependent

variable. Our focus is on how educational variables affect performance and we introduce

a number of control variables for demographics, income, experience, trading style and so

forth17. Analysis shows (see Table 2 for results) that higher scores in maths or English

exams have a statistically significant positive effect on performance. There is a positive

15We use the German government bond yield and add the Estonian country risk premium for the risk

free rate.
16Similar results are obtained by using the Mincer equation (Mincer, 1958) and substituting wages for

risk-adjusted investment returns.
17The choice of control variables is based on the earlier literature (Dhar and Zhu, 2006; Grinblatt and

Keloharju, 2000; Grinblatt et al., 2012; Ivković et al., 2008; Talpsepp, 2011).
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correlation between RAP and other exam results as well but it does not turn out to be

statistically significant when various control variables are included in the regressions.

[insert Figure 3 about here]

[insert Table 2 about here]

However, the relationship between performance and academic abilities might be

neither monotonic nor linear. As the stock market is extremely competitive, high returns

might be available only to a small proportion of investors who just outperform the

rest, which could explain the tendency of individual investors to under-perform the

market on average (see e.g. Barber and Odean, 2000). Thus we are interested in relative

performance as well. We pool investors into groups by their academic results, for which

we divide investors into quartiles or deciles, by the type of education, and by their field

of studies to examine the relative performance of their portfolios. We group data on

university degree types into different categories18 by the names of university courses.

We present the distribution of annual money-weighted returns by investor type in

Figure 4. The median risk adjusted return for all investors after transaction costs is very

close to zero19 at 0.1%, and only about the top 25% of investors are able to outperform

the market20. The maths wizards in the 75th percentile for their performance made

about 16.3% annually for example, while the low performers in maths made 10.3%.

Investors with low maths skills tend to be more negatively affected by transaction costs

than investors with high maths skills21. Investors with a master’s or a higher degree have

the smallest variability of returns (see Figure 4) among different investor groups and the

18Given the large number of such courses, this approach can yield slight misclassifications but we are

definitely able to distinguish between different subject areas.
19Transaction costs affect the returns by 1-3% annually. The higher the returns are, the bigger the

impact of transaction costs is.
20The market index (NASDAQ Tallinn) had an annual average return of 11.05% in 2004-2012.
21The negative effect of transaction costs is about one percentage point higher for the investors in the

group of lowest quartile maths abilities than for those in the highest quartile, except for the investors

with the highest returns, where the effect reverses.
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worst performing investors in that group clearly do better than the worst investors in

other groups.

[insert Figure 4 about here]

4.4 Pooled portfolio returns by investor type

We construct portfolios by investor type to see whether academic abilities affect per-

formance. We present the results of the cumulative returns for the portfolios formed

by grouping investors by exam results into quartiles (see Figure 5) and deciles (see Ap-

pendix C). We see that cumulative returns for investors in the top quartile for the mother

tongue, English and maths exams outperform investors in lower quartiles. The only ex-

ception is the physics exam, which we will explain later. We also calculate the average

annual returns and Sharpe ratios for the constructed portfolios (see results in Table 3).

[insert Figure 5 about here]

[insert Table 3 about here]

As the results show, there is a clear difference between the returns of the portfolios

in the bottom quartile or decile and those in the top quartile or decile, while the difference

in the volatility of returns is negligible in most cases. This results in clearly higher Sharpe

ratios for the portfolios of smarter investors. We also use a strategy where we go long

in the pooled portfolio of top quartile or decile of investors and at the same time go

short with the pooled portfolio of the bottom quartile or decile of investors. This kind

of strategy works well with portfolios formed from the results of language skills and does

not work that well with the portfolio constructed from the results of the maths exam

because the return of the bottom quartile or decile group is clearly higher for those

taking the maths exam than for those taking language exams.

We also run the Fama–French three factor model for pooled portfolios (see Table
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3, panel C). We use both local and global risk factors22 but the results do not provide

many insights as investors tend to use very different investment styles and approaches,

as confirmed by our other results. Basically in all cases, the risk loadings obtained are

not statistically significant except for market factor, which tends to be higher for the

portfolios of the investor groups who earn higher returns. As our general results already

implied with a median return near zero and about 2/3 of investors underperforming the

index, none of the groups is able to show statistically significant positive alpha.

4.5 The effect of academic abilities and education on relative per-

formance

4.5.1. Model setup

The subsequent analysis of the determinants of portfolio performance uses various prob-

ability models, including logit, ordered logit, panel ordered logit, and an ordered probit

model with sample selection. We use risk adjusted performance (RAP) as a dependent

variable in the models presented and divide investors by their performance into quartiles

or into deciles, which sets up an ordinal scale. We use a discrete dependent variable for

two reasons. The performance measurement methodology introduces large variability for

the continuous performance measure, especially in the right tail, which would otherwise

be regarded as a set of outliers. The second reason is that we are mainly interested in

how different factors affect relative performance between particular investor groups.

Ordered logistic models have been used in investment performance analysis by

De Clercq and Dimov (2008) or in other similar cases where ordinal scales are used

(Coval and Shumway, 2001; Graham et al., 2009; Nielsen, 2007). We also use the binary

logit model to study the effect of educational and other characteristics on different per-

22Local risk factors are calculated from NASDAQ Tallinn stock returns and global risk factors

are obtained from Kenneth French’s website: https://mba.tuck.dartmouth.edu/pages/faculty/ken.

french/data_library.html.
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formance groups separately23 and to confirm the results of the ordered logit and probit

models. Both ordered and the binary logit models are also used for panel data analysis.

We run the model with risk adjusted performance groups as the dependent variable

and different educational factors as independent variables to test our hypotheses. We

use a random effects ordered panel logit model and a cross section ordered logit model.

To correct for possible selection bias, we also use an ordered probit model with sample

selection. We study the effects of the educational variables separately, using control

variables, and we combine the relevant educational factors in multivariate models. We

report the results of the most relevant factors.

4.5.2. Relative performance by exam results

We run ordered logit models with different setups (see Table 4), ordered probit with

sample selection (see Table 6) to correct for possible selection bias, and ordered logit

panel data regressions (see Appendix D) to check whether different academic abilities,

especially maths skills, affect stock market performance. The results indicate that it

is not always necessary for investors to be in the top decile to benefit from the biggest

positive effect of being among the most successful investors, but being in the top quartile

is highly beneficial. The effect is the opposite for academic performers in the lowest

quartile. Moreover, the negative effect of being a low performer tends to be stronger in

absolute terms than the positive effect of being a top performer.

[insert Table 4 about here]

[insert Table 5 about here]

23The ordered logit and probit models allow us to analyse the effect of independent variables at the

same time for all performance groups and so they are the preferred choice for ordinal scales as they

help to make clearer generalisations. The binary logit requires regressions to be run separately for each

performance group, and these can in turn reveal additional information about each group that might

not be revealed with an ordered logit methodology.
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[insert Table 6 about here]

The results (see Table 4) indicate that scores gained in mathematics exams have

the greatest impact on stock market performance, as the odds-ratio of 1.20 for the top

quartile shows a positive effect and the odds-ratio of 0.69 for the lowest quartile shows

a negative effect. Exams for the mother tongue, English, history, chemistry, physics and

geography have a similar effect, though the odds-ratios are slightly lower. When we

add different control variables to the models, only the effects for the mathematics and

English exams remain statistically significant in all cases. After the mandatory mother

tongue exam, those two exams are the ones taken most by students leaving school and

are usually required for university admission.

Our results show that highly intelligent students tend to have high scores in many

of the exams, so we construct a new variable called ”egghead” to reveal more information

about mental abilities. We use the variable to represent a student who has a top quartile

score for at least two different exams24. When correcting for possible selection bias (see

Table 6), the positive effect of higher maths skills and overall top academic performers,

or eggheads, remains clear.

We test the economic significance of the combined effect of mathematics and lan-

guage skills by separating the egghead subsample into three groups for individuals with

top quartile scores in 1) maths and real science exams; 2) humanities and languages ex-

ams; 3) both maths and humanities exams. Ordered logistic regressions and cumulative

returns of the groups show that eggheads with combined abilities in real sciences and

languages outperform eggheads who are talented only in languages or in real sciences

(see Appendix E).

24We also use more restrictive setups requiring students to have 3-4 top quartile exam results to gain

entry to the egghead group, or top quartile results from mathematics-related exams such as maths,

physics or chemistry together with top quartile language or humanities exam results. However, the

results of our analysis are not affected by the more restrictive criteria for the egghead classification.
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As a next step, we study two different sub-samples: the smaller egghead sub-

sample and the larger ordinary student sub-sample. The results are interesting, as in

the non-egghead sub-sample, only the mathematics exam is statistically significant with

high marginal effects but none of the other academic abilities seem to matter any more.

The same factors remain significant in the ordinary student sub-sample. From these

results, we conclude that abilities in mathematics matter the most but the biggest effect

is achieved when investors have good skills in languages or other humanities combined

with maths skills.

4.5.3. Relative performance by the level of education

The level of education serves as a proxy for higher cognitive abilities as well. The earlier

literature (Gottesman and Morey, 2006) shows that gaining an MBA from a top business

school is beneficial for fund managers, whereas degrees from other institutions do not

seem to make a significant difference. This naturally raises the question of whether the

same is true for individual investors, who form a more heterogeneous group than fund

managers.

The results (see Table 4) show that a higher degree from a university is generally

beneficial and the higher25 the degree, the better the chances of being among the top

investors with significant marginal effects (see Table 5). However, when we add income

to the control variables, the effect of a master’s or Ph.D. degree diminishes because of

the relatively high correlation between gaining a higher academic degree and having

higher income. When we use panel data (see Appendix D), the main difference is that

the effects of higher education become statistically weaker, meaning there could be other

factors that contribute to success as an investor. When selection bias is corrected for (see

Table 6), the effect of the level of educational factors becomes statistically not significant.

25We combine master’s degrees with doctoral degrees in the same category because there is a relatively

small number of investors with a Ph.D. degree.
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However, we conclude that being able to graduate from university at least once, which

shows a certain level of persistence in combination with a higher IQ, still helps an investor

to achieve somewhat better results in the stock market even if that is not necessarily the

effect of education per se but rather the general effect of the cognitive and non-cognitive

abilities that are associated with being able to graduate from a university.

4.5.4. Relative performance by the field of studies

Given the mixed results for the benefits of financial education (Mandell, 2008) and that

the additional mathematics training associated with certain subjects has been found

to have more effect (Cole et al., 2015), the question arises of whether other university

subjects related to mathematics can also have particular effects on performance. Chris-

tiansen et al. (2008) propose testing whether studying economics can also improve stock

market performance26.

We grouped data on university degree types into different categories, and our re-

sults (see Table 4) show that having a degree related to economics27 seems to be generally

good for stock market performance, but when we add an income related control vari-

able for a smaller sub-sample, the effect becomes statistically insignificant. In contrast,

the variable for a background in information technology is not affected by any other

controls in the various setups for regressions and shows a very clear positive effect on

performance.

Studies within mathematics, physics, law, medicine, or any other subject do not

26The largest proportion of stock market participants have an educational background in economics.

Assuming investors are rational, having a disproportionally large share of investors with a background in

economics, business or finance should indicate that the skills and knowledge learned from those studies

encourage stock market participation by leading to better performance. If such investors under-perform,

they should leave the market.
27This includes degrees in economics, finance and business administration, or combinations of those

subjects.
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seem to have any statistically significant effect on the probability of an investor being

among those who earn higher returns. Even being enrolled on a finance course does

not turn out to be significant in the models. Finance students are among the highest

risk takers, but they do not get fully compensated for the risks taken28. Such results

show that pure mathematicians do not do as well in the stock market as more broadly

equipped economics or information technology graduates.

The robustness of the effect of a degree in information technology is especially

clear. At the same time the variable associated with the degree in economics is not that

robust to some of the setups, probably because of its heterogeneous composition. The

field of study is an endogenous choice and can reflect either certain abilities perceived

by the individual or some unobservable characteristics. Thus, we study separately (see

Vaarmets, 2018) the educational choices of investors from high school to university and

find that investors with better exam results have the highest probability of continuing

their studies in IT or in subjects related to economics, indicating an effect related to their

general IQ. Thus, it is possible that subjects like IT and economics are significant in the

regressions because of the generally higher intelligence of those investors not captured

by academic results alone. We conduct a detailed review of the curricula of the most

popular economics, business and IT courses, and although the students of economics

and business are taught about the foundations of economics and financial markets, IT

students do not necessarily get any special teaching in those subjects at university.

As more skills and experience in maths are needed for graduation in maths or

statistics than in IT, we believe that no especially high-level maths skills or extensive

training in maths are required for success in the financial markets, and the benefit comes

from a certain more easily achievable level of mathematical training or is related more to

the type of thinking that those subjects encourage. We propose that the “if ..., then ...”

type of algorithmic thinking and training may help investors with an IT background to be

28Performance measures that are not risk adjusted are relatively high for investors with a background

in finance.
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more successful as it enforces discipline. Discipline has been emphasized as an important

trait in investing by many well-known investors and fund managers (Benello et al., 2016)

and professional investors and traders are required to have a plan beforehand for many

plausible scenarios (Bellafiore, 2010) and must recognise the importance of ”what if

analysis” (Paul and Moynihan, 2013).

Students in economics get the most specialised teaching about financial markets,

but their maths background is probably not as strong as that of the IT graduates, and

their problem solving training might not require the same degree of structured thinking.

On the other hand, economics students are frequently faced with real world questions

where no-one knows the exact answer, which is often the case in financial markets.

4.5.5. The non-linear effect of cognitive abilities

One of the best–performing investors Warren Buffett has said: ”Investing is not a game

where the guy with the 160 IQ beats the guy with a 130 IQ. Rationality is essential”

(Lowe, 2007), and he suggests ”giving away” any IQ over 130. Although we are not able

to measure our investors’ IQs in points, our results indicate that in certain cases very

high abilities do not help investors.

The case in point is that 93% of investors who did the physics exam also took the

maths exam. Over 50% of all those who took the physics exam were in the top quartile

for the maths exam and 92% of those in the top quartile in physics were also in the top

quartile for maths, and indeed 58% of them were even in the top decile in maths. The

top quartile of those taking the physics exam do not perform well even though they are

actually very good at maths. When we look for the golden point above which higher

maths abilities do not add any more value, we find it at approximately 85 points29 out

of 100 in the maths exam, meaning the 84th percentile, when we try to maximise the

29Depending on the goal function and metric, the figure may be slightly different but it is generally

between the 79th and the 86th percentile.
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median risk-adjusted return.

If we remove those who are very good at physics from the maths sample, which

accounts for about 26% of the top decile in maths, the average performance of the top

deciles of the maths sample improve. It seems that those who are really good at physics

do worse in the stock market than other good mathematicians. Their maths and real

science abilities and knowledge are excellent, but the group with high scores for real

sciences solely in maths seems to be able to get higher language or humanities scores

than investors with good physics exam results. This indicates that being universally

good in maths combined with good language skills is better than just being extremely

good in real sciences alone. This is in line with the finding that we do not identify a

correlation between stock market performance and university disciplines related to hard

sciences, including maths, statistics and physics.

Thus we conclude that being able to outperform other investors depends on having

maths skills that are not at the level that is required from a highly trained and specialised

mathematician, but probably still somewhere in the top quartile. Having strong maths

abilities along with above-average language abilities increases even more the probability

of the investor being able to outperform other investors. It should be noted that the

average is calculated here in comparison with other investors and investors are generally

smarter than non-investors30.

4.6 The effect of academic abilities and education on trading

Previous studies (Barber and Odean, 2001) show that trading too much hurts per-

formance and there is a positive correlation between trading and under-diversification

Anderson (2013). As investors with stronger academic abilities are able to outperform

other investors, this could make smarter investors more willing to trade and raises the

30Their national exam results are approximately five to ten percentage points higher than those of

non-investors (Vaarmets et al., 2019).
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important question of whether such investors are able to find larger numbers of profitable

investment opportunities.

We find that more educated and highly intelligent investors have moderate trading

activity. We test various measures of trading frequency including the average number of

trades per period; the average number of trades per period during active periods only;

and portfolio turnover ratios. The results in Table 7 show that the only variables that

are significant for trading frequency are those connected with highly intelligent investors

(the eggheads group and investors with higher academic degrees), who are less likely to

be among the lowest trading group but have an increased probability of being in the

second lowest quartile by trading frequency. Thus our results confirm most of the main

findings of Liivamägi (2016), but as we are able to control for the effect of additional

variables by using various measures of trading frequency as a dependent variable and

adding income as a control variable, we cannot confirm all of the previous results.

Our results indicate that successful investors need experience in the market and

so need to have at least moderate trading activity. As long as intelligent investors are

able to avoid over-trading and the total number of their trades is not too high, moderate

trading also helps them improve their performance. Our results show (see Table 8)

that investors with stronger academic abilities have a slightly lower probability of being

among the investors who have made fewer than five trades during the sample period

but a higher probability of being in either the 6-15 or the 16-50 trade brackets. Given

that such findings are strongly dependent on the length of the period of activity for each

investor, we repeat the analysis for different sub-samples of investors with periods of

activity of a similar length, such as 3-4 years. Those results indicate that investors with

higher academic abilities do not make a very high number of trades and are more likely

to be among the investors with the lowest number of trades once they have enough

experience. Given that academically more capable investors tend to fall between the

extremes for the total number of trades made, this suggests that even academically

stronger investors are able to find only a limited number of successful trades.

24



[insert Table 7 about here]

[insert Table 8 about here]

4.7 The effect of the market cycle and timing

So far very few papers (see e.g. Chen et al., 2007; Bucher-Koenen and Ziegelmeyer, 2014)

have been able to study the effect of market cycles on the stock market performance of

investors. Our dataset lets us calculate the required metrics for each of the market

phases and compare the effects of academic abilities and educational background on

stock market performance at different phases of the market cycle.

We present the results of educational variables for different sub-samples, We

present the results for the cumulative returns for portfolios formed by grouping investors

by exam results into quartiles (see Figure 6) and for the regression results (see Table

9)31. As the time periods are shorter, we lose some statistical significance in the sub pe-

riods in our ordered logit regressions, especially for the bull market phase starting from

2009. However, we also calculate separate performance percentiles for each of the groups

for all the sub periods (see Table 10). The results show that except for eggheads in the

period from 2009-2012, the groups with higher academic abilities have higher returns

for all the other bull market phases. The results for the bear market phase are mixed,

however.

The striking realisation is that none of the academic abilities or educational factors

31We divide the period into a bull phase starting from 2004 and lasting until the turning point in

the market in 2007, a bear phase following that and lasting until the middle of 2009, and a final bull

phase ending in 2012. We repeat exactly the same procedure to calculate the returns for each of the

sub-periods and take account of the positions opened during the period viewed. Our panel data analysis

also considers the positions opened before the period viewed, but the main conclusions do not change

with the approach taken. We also use panel data analysis with yearly frequencies to confirm our general

findings.
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help investors to outperform in the bear market. The only variables that remain statisti-

cally significant for the bear market are related to experience. The bear market phase is

the shortest period, and this could cause the coefficients to be statistically insignificant,

but even the signs of the coefficients for some variables are different in the bear market

and in the bull market.

In the results of the sub-samples using data for bull market phases, the cumulative

returns of higher quartile investors tend to outperform lower quartiles and variables for

academic abilities and education become significant. Even if the coefficients are not as

strongly statistically significant for the bull market phases as for the whole period, the

signs of the coefficients, meaning whether the odds ratios are smaller or greater than one,

are consistent for both of the bull market periods and are in line with the results for the

whole period sample, which we discussed in the previous subsection. The performance

of the portfolios pooled by exam results shows the same. It should also be noted that

the end of 2012 did not mark the peak of the stock market and thus the results for the

educational variables presented are qualitatively the same for both bull market phases.

[insert Figure 6 about here]

[insert Table 9 about here]

[insert Table 10 about here]

Using the sub-periods allows us to ascertain the effects of experience in more detail

(see Table 9). It turns out that the experience gained during the phase under observation

itself has little effect, but those investors who were active in the market phase directly

before gain greatly. This indicates that the market conditions change all the time and

experience gained previously becomes obsolete or investors just forget, and so dated

experience wears off.

Given that educational factors seem not to have an effect during the bear market

phase, it is possible that smarter investors just withdrew from the market altogether dur-
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ing that phase. In consequence we control for better market timing, like Grinblatt et al.

(2012). We classify investors into deciles by their national exam results and calculate

the relative trading activity for each of the investor groups. The result gives us a heat

map (see Figure 7), which shows the quarters for which trading activity for a particular

decile is relatively high in darker colours, and those for which trading is relatively low

with lighter colours.

[insert Figure 7]

Analysis of trading activity shows that academically more capable investors trade

less during volatile times and in periods preceding a stock market peak, which in our

case is from the second half of 2006 until almost the end of 2008. However, it was

academically stronger investors in the higher deciles who started to buy at the bottom of

the stock market from the second half of 2008 until the beginning of 2010. The opposite

happened for investors with lower academic abilities in the lower deciles, who traded

more during booming markets and were idle when the market started to recover. The

overall conclusion32 is that smarter investors trade at a better time and are more likely

to buy stocks when stock prices are cheap in retrospect. They did not necessarily sell

stocks at the highest prices but they did not buy at times when stocks were overvalued

either. This pattern of behaviour enabled academically smarter investors to earn higher

profits during bull market phases but did not improve their performance during the bear

market phase.

32We also study the proportion of sales against the proportion of buys for all investor deciles. The

differences are marginal. Even so, we observe a higher proportion of sales when the market is falling

and clearly lower proportions when the market is rebounding, which can be considered reasonable be-

haviour. However, these proportions might also be affected by liquidity issues and the trading activity

of institutional investors, which we do not study in the current paper.
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4.8 The effect of experience and other factors

We use a number of control variables (see Appendix F) including experience, various

measures of trading frequency and income. Given the high correlation of some of the

control variables, we vary the use of specific controls in different regressions to avoid

multicollinearity issues. Our results are in line with the results of previous studies.

Experience33 is both statistically and economically significant in all the regressions. Up

to a certain point, a larger number of trades increases the probability of success, but

trading too much or too frequently34 reduces profitability.

We use income35 and average portfolio size as different proxies for wealth. All of

our educational variables discussed so far remain significant in the regressions, whichever

proxy is used for wealth.

It is possible that certain personality traits or non-cognitive abilities also play a

role. Data availability means we are quite limited in how well we can control for a large

number of such traits given our large sample. Census data give us occupational data

and socio-economic status available for the whole sample (see results in Tables 4 and 6

and in Appendix G) and we use these data in the selection equation (see Table 6) as

well. Our results show that being a top specialist or manager does give a slightly higher

33The number of six-month periods the investor has been active turns out to be the most robust proxy

for experience, although we also use the total number of transactions as suggested by Feng and Seasholes

(2005); Nicolosi et al. (2009) for the same purpose.
34Some shorter-term investors have been able to outperform long-term investors, and those who exited

the market before the meltdown had outstanding returns.

The other small group of successful investors were those who participated in the IPOs during the boom

years and sold their positions relatively fast. Those IPOs increased significantly the number of market

participants but the short-term outperformance of IPOs was followed by a long-term underperformance,

a pattern that is prevalent according to the literature (Carter et al., 1998). Just participating in the

IPOs does not seem to have a positive effect on performance as the investor had to exit the position at

a favourable time as well.
35Average monthly income as reported to the Tax Board for 2006-2012.
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probability of being among more profitable investors. But as such status means being

an employee at the same time, the combined effect is relatively small and is thus mostly

relevant only in comparison with those who do not have such occupations.

Being an entrepreneur seems to have a negative effect on the chances of being

among the top performers, but when we study these effects more closely (see Appendix

G for sub-sample results) we see that entrepreneurs with higher academic abilities or

education are not necessarily doing badly at all because the positive effects of educational

factors for entrepreneurs are clearly higher than among employees or than in our general

sample.

It would be plausible that a student who has very strong self-discipline would have

excellent grades at high school. But not all top performers in the exams have excellent

grades at high school. Thus, we run ordered logit regressions by interacting a dummy

variable for the egghead group with a dummy variable for the group with only excellent

grades on their high school report. Our results show that the dummy for having excellent

grades and the interaction term are not statistically significant but the dummy for the

egghead group (i.e. the persons with top scores in at least two exams) is both statistically

and economically significant.

All in all, we can confirm that our main findings about the effect of academic

abilities still remain strong when we use occupational and socio-economic proxy variables

or various setups to control for non-cognitive abilities such as ambition, leadership, self-

discipline and willingness to take risks, which are traits usually associated with positions

such as entrepreneurs or managers.

4.9 Robustness checks

We take a number of steps to verify the robustness of our results and the proxies used.

We pool investors into groups depending on their academic results and run various

29



regressions (OLS, logit, ordered logit). We only present the regression results for RAP,

but we repeated the same procedure with the Sharpe ratio with very similar results.

We ran similar regressions for a group of investors with a low number of trades and a

high number of trades (see Appendix G). The results are robust for both groups but

academic abilities seem to affect investors with less experience and a lower number of

trades more than investors with a high number of trades. In the latter case the benefits

of high abilities do not necessarily play a significant role as our results are not always

statistically significant. Being among the worse performing investors in academic exams

hurts investors regardless of the number of trades they have made.

To check the impact of the risk adjustment methodology, we also study the differ-

ences in risk-taking behaviour. We find that smarter and more educated investors take

less risk, which contributes positively to their risk adjusted performance metrics but is

not the key factor affecting their performance.

As a robustness check, we also use a number of binary logit regressions (see Ap-

pendix H and I). The results of the logit regressions confirm the robustness of the results

presented in the previous subsections. With logit regressions, we need to run a regres-

sion separately for each performance group and can compare the coefficients obtained

and the standard errors. It may be expected, for example, that overall academic ability

decreases monotonically the probability of an investor performing below average when

moving from the middle categories to the bottom categories, and that the probability

increases when they move in the opposite direction. In most cases, this is what emerges

from the regressions, but when deciles are used, the results can be more mixed because

the groups are relatively small.

We use continuous control variables and divide certain controls, such as the total

number of trades made, into categories. This approach helps to reveal some otherwise

hidden characteristics, for example that a low number of trades probably means less

experience, while a very high number of trades may reflect over-trading. In addition
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to the proxies presented for control variables (see Appendix F), we use different proxies

including the average holding period, the number of purchases made, the number of

sales made, and the total stock days in the portfolio. On top of total portfolio size, we

could also control for the average transaction size of both the purchases and the sales.

To capture experience, we use other proxies such as whether experiencing large gains or

losses earlier in a trading career contributes to overall experience or how many years of

experience the investor has36.

5. Discussion

Our results indicate that quantitative knowledge and ability in mathematics play one

of the most important roles in the context of cognitive abilities helping to earn higher

returns. We use mathematics exam results as a proxy, but mathematics tests generally

also rely on fluid reasoning and speed of processing (Floyd et al., 2003). It could be

expected that such abilities are necessary for success in the stock market as well as for

scoring highly in other academic exams as well.

The realisation that purely quantitative ability is not enough in the context of

financial markets helps to explain our other results, such as the finding that people with

very high scores in mathematics do not seem to have any edge as individual investors.

Most academic achievement tests also measure comprehensive knowledge in a specific

area, which can be categorised as crystallised intelligence. More comprehensive knowl-

edge in mathematics does not help much in achieving higher returns in the stock market,

but we conclude that a certain above-average amount of quantitative skills is necessary,

and it should be accompanied with good fluid reasoning skills for success to be achieved.

The requirement for a combination of skills might be a reason why we do not see that

36We also use Bayesian logit models to see if any of the relevant factors have posterior distributions

that can reveal anything interesting, like multimodal distributions, but with relatively naive posteriors,

such analysis does not add any further insights into the results presented and confirms the findings.
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investors with university degrees in mathematics, statistics or physics outperform the

rest even though they definitely posses above-average quantitative skills.

A similar conclusion is implied by the results that very high scores in mathematics

or physics do not seem to have a positive effect, while investors with mathematics results

in the 8th or 9th decile seem at times to do better in the market than the very top

performers in maths. Here we can draw some parallels with the results from university

subjects. Investors with a degree in finance do not seem to benefit much from that

either. This suggests that performing well in the stock market is probably too complex

a task for any of the university degrees or certain higher abilities on their own to provide

a solution for.

Thus we expect that a combination of skills and knowledge will help more than

any one single characteristic. This conclusion is supported by the finding that one of the

most positive effects on stock market returns comes from having both good quantitative

skills, shown as high scores in real sciences exams, combined with top quartile abilities

in humanities, shown as high scores in mother tongue or foreign language exams. It is

possible to generalise that basically the investors who we call eggheads are able to use

fluid reasoning and processing speeds in a variety of domains and thus are more flexible

and universal than investors with very good results in only a narrow domain. This puts

our findings in line with Corgnet et al. (2018), who also show the importance of fluid

intelligence for traders. All in all, we do not find any support for the idea that a high

level of concentration of skills in certain areas would help individual investors37.

This conclusion is supported by the evidence that there seem to be many ways

to achieve higher returns. Although we control for a large number of possible trading

characteristics, such as holding for the long term or the short term; trading frequency;

certain portfolio loadings; or holdings in certain companies or using certain strategies like

participating in IPOs, we do not identify any strategy or style that would have resulted in

37Things could be different for institutional investors, where a group of individuals each contribute

highly specialised skills and knowledge into the group decision.
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superior results for a significant number of investors. Thus we also have to emphasise the

factor of speed, as there may be only a limited number of good opportunities available

for a limited amount of time. This makes it very difficult for a large number of investors

to use the same strategy and at the same time to outperform the rest of the sample.

All of our results indicate that higher intelligence in general is clearly beneficial,

and we see that investors with higher exam scores and education perform better. But

we cannot overlook the finding that none of that seems to help much during the bear

market. We see that the more intelligent investor enters the market earlier in the market

cycle (simial results have been shown by Grinblatt et al., 2012) or is less influenced by

the disposition effect (Talpsepp and Vaarmets, 2019), but a number of smarter investors

who remain in the market during the bear phase earn very similar returns to those of

other investors. The only factor that clearly helps to improve performance in the bear

market phase is experience. We define experience in a number of ways and the results

reveal that the most recent experience is the most beneficial as some of the positive effect

of experience seems to wear off over time38.

One interesting finding is that investors with a degree in IT seem to have a higher

probability of being among successful investors. This finding would be difficult to explain

purely with cognitive abilities, and even if we control for exam results, the effect is still

present. There are no technology companies performing particularly well that might have

boosted the returns of such investors or any common strategies that they use. During

their everyday work, they usually have to apply their IT skills in other business domains,

which would confirm the conclusion that they are flexible enough and require a certain

combination of skills, including good maths skills. It is possible that certain personality

traits or non-cognitive abilities play a role (as shown previously e.g. by Heckman and

Kautz, 2012). We also propose that the ”what if ... then ... ” type of thinking required

38It should be noted that this applies to investors who do not trade very much and thus their ac-

cumulated experience may not be that great, which causes them to forget it when enough time has

passed.
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for tasks like programming and analysis in IT could be also beneficial in the financial

markets39, but as we do not have the data to verify this hypothesis, we leave it for future

experimental work to test.

The implications of the research are connected with what could be done to encour-

age and improve investment decisions that could potentially have profound effects on the

well-being of households in the long run. In that area we confirm the previous findings

that on average individual investors do not perform as well in the financial markets as

they could, and most investors underperform the market. The main conclusion would

be to encourage a passive investment style. There already seem to be natural barriers

to entering the market, as investors are generally more intelligent than non-investors

(Vaarmets et al., 2019) and our results show that of these individuals who are already

smarter than most, only the smartest ones have higher chances of being among the

more successful investors. There is little that regulators could do here but we do have

some good news for one certain group of individuals, and for the financial companies

that hire them, which is that an investor does not have to be among the top 10% in

their test scores to benefit from higher intelligence in the financial markets. We cannot

exactly confirm Warren Buffett’s claim of the usefulness of the IQ over 130, but our

results suggest that Warren Buffett was at least on the right track with his conclusion.

Our results do not show that providing more financial education would help investors

to perform clearly better, though we see some positive effect that does not turn out to

be statistically significant, but any educational programmes that would help potential

investors to gain experience could potentially be of greater benefit.

39Similar skills have been emphasised as important by various authors in the context of being a

successful investor or trader.
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6. Conclusions

The aim of this paper is to provide detailed empirical results on how academic abilities

and education impact the performance and trading activity of investors in different

phases of the economic cycle, and to assess what type of trading characteristics can

lead to success in the stock market. We find that maths abilities help investors the

most, but the best results are achieved when strong maths skills are combined with

overall high intelligence and the ability and training to solve problems in more than

one narrow domain. Higher education that requires algorithmic thinking, especially

in IT, is beneficial, as is better preparation for financial markets through economics or

business education. None of these abilities seem to help in the bear market phase though.

Nevertheless, academically stronger and more successful investors are able to reduce their

trading during the bear market and have the courage to start buying relatively early after

the bear market. Investors who achieved high academic scores are not as likely to be

making a very large number of trades, and they have a moderate trading frequency. More

successful investors have accumulated a good amount of experience, and this experience

seems to be one of the most important factors for helping investors to succeed in the

market, even in cases where talent and education do not.
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Table 1. Descriptive statistics 
 

 2004-2012 2004-2007 2007-2009 2009-2012 

Number of trading days 2354 874 522 958 

Average annual return 11.1% 51.8% -50.0% 33.4% 

Cumulative return 157.0% 265.2% -76.6% 199.7% 

Number of trades 641 437 123 152 210 398 307 887 

Turnover (billion EUR) 6.27 3.46 2.01 0.8 

Number of investors active 33843 22992 15229 15357 

Number of listed companies 23 13 18 19 
Total market capitalisation (end of period, 
billion EUR) 

1.64 5.32 1.29 1.64 

     

Total number of investors 33 843    

Total number of individual investors 27 859    

Sample used:     

Number of investors with educational data 10 555    

  for which income data available 4 283    

  for which exam results available 6 851    

Average age 32.61    

Average number of trades 15.74    

Median number of trades 6.00    

Average number of stocks in the portfolio 1.86    

Average portfolio size (EUR) 3291    

Average holding period (days) 199    

Average transaction size (EUR) 1325    

 

 

Notes: The table reports descriptive statistics about the sample of investors and the bull and bear market 

phases. 



 
Table 2. The effects of academic abilities and education on performance in OLS 
regressions 
 

 Coef. T-statistic 
Number of 

observations R2 

Mother tongue exam result 0.001 0.70 2301 0.085 

Maths exam result 0.003* 1.65 1708 0.104 

English exam result 0.005** 2.09 1944 0.087 

Physics exam result 0.001 0.17 327 0.089 

Chemistry exam result 0.004 1.07 576 0.102 

Biology exam result 0.004 0.82 516 0.072 

Egghead 0.052 0.57 9874 0.073 

Bachelor or equivalent degree -0.01 -0.17 3823 0.082 

Master’s or doctoral degree 0.124 0.94 3823 0.082 

Degree in economics or business 0.112* 1.66 3823 0.083 

Degree in finance -0.278 -1.35 3823 0.083 

Degree in information technology 0.192** 1.96 3823 0.083 

Degree in maths or statistics 0.022 0.06 3823 0.082 

Male -0.032 -0.74 9874 0.073 

Age 0.004*** 3.26   

Average num. stocks in the portfolio -0.197*** -12.59   

Average holding period (days) -0.002*** -22.73   

Number of active years 0.107*** 4.96   

Average portfolio size*1000 0.003*** 2.73   
***significant at the 1% level; **significant at the 5% level; *significant at the 10% level 

 

Notes: The table reports the coefficients and t-statistics from linear regressions with robust standard errors. 

The table presents the results of regressions with a single variable for academic results with control 

variables (the coefficients for control variables are presented for a general model). 

 



Table 3. Sharpe ratio of portfolios formed by grouping investors by exam results 
 

Panel A        

  
Bottom 
quartile 

Top 
quartile 

Long-short 
portfolio   

Bottom 
quartile 

Top 
quartile 

Long-short 
portfolio 

  Mother tongue exam   Maths exam 

Annualised return -0.03% 8.82% 7.87%  6.19% 11.66% 4.28% 

Standard deviation 24.97% 23.78% 11.24%  23.48% 23.86% 13.52% 

Sharpe ratio -0.081 0.287 0.522  0.178 0.405 0.169 

  English exam   Physics exam 

Annualised return 4.13% 11.70% 6.43%  8.68% 5.42% -6.00% 

Standard deviation 24.04% 23.08% 10.53%  24.02% 28.87% 29.63% 

Sharpe ratio 0.089 0.420 0.421   0.278 0.119 -0.270 

Panel B        

  
Bottom 

decile Top decile 
Long-short 

portfolio   
Bottom 

decile Top decile 
Long-short 

portfolio 

  Mother tongue exam   Maths exam 

Annualised return 2.11% 8.87% 4.96%  5.40% 9.82% 2.70% 

Standard deviation 24.91% 23.06% 15.03%  23.81% 25.48% 19.11% 

Sharpe ratio 0.004 0.298 0.197  0.143 0.307 0.037 

  English exam   Physics exam 

Annualised return 2.18% 5.14% 1.35%  6.11% -2.97% -13.97% 

Standard deviation 25.02% 22.82% 14.10%  27.73% 46.79% 51.36% 

Sharpe ratio 0.007 0.137 -0.046   0.148 -0.106 -0.311 

Panel C        

 Bottom quartile   Top quartile    Bottom quartile  Top quartile 

                 Local risk factors Global risk factors 

Mother tongue exam             

SMB -0.02 (0.14) -0.17 (0.17) 1.88 (0.9) 3.15 (1.27) 

HML 0.02 (0.13) -0.11 (0.16) 0.66 (0.89) 0.98 (1.25) 

Market 1.28 (0.11) 2.04 (0.13) 0.93 (0.29) 1.50 (0.41) 

Alpha -0.02 (0.01) -0.02 (0.01) -0.01 (0.01) 0.00 (0.02) 

Maths exam             

SMB 0.01 (0.13) -0.35 (0.19) 2.56 (1.01) 3.57 (1.46) 

HML 0.02 (0.12) -0.25 (0.18) 1.02 (1) 0.93 (1.44) 

Market 1.67 (0.1) 2.36 (0.15) 1.25 (0.33) 1.73 (0.47) 

Alpha -0.01 (0.01) -0.01 (0.01) 0.00 (0.02) 0.00 (0.02) 

English exam             

SMB -0.06 (0.14) -0.12 (0.14) 2.39 (0.98) 2.93 (1.25) 

HML -0.01 (0.13) -0.04 (0.14) 0.80 (0.97) 1.29 (1.23) 

Market 1.52 (0.11) 2.12 (0.12) 1.14 (0.32) 1.61 (0.4) 

Alpha -0.01 (0.01) -0.01 (0.01) 0.00 (0.01) 0.00 (0.02) 

 
 
Notes: The table reports annualised time-weighted returns, standard deviations, Sharpe ratios and factor 

loadings from Fama-French three factor model of portfolios formed by grouping investors by exam results. 



Panel A shows statistics for portfolios grouped by investors in the bottom and top quartiles and Panel B for 

portfolios grouped by investors in the bottom and top deciles for the results of a particular exam. The long-

short portfolio is formed by selling short stocks bought by investors in the bottom quartile or decile and at 

the same time buying stocks bought by investors in the top quartile or decile. Panel C reports the Fama-

French three factor model (FFTFM) coefficients and standard errors (in parentheses). FFTFM factors are 

calculated from Nasdaq Tallinn stock returns for local risk factors and extracted from Kenneth French’s 

website for global risk factors. Only coefficients of the market factor are statistically significant at least at 

the 5% level in all cases. All portfolios are adjusted daily when investors buy or sell stocks using actual 

transaction prices and adding or subtracting the average transaction fees applicable to individual investors 

in the market. 



Table 4. The effects of academic abilities and education on performance in ordered logit 
regressions 
 

  

Educational 
individual variables 

and control 
variables 

Educational level 
and control 
variables 

All educational 
and control 
variables 

All educational, 
occupational, 

socioeconomic and 
control variables 

 Odds ratio z-stat. 
Odds 
ratio z-stat. 

Odds 
ratio z-stat. 

  

Maths exam top quartile 1.20** 2.02       
English exam top quartile 1.22** 2.41       
Maths exam bottom quartile 0.69*** -3.76       
English exam bottom quartile 0.81** -2.32       
Eggheads (high IQ top academics) 1.33*** 2.98   1.27** 2.50 1.20* 1.87 
Master’s or doctoral degree 1.87 1.14 2.11 1.34 2.03 1.15 2.18 1.24 
Bachelor or equivalent degree 1.18** 2.38 1.18** 2.46 1.13* 1.68 1.06 0.73 
Degree in economics or business 1.11 1.19       
Degree in finance 1.22 0.78       
Degree in information technology 1.52*** 3.31   1.47*** 2.99 1.38** 2.31 
Degree in maths or statistics 0.85 -0.39       
Top specialist       1.63** 2.06 
Manager       1.56* 1.87 
Employee       0.70* 1.15 
Entrepreneur       0.56** -2.16 
Male (dummy)   0.93 -0.95 0.91 -1.20 0.88 -1.48 
Age   0.99 -1.13 0.99 -0.66 0.99 -1.10 
Income   1.00 0.97 1.00 0.60 1.00 0.41 
Number of active years   1.19*** 4.48 1.20*** 4.59 1.20*** 4.59 
Avg. number of stocks in the portfolio  1.10*** 3.35 1.09*** 3.01 1.08*** 2.82 
Average holding period   0.99*** -9.34 0.99*** -9.33 0.99*** -9.24 

***significant at the 1% level; **significant at the 5% level; *significant at the 10% level 

 

Notes: The table reports the odds ratios and z-values from ordered logit regressions with robust standard 

errors in which the dependent variable takes the value 1 to 4, depending on which quartile the investor is in. 

The table presents the results of regressions with a single variable for academic results in the left column 

with control variables (not presented; the coefficients for control variables are presented in Appendix E 

along with additional control variables). The second to fourth columns present the results of multiple 

regressions with control variables; an odds ratio > 1 means that the factor positively affects the probability 

of being among the best performers; an odds ratio < 1 implies a negative effect. 



Table 5. Marginal effect analysis for risk-adjusted return categories 
 
Independent variables Quartile 1 Quartile 2 Quartile 3 Quartile 4 

  
Coefficients 
(dy/dx) z-stat. 

Coefficients 
(dy/dx) z-stat. 

Coefficients 
(dy/dx) z-stat. 

Coefficients 
(dy/dx) z-stat. 

Marginal effect for high school exam results and control variables    
Maths exam top quartile -3.62%** -2.06 -0.96%* -1.89 1.05%** 2.18 3.53%** 1.98 
Maths exam bottom quartile 7.59%*** 3.63 1.50%*** 4.21 -2.58%*** -3.3 -6.51%*** -3.94 
English exam top quartile -3.99%** -2.47 -1.05%** -2.20 1.35%** 2.56 3.69%** 2.35 
English exam bottom quartile 4.20%** 2.27 0.88%** 2.54 -1.56%** -2.17 -3.52%** -2.39 
Marginal effect for education level and control variables      
Master’s or doctoral degree -10.96% -1.37 -4.23% -0.93 2.20%*** 6.02 12.99% 1.02 
Bachelor or equivalent degree -3.34%** -2.37 -0.74%** -2.39 1.17%** 2.33 2.92%** 2.40 
Marginal effect for education type and control variables      
Degree in information technology -7.88%*** -3.65 -2.54%*** -2.74 2.17%*** 5.08 8.25%*** 3.07 
***significant at the 1% level; **significant at the 5% level; *significant at the 10% level 

Notes: The table reports marginal effects for the discrete change in the dummy variable from 0 to 1. Quartile 1 represents the lowest and Quartile 4 the highest risk-

adjusted performance in the stock market. 



Table 6. The effects of academic abilities and education on performance in an ordered 
probit model with sample selection 
 
 

Risk adjusted performance groups 

 REG 1 REG 2 REG 3 REG 4 

  Coef. z-stat Coef. z-stat Coef. z-stat Coef. z-stat 

Outcome equation         

Egghead 0.131* 1.81     0.119* 1.66 

Bachelor's degree 0.014 0.18     0.014 0.18 

Master's or doctoral degree 0.336 0.88     0.372 1.05 

IT education 0.284*** 3.17       

Economics education 0.044 0.69       

Maths bottom quartile   -0.279*** -3.61     

Maths top quartile     0.122* 1.94   

Employee       -0.154** -2.07 

Entrepreneur       -0.248 -1.62 

Manager       0.128 1.46 

Top specialist       0.221*** 3.38 

+ control variables             

Selection equation         

Male 0.64*** 25.0 0.685*** 23.9 0.685*** 23.9 0.626*** 24.95 

Income 0.115*** 9.2 0.119*** 8.2 0.119*** 8.2 0.1109*** 8.61 

Age -0.072*** -31.6 -0.078*** -29.2 -0.078*** -29.2 -0.072*** -33.51 

Higher education -0.11*** -15.1 -0.111*** -13.3 -0.111*** -13.3 -0.109*** -15.13 

Average exam score -0.032*** -3.2 -0.022** -2.0 -0.023** -2.1 -0.029*** -2.87 

Manager       0.233*** 6.08 

Top specialist       0.014 0.52 
***significant at the 1% level; **significant at the 5% level; *significant at the 10% level 

 
Notes: The table reports the coefficients (corrected for possible selection bias) and z-values from ordered 

probit regressions with a sample selection equation. The table presents the results of the regressions with 

control variables (not presented for the outcome equation) in which the dependent variable takes the value 1 

to 4. The selection equation captures the effects of participating in the stock market and being in our sample 

of investors. A coefficient > 0 means that the factor positively affects the probability of being among the 

best performers; a coefficient < 0 implies a negative effect. 



Table 7. The effects of academic abilities and education on trading frequency 
 

  Quartile 1   Quartile 2   Quartile 3   Quartile 4  

 Independent variables 
Odds 
ratio z-stat. 

 Odds 
ratio 

z-
stat. 

 Odds 
ratio z-stat. 

 Odds 
ratio 

z-
stat. 

Maths exam top quartile 0.83 -1.42  1.24* 1.78  1.09 0.78  0.92 -0.58 

Maths exam bottom quartile 0.90 -0.81  0.99 -0.10  0.90 -0.98  1.20 1.29 

English exam top quartile 1.11 0.80  1.03 0.23  0.96 -0.39  0.92 -0.55 

English exam bottom quartile 1.15 1.10  0.84 -1.42  0.98 -0.19  1.17 1.06 

Eggheads (top academics) 0.72** -2.16  1.43*** 2.79  1.05 0.46  0.89 -0.69 

Master’s or doctoral degree 0.37* -1.84  5.16** 2.31  0.93 -0.09  1.00*** 0.00 
Bachelor or equivalent degree 0.91 -0.90  1.14 1.37  0.98 -0.21  0.99 -0.06 

Degree in economics or business 0.85 -1.18  1.09 0.72  1.10 0.91  0.93 -0.51 
Degree in information 
technology 1.14 0.69 

 
0.85 -0.91 

 
1.09 0.59 

 
1.05 0.26 

Male (dummy) 0.66*** -2.81  1.03 0.18  0.92 -0.67  2.84*** 4.57 

Age 0.99 -0.72  1.00 -0.19  0.97** -2.20  1.02 0.90 

Income 1.00** 2.12  1.00 -0.88  1.00 1.40  1.00** -2.40 

Number of active years 0.05*** -18.82  0.95 -0.87  1.65*** 9.48  6.11*** 19.35 
Avg. number of stocks in the 
portfolio 0.90 -1.19 

 
0.78*** -3.86 

 
1.05 1.03 

 
1.76*** 8.81 

Average holding period 1.00 -0.85  1.00 0.40  1.00 1.27  0.99*** -6.75 
***significant at the 1% level; **significant at the 5% level; *significant at the 10% level 

 

Notes: The table reports the odds ratios and z-values from ordered logit regressions with robust standard 

errors in which the dependent variable takes the value 1 to 4, depending on which quartile the investor is in. 

Quartile 1 represents investors with the lowest trading frequency per year and quartile 4 represents investors 

with the highest trading frequency. The table presents the results for the effect of academic abilities and 

education using single regressions with controls. An odds ratio > 1 means that the factor positively affects 

the probability of being in the quartile; an odds ratio < 1 implies a negative effect. 



Table 8. The effects of academic abilities and education on the total number of trades 
 

 Period 
Number of trades 

[2..5] 

 
Number of 

trades [6..15] 

 
Number of 

trades [16..50] 

 Number of 
trades 

[51..1000] 

 Independent variables 
Odds 
ratio z-stat. 

 Odds 
ratio 

z-
stat. 

 Odds 
ratio z-stat. 

 Odds 
ratio 

z-
stat. 

Maths exam top quartile 0.92 -0.56  1.24*** 2.66  0.85 -1.43  0.91 -0.39 

Maths exam bottom quartile 1.22 1.37  0.85* -1.88  1.03 0.25  1.12 0.53 

Eggheads (top academics) 0.89 -0.85  1.25*** 2.71  1.05 0.46  0.94 -0.25 

Master’s or doctoral degree 1.28 1.19  0.91 -0.77  1.37** 2.02  0.73 -0.85 

Bachelor or equivalent degree 0.88 -1.58  1.08 1.53  0.95 -0.78  1.19 1.22 

Male (dummy) 0.57*** -3.28  1.03 0.31  1.76*** 3.30  1.10 0.28 

Age 0.99 -0.63  1.01 0.66  0.96*** -3.11  1.04 1.17 

Avg. portfolio size 1.00** -2.24  1.00*** -4.53  1.00* 1.91  1.00*** 4.17 

Number of active years 0.01*** -19.37  1.43*** 8.26  2.93*** 15.59  5.58*** 14.14 

Avg. number of stocks in the 
portfolio 

0.17*** -12.07  1.01 0.30  1.63*** 9.79  2.71*** 9.43 

Average holding period 1.00 0  1.00 1.63  1.00*** -6.99  0.97*** -7.63 

            
Subsample for investors with experience between 3 
and 4 years: 
 

         

Maths exam top quartile    2.65 1.58  1.07 0.24  0.57 -1.49 
Eggheads (top academics)    1.62 0.91  1.31 0.87  0.59 -1.43 

Male (dummy)    0.24* -1.7  2.64* 1.92  0.27 -1.6 

Age    0.98 -0.27  0.93 -1.48  1.14** 1.98 

Avg. portfolio size    1.00 -1.61  1.00* -1.81  1.00** 2.56 
Avg. number of stocks in the 
portfolio 

   
0.36** -2.36 

 
0.75** -2.31 

 
2.61*** 5.13 

Average holding period    1.01*** 3.91  1.00 1.4  0.97*** -5.41 
***significant at the 1% level; **significant at the 5% level; *significant at the 10% level 

 

Notes: The table reports the odds ratios and z-values from logit regressions with robust standard errors. The 

dependent variable takes the value 1 if the investor has made a total number of trades within the particular 

range. The table presents the results of regressions with a single variable for academic results in the left column 

with control variables. An odds ratio > 1 means that the factor positively affects the probability of being in the 

group; an odds ratio < 1 implies a negative effect. 



Table 9. The effects of academic abilities and education on performance in different 
periods 
 

 Period 
Whole period 
(2004-2012) 

 2004-2007 
(t=1) 

 
2007-2009 (t=2) 

 2009-2012 
(t=3) 

 Independent variables 
Odds 
ratio z-stat. 

 Odds 
ratio 

z-
stat. 

 Odds 
ratio z-stat. 

 Odds 
ratio 

z-
stat. 

Maths exam top quartile 1.23*** 3.13  1.18* 1.65  0.90 -1.07  1.06 0.62 
Maths exam bottom quartile 0.70*** -5.25  0.88 -1.29  1.10 0.91  0.82* -1.90 
English exam top quartile 1.29*** 4.11  1.03 0.29  1.07 0.67  1.12 1.32 
English exam bottom quartile 0.81*** -3.3  1.06 0.60  1.0 0.03  0.91 -1.00 
Eggheads (top academics) 1.37*** 4.65  1.13 1.15  0.95 -0.46  0.96 -0.50 

Master’s or doctoral degree 1.17* 1.9  1.1 1.13  0.98 -0.16  1.37*** 2.58 

Bachelor or equivalent degree 1.13*** 3.06  1.06 0.97  0.95 -0.84  1.28*** 4.11 

Degree in economics or business 1.10** 2.16  1.00 -0.06  0.96 -0.61  1.29*** 3.80 

of which degree in finance 0.91 -0.75  0.91 -0.66  0.94 -0.39  0.87 -0.76 
Degree in information 
technology 1.38*** 4.21 

 
1.38*** 2.78 

 
1.06 0.47 

 
1.36*** 2.88 

Degree in math or statistics 0.97 -0.11  1.08 0.12  1.52 0.87  1.14 0.46 

            
Variables related to experience           
Number of 6-month periods 
active in current period t 1.22*** 4.09 

 
1.10*** 10.04 

 
0.636*** -10.14 

 
1.055*** 5.74 

Active in period t-1       1.256*** 8.08  2.671*** 18.63 
Active in period t-2          0.860** -2.35 

***significant at the 1% level; **significant at the 5% level; *significant at the 10% level 

 

Notes: The table reports the odds ratios and z-values from ordered logit regressions with robust standard 

errors in which the dependent variable takes the value 1 to 4, depending on which quartile the investor is in. 

The table presents the results for the effect of academic abilities and education using single regressions 

without controls for different time periods. The lower panel reports the results for experience-related 

variables for different periods in multiple regressions, including variables related to academic abilities and 

education. An odds ratio > 1 means that the factor positively affects the probability of being among the best 

performers; an odds ratio < 1 implies a negative effect. 



Table 10. Performance distribution in different periods 
 

Explanatory (EVAR) 
vs contrasting (CVAR) 
variable 

Risk adjusted performance 
  
Percen-

tile 

2004-2007   2007-2009   2009-2012 

EVAR CVAR   EVAR CVAR   EVAR CVAR 

Maths exam upper 
quartile vs lower 
quartile 
  

10% -1.14% -10.09%   -58.70% -63.27%   -11.00% -16.56% 

25% 11.95% 10.67%   -51.34% -51.75%   -0.66% -4.84% 

50% 34.99% 24.60%   -41.65% -41.54%   9.15% 7.42% 

75% 118.41% 82.86%   -27.70% -19.25%   21.57% 20.13% 

90% 375.67% 222.72%   -1.90% 0.20%   46.47% 46.79% 

English exam upper 
quartile vs lower 
quartile 
  

10% -1.28% -4.36%   -62.25% -62.55%   -10.37% -12.43% 

25% 11.78% 11.49%   -51.54% -51.46%   -0.93% -3.40% 

50% 25.61% 25.06%   -41.62% -41.90%   9.22% 8.21% 

75% 91.02% 90.39%   -25.49% -25.43%   22.78% 20.89% 

90% 296.17% 331.77%   -0.85% -3.57%   50.09% 46.67% 

Egghead vs not 
egghead 
  

10% -1.12% 0.40%   -60.74% -60.87%   -10.39% -9.94% 

25% 11.94% 11.94%   -51.88% -50.58%   -0.30% -0.37% 

50% 30.04% 26.77%   -42.22% -41.56%   9.76% 9.99% 

75% 98.63% 71.90%   -26.89% -27.57%   21.57% 24.37% 

90% 309.76% 213.66%   -1.14% -2.92%   45.42% 62.93% 

Master’s or doctoral 
degree vs not that 
degree 
  

10% 5.52% -3.19%   -57.54% -61.21%   -8.57% -13.05% 

25% 11.98% 11.75%   -49.39% -50.82%   1.16% -2.11% 

50% 31.59% 25.72%   -41.54% -41.60%   11.07% 8.55% 

75% 67.11% 82.07%   -28.85% -25.94%   24.27% 22.07% 

90% 180.86% 270.51%   -4.42% -1.67%   44.98% 49.45% 

Bachelor’s degree vs 
not that degree 
  

10% -1.08% -6.35%   -59.97% -63.43%   -10.10% -17.88% 

25% 11.90% 11.45%   -50.60% -51.25%   -0.56% -4.68% 

50% 27.64% 24.08%   -41.56% -41.66%   9.31% 7.28% 

75% 82.14% 78.40%   -27.39% -24.01%   22.78% 21.33% 

90% 265.08% 262.85%   -2.73% -1.22%   51.07% 47.17% 

Degree in economics 
vs not that degree 
  

10% -1.08% -3.38%   -58.30% -62.11%   -9.15% -13.70% 

25% 11.92% 11.75%   -49.65% -51.06%   0.03% -2.73% 

50% 29.22% 24.99%   -41.54% -41.66%   10.47% 8.20% 

75% 79.99% 81.08%   -29.01% -24.69%   24.27% 21.52% 

90% 302.27% 254.93%   -3.35% -1.21%   53.15% 48.62% 

Degree in IT vs not 
that degree 
  

10% -1.82% -2.44%   -63.37% -60.83%   -8.64% -12.89% 

25% 11.94% 11.76%   -52.07% -50.75%   1.42% -2.31% 

50% 34.47% 25.78%   -41.59% -41.59%   10.69% 8.50% 

75% 100.48% 79.89%   -23.31% -26.42%   25.91% 21.87% 

90% 273.88% 264.10%   0.32% -2.10%   53.60% 48.70% 

Notes: The table reports risk-adjusted performance percentiles for sub-periods. Each group return for a 

percentile is presented along with the return of the contrasting group made up of investors who are not in that 

group but for whom the corresponding information is available. Out of each pair, the one with the higher 

return is highlighted in bold. 
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Figure 1.  Development of the Nasdaq OMX Tallinn index 

Notes: The graph shows the development of the Nasdaq OMX Tallinn in the period from January 2004 to 

December 2012. The different bull and bear market periods are indicated.   

 

 

0

200

400

600

800

1000

1200

2004 2005 2006 2007 2008 2009 2010 2011 2012 2013

Nasdaq  OMX Tallinn

Bull market 2004-2007 Bull market 2009-2012 Bear market 2007-2009 



 

Figure 2.  Information about the sample of investors with educational data 

Notes: The upper left panel shows the distribution of investors in our sample by age. The upper 

right panel shows the distribution of investors by their level of education (black for men, grey for 

women). The lower left panel shows the proportion of investors who have taken particular exams 

(black for men, grey for women). The lower right panel shows the proportion of investors with a 

university degree in particular subjects (black for men, grey for women). The Y-axes shows the 

distribution of investors in percentage terms for all panels.   

 



Figure 3. Density of risk adjusted performance and maths exam results 

Notes: The left figure shows the density function of the natural logarithm of the risk adjusted 

performance metric for our sample. The right figure shows the density function of the maths exam 

result for our sample.  

 



 

Figure 4.  The effects of transaction costs on risk-adjusted performance by 

investor groups 

Notes: The bottom and top of the boxes indicate the first and the third quartiles of risk adjusted 

returns. The line inside the box shows the median return and the ends of the whiskers present the 

10th and the 90th percentiles of the returns. Darker or black boxes represent returns that are adjusted 

with transaction costs and lighter or red boxes represent returns without transaction costs.  

 

 



Figure 5. Cumulative returns of investor groups during the sample period 

Notes: The figure shows time-weighted returns for portfolios formed by grouping investors into quartiles by exam results. 
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Figure 6. Comparison of cumulative returns between investor groups in bull and bear market phases 

Notes: The figure shows time-weighted returns for portfolios formed by grouping investors into quartiles by exam results. The first column shows returns in the bull market 

phase from 2004-2007. The second column shows returns in the bear market phase of 2007-2009, and the third column shows those in the bull market phase of 2009-2012. 



 

Figure 7.  Heat map of trading activity by deciles of investors based on maths ability 

 

Notes: The black line shows the Nasdaq OMXT index for the period 2004-2012. Darker colours indicate 

the quarters for which stock trading for a particular decile of investors is relatively high and lighter 

colours indicate quarters for which stock trading is relatively low. The deciles are constructed from the 

national mathematics exam results; decile 1 is those with the lowest maths scores and decile 10 those 

with the highest scores. Similar heat maps where the classification of investors is based on different exam 

results are not notably different and show the same tendencies.  



Appendix A. Intelligence and academic abilities

Intelligence is defined as a very general mental capability that involves the ability to rea-

son, plan, solve problems, think abstractly, comprehend complex ideas, learn quickly and

learn from experience (Gottfredson, 1997). At first intelligence was regarded as a single

general ability that can be used in various situations (Gleitman et al., 2010). Currently

many researchers claim that intelligence consists of various more specific abilities, and

intelligence tests basically measure the sum of various abilities (Gleitman et al., 2010).

Intelligence is depicted in a hierarchical model (Gleitman et al., 2010) because fac-

torial analysis shows that various cognitive abilities have overlapping components and

around 80 specific cognitive abilities have been identified (Carroll, 1993; Johnson et al.,

2007; McGrew, 2009; Snow, 1994, 1996). Since the work of Cattell (1940), researchers

distinguish between fluid intelligence, which covers inductive and deductive reasoning

abilities, and crystallised intelligence, which consists primarily of acquired knowledge.

The approach has been extended and integrated in the Cattell-Horn-Carrol (CHC) the-

ory on the structure of human cognitive abilities (Flanagan et al., 2000), which is a

prominent psychological theory and has had a significant impact on the measurement

of cognitive abilities and the interpretation of performance in intelligence tests (Alfonso

et al., 2005). CHC theory consists of 10 broad cognitive abilities and more than 70

narrow abilities (Alfonso et al., 2005).

CHC theory lists the following broad abilities (McGrew and Flanagan, 1998): fluid

reasoning (Gf), quantitative knowledge (Gq), comprehensive knowledge (Gc), reading

and writing (Grw), short-term memory (Gsm), visual processing (Gv), auditory process-

ing (Ga), long-term retrieval (Glr), processing speed (Gs), and decision/reaction time

or speed (Gt). Prior to 1998 the majority of intelligence tests did not measure some of

these broad abilities at all. To narrow the gap in measuring intelligence, a cross-battery

approach (McGrew and Flanagan, 1998; Flanagan et al., 2001) includes tests of cognitive



and academic abilities, which are classified using CHC theory. Previous research shows

that both broad and narrow CHC cognitive abilities explain a significant portion of the

variance in specific academic abilities beyond general intelligence (McGrew et al., 1997;

Vanderwood et al., 2002). Generally, intelligence tests still tend to fall short of mea-

sures of long-term retrieval, processing speed and auditory processing abilities (Flanagan

et al., 2001), of which long-term retrieval and auditory processing speed, along with fluid

intelligence, has been found to have a significant relationship with academic achievement

(Alfonso et al., 2005).

Meta-analysis by Kuncel et al. (2004) overrules the notion that the abilities re-

quired for success in the real world differ substantially from what is needed to achieve

success in the classroom. They also report correlation coefficients from 0.57 to 0.88

between academic tests and other ability tests, finding 0.68 for maths ability, 0.75 for

reasoning ability, and 0.88 for verbal ability. Another meta-analysis by Sackett et al.

(2008) confirms the high correlations between academic achievement and intelligence and

argues that coaching is not a major determinant of test performance. Deary and Johnson

(2010) report strong correlation between exam results and intelligence test scores for a

large sample of students with correlation coefficients of 0.77 for mathematics, 0.67 for

mother tongue, and 0.62-0.64 for foreign languages. Frey and Detterman (2004) report

a correlation of 0.82 between scores on the college admission test in the US and a score

of the test used in the Armed Services to assess mathematical abilities in intelligence

testing. Duckworth and Seligman (2005) report a corrected correlation of 0.49 between

IQ and GPA scores. Focusing only on large-scale studies and meta-analytic syntheses,

Sackett et al. (2008) report that neither socio-economic status or wealth, nor racial or

ethnic origin biases test accuracy. Relevant to the current study, Floyd et al. (2003)

report relations between mathematics achievement and CHC cognitive abilities. In the

later years of the studies, they report a strong link between mathematics achievement

and Gc, Gf and Gs, and also a moderate relation with Gsm.

As a limitation, as Deary and Johnson (2010) note, neither education nor intel-



ligence is a perfect proxy for the other. Batty et al. (2007) argue that higher IQ may

lead to educational success but educational attainment may equally represent a proxy

for IQ rather than the converse, as people with higher IQ stay longer within education.

We do not have the data nor the previous studies to show the correlation of the stan-

dardised exam results in Estonia that we use with abilities within the CHC framework,

but we expect them to be comparable to the results presented above. And as been dis-

cussed previously by (Ackerman and Heggestad, 1997), cognitive abilities can be partly

overlapping.



Appendix B. Data characteristics and restrictions

The current appendix provides additional information about the dataset and comple-

ments Section 3. The paper combines four different datasets for the period 2004–2012:

the stock market transaction data from NASDAQ Tallinn; educational data from the

Estonian Ministry of Education and Science; income data from the Estonian Tax Board;

and data from the Estonian Census of 2011. The dataset contains information about

all the market participants, while the exam results used as a proxy for intelligence are

available for all investors who were younger than 35 in 2012, covering about 25% of all

the individual investors, and educational background information is available for about

34% of all the individual investors in the NASDAQ Tallinn.

There are some restrictions in the data matching. Data from the Estonian Tax

Board and from the Estonian Census of 2011 are available only for investors who have

taken the national high school graduation exams because of data protection issues. This

means that we can only use income and census data for about half of our total sample,

or 10,555 people. It should be noted that this issue mostly concerns only the regressions

that use the level of education as an independent variable. We still run all the regressions

with our total sample as well and report only the results which are robust.

In essence, we use cohort data from the national standardised exams to minimise

the possible selection biases that could result if the sample is restricted by other char-

acteristics of the investors. Thus, our sample contains all the investors under the age

of 35. We cannot identify or control for the academic abilities for investors in the same

age group who finished high school abroad, as that they must have been living abroad

at the time, or for investors who did not continue their education beyond the 9th year.

However, we do have general information about the level of education of such investors,

and also about a proportion of older investors, and so we use a larger sample for analysis

of the impact of the level of education. We assume that the number of such people is



very small because it would be economically beneficial for them to stay abroad for a

longer time and given the existence of home bias, the probability of them investing in

the Estonian market should be low.

We only have educational and exam data about investors under the age of 35.

Research has shown that subsequent generations tend to be smarter than their prede-

cessors (Flynn and Flynn, 2012), but individual cognitive abilities tend to decrease with

age (Salthouse, 2009). These findings would make younger investors on average more

intelligent than older investors. However, our results do not show dependence on the

age variable when we control for different factors that may arise partly because investors

benefit from gaining more experience, although we see higher returns for the age group

of the over 30s than for investors aged between 20 and 30. We do not see returns de-

creasing for older investors on whom we do not have educational data, but we see the

variability of returns decreasing, which could be caused by reduced willingness to take

risks as people age. Due to the lack of data on exam results for the elderly, we cannot

provide a comparison of the effects of cognitive abilities across generations. Our results

show that older investors might need to consider the possible negative effects that come

from differences in cognitive abilities, especially if they do not have previous experience

to compensate for them. According to Salthouse (2009), some of the effects of decreasing

cognitive abilities can start quite early but some may not appear before the age of 60.

Given the young age of our sample, average income over a seven-year period could

be also regarded as a proxy for wealth because it basically only discards inheritance.

The wealth accumulation process in Estonia was only able to start after independence

was regained in the 1990s, which means that young individuals could have very limited

access to inherited wealth during the sample period. We use portfolio size as another

proxy for wealth for investors in our sample, although the Swedish example suggests

that investors can hold very different amounts of their wealth in their trading accounts

(Anderson, 2013) and our variable might not be the best proxy for wealth40.

40There can also be problems with wealth reporting in countries that have registry data about wealth,



We do not have any data about foreign investments because such data are not

collected or reported in Estonia, and only income from such investments is reported.

Thus we cannot estimate the home bias41 in Estonia but we expect it to be high for

equity investments, like in Sweden. For example Cronqvist and Siegel (2014) report

that for their Swedish sample home bias is 94%, which drops to 50% once mutual fund

investments are also considered. We calculate the home bias of the Estonian retail

investor to be at least 76%42 at the end of 2012 based on the proportion of the market

value of stocks listed on NASDAQ Tallinn held by individuals within the sum of the

market value of listed securities held by Estonian households (data provided by the

central bank of Estonia).

We are not able to show formally a causal relationship between educational char-

acteristics and performance in the stock market. Our measurement of academic abilities

is made before the subjects enter the stock market and at the individual level, so it is

less likely to be affected by a possible reverse causality bias than most of the variables for

trading behaviour used in the literature are. We acknowledge the possibility that there

may be an omitted variable bias for unobserved characteristics such as self-discipline or

similar, but data availability limits our ability to check for such a bias using instrumen-

tal variables. However, we can run a number of different tests to lower the probability

of important variables being omitted, and all of our tests show that even if there is

an effect from a variable such as self-discipline being omitted, the effect of educational

characteristics still remains statistically and economically significant in our regressions,

and the scores from academic tests act as one predictor of success in the stock market.

as documented by Seim (2017).
41Neither do we estimate the local bias that has been shown by Grinblatt and Keloharju (2001a) to

affect investment decisions since it does not make economic sense because of the very short distances and

because almost all of the listed companies in the NASDAQ Tallinn have their headquarters in Tallinn

or nearby.
42We do not have any data about the holdings of the secondary list of the NASDAQ, so the number

given must underestimate the actual proportion. We expect the home bias to be around 75-85% during

our sample period.



Appendix C. Cumulative returns of investor groups by deciles during the 
sample period 

 

Notes: The figure shows time-weighted returns for the top and bottom three portfolios formed by 
grouping investors into deciles by exam results. 



Appendix D. Panel ordered logit regressions for performance  

 

 

Educational 
individual variables 

and control 
variables 

All educational and 
control variables 

 Variables 
Odds 
ratio z-value 

Odds 
ratio z-value 

Maths exam top quartile 1.09** 2.38 1.07** 1.98 

English exam top quartile 1.08** 2.27     

Eggheads (top academics) 1.07** 2.23     

Master’s or doctoral degree 1.08* 1.65 1.06 1.12 

Bachelor or equiv. degree 1.05* 1.74 1.02 0.64 

Degree in economics 1.06** 1.98 1.05* 1.79 

Degree in IT 1.13** 2.46 1.12** 2.25 
***significant at the 1% level; **significant at the 5% level; *significant at the 10% level 

 

Notes: The table reports odds ratios and z-values for panel ordered logit regressions. The dependent 

variable is the risk adjusted portfolio return, which is divided into four equally sized adjusted quartiles. 

The odds ratios for the control variables are omitted from the table. An odds ratio > 1 means that the 

factor positively affects the probability of being among the best performers; an odds ratio < 1 implies a 

negative effect. The frequency of observations is 1 year. 



Appendix E. Cumulative returns of investor groups during the sample 
period 

 

Notes: The figure shows time-weighted returns for portfolios formed by grouping investors with high 
exam scores, labelled “eggheads”, by which type of exam they achieved high scores in. 



Appendix F. The effects of control variables 

Independent variables Odds ratio z-stat 

Average portfolio size 1.00*** 3.76 

Average number of stocks in the portfolio 1.04 0.92 

Income 1.00 1.13 

Number of active years 1.22*** 4.09 

Portfolio turnover rate 1.01 0.47 

Average holding period 0.99*** -7.64 

Total number of trades made 0.99 -0.65 

Age 0.99 -0.96 

Male 0.84* -1.78 
***significant at the 1% level; **significant at the 5% level; *significant at the 10% level 

Notes: The table reports the odds ratios and z-values from an ordered logit regression with robust 

standard errors in which the dependent variable takes the value 1 to 4, depending on which quartile the 

investor is in. The table presents only the odds ratios for the control variables. An odds ratio > 1 means 

that the factor positively affects the probability of being among the best performers; an odds ratio < 1 

implies a negative effect. Not all control variables can be used in the same regression due to 

multicollinearity. There is a high correlation between average portfolio size and income, and between 

average number of stocks in the portfolio and total trades made. 

 



Appendix G. The effect of academic abilities and education for investors 
with a small number of transactions compared to investors with a high 
number of transactions 
 

 

Low number of 
transactions 

High number of 
transactions 

Employees Entrepreneurs 

 Odds z-  Odds z- Odds z- Odds z- 

 Independent variables Ratio stat. Ratio stat. Ratio stat. Ratio stat. 

Maths exam bottom quartile 0.623*** -2.85 0.711* -1.79     

Maths exam top quartile 1.49** 2.26 1.27 1.41     

English exam bottom quartile 0.878 -0.81 0.756* -1.88     

English exam top quartile 1.317* 1.87 0.959 -0.27     

Egghead 1.849*** 3.30 1.107 0.60 1.267* 1.91 2.469* 1.71 

Master’s or doctoral degree 0.796 -0.14 0.694* -1.73 1.100 1.09 1.537 1.04 

Bachelor or equivalent degree 1.095 0.76 1.132 1.00 1.814 0.60 5.753*** 3.53 

Degree in information technology 1.753* 1.85 1.344 1.56 1.511*** 2.83 0.991 -0.01 

Degree in economics or business 0.883 -0.78 1.436** 2.17     

Degree in finance  0.871 -0.34 1.493 0.72     

Degree in maths or statistics  0.756 -0.41 0.38 -1.38     

***significant at the 1% level; **significant at the 5% level; *significant at the 10% level 

 

Notes: The table reports the odds ratios and z-values from ordered logit regressions with robust standard 

errors in which the dependent variable takes the value 1 to 4, depending on which quartile the investor is 

in. The column “low number of transactions” represents investors with up to 5 trades during the sample 

period and the column “high number of transactions” represents investors with clearly more than average 

number of trades, meaning more than 50 trades. The table presents the results for the effect of academic 

abilities and education using single regressions with controls (omitted from the table). An odds ratio > 1 

means that the factor positively affects the probability of being in the quartile; an odds ratio < 1 implies a 

negative effect. 



Appendix H. The effect of educational characteristics on performance in logit regressions by quartiles 

 Quartile 1 
Quartile 

2 
Quartile 

3 Quartile 4 Quartile 1 Quartile 2 Quartile 3 Quartile 4 
 Regressions without controls Regressions with controls 
Maths exam top quartile 0.75*** 1.01 1.12 1.16* 0.79** 1.06 0.99 1.24* 
English exam top quartile 0.75*** 0.88 1.19** 1.22** 0.81* 0.86 1.28** 1.12 
Maths exam bottom quartile 1.53*** 1.01 0.86* 0.74*** 1.46*** 1.04 0.88 0.71*** 
English exam bottom quartile 1.23*** 1.08 0.92 0.81** 1.16 1.18 0.91 0.78** 
Eggheads (high IQ top academics) 0.74*** 0.74*** 1.35*** 1.24*** 0.69*** 0.93 1.25* 1.23 
Master’s or doctoral degree 0.67*** 1.22* 1.17 1.01 0.39 0.65 2.35 1.45 
Bachelor or equivalent degree 0.87*** 0.98 1.06 1.11* 0.87 0.85* 1.14 1.17* 
Degree in economics or business 0.88** 1.05 0.95 1.13** 0.93 1.04 0.84 1.26** 
Degree in information technology 0.78** 0.69*** 1.31*** 1.29*** 0.67** 0.79 1.17 1.50** 
Male (dummy)     1.36** 0.75** 1.01 0.90 
Age     1.02 0.99 0.97** 1.02 
Income     1.00* 1.00 1.00 1.00 
Number of active years     0.84*** 0.89 1.13** 1.14** 
Avg. number of stocks in the portfolio    0.79*** 1.10* 1.20*** 0.96 
Average holding period     1.00*** 1.00*** 1.00 1.00*** 

       ***significant at the 1% level; **significant at the 5% level; *significant at the 10% level 

Notes: The table reports the odds ratios for logit regressions run for each risk-adjusted performance quartile. Quartile 1 is associated with the lowest return and quartile 4 with 

the highest return. The dependent variable takes the value 1 if the investor is in the particular quartile. An odds ratio > 1 means that the factor positively affects the probability 

of being among the best performers; an odds ratio < 1 implies a negative effect. 



Appendix I. The effect of educational characteristics on performance in logit regressions by quartiles in different 
periods 

 2004-2007 2007-2009 2009-2012 

 Q1  Q2 Q3 Q4 Q1  Q2 Q3 Q4 Q1  Q2 Q3 Q4 

Maths exam top quartile 0.78* 0.95 1.22 1.08 0.98 1.13 1.23 0.77** 0.85 1.12 1.10 0.95 

English exam top quartile 0.88 1.04 1.23* 0.91 0.92 0.95 1.11 1.02 0.86 1.05 1.00 1.13 

Maths exam bottom quartile 1.32** 0.88 0.95 0.94 0.99 0.99 0.76* 1.27* 1.21 1.06 0.88 0.85 

English exam bottom quartile 0.88 1.07 1.03 1.02 0.96 1.08 0.99 0.99 1.12 0.98 0.98 0.91 

Eggheads (high IQ top academics) 1.06 0.85 0.88 1.29** 1.16 1.02 0.74** 1.14 0.98 1.05 1.14 0.85 

Master’s or doctoral degree 0.65*** 1.05 1.75*** 0.76** 0.96 0.88 1.43** 0.79 0.70** 0.88 1.27 1.26 

Bachelor or equivalent degree 0.85** 1.09 1.10 0.98 0.97 0.99 1.29*** 0.81*** 0.70*** 1.11 1.19** 1.14 

Degree in economics or business 0.97 0.95 1.23*** 0.90 0.90 1.03 1.39*** 0.76*** 0.73*** 1.01 1.10 1.26** 

of which degree in finance 0.93 1.19 1.16 0.76 0.68 1.83*** 0.95 0.78 0.80 1.90** 0.76 0.74 

Degree in information technology 0.80 0.75* 1.12 1.39** 1.00 1.06 0.74* 1.23 0.70** 1.01 1.01 1.38** 
***significant at the 1% level; **significant at the 5% level; *significant at the 10% level 

Notes: The table reports the odds ratios for logit regressions run for each risk-adjusted performance quartile. Quartile 1 (Q1) is associated with the lowest 

return and quartile 4 (Q4) with the highest return. The dependent variable takes the value 1 if the investor is in the particular quartile. An odds ratio > 1 means 

that the factor positively affects the probability of being among the best performers; an odds ratio < 1 implies a negative effect. 


