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Low cognitive ability estimates in 
developing countries: A statistical analysis 
of their credibility
Developing countries tend to achieve weak results in inter-
national assessments of cognitive competence. Their perfor-
mance is typically about one to two standard deviations below 
the average scores obtained in Western countries. The results 
are sometimes so low that they appear difficult to believe. For 
example, in the World Bank dataset, Nigeria scored 262 stu-
dent assessment points (SASQ, about two and a half standard 
deviations below the norm of 500, equivalent to an IQ of 64). 
In the Altinok and Diebolt dataset, Yemen scored 273 SASQ 
(equivalent to an IQ of 66). These results have sparked criti-
cism, and ethical as well as political-ideological debates, cul-
minating in motivated retractions of scientific papers. In this 
paper, we cross-validate the reported values by comparing 
different data sources and applying statistical predictions. 
Across test paradigms, the results for groups of countries ap-
pear consistent. However, substantial discrepancies remain 
for individual countries. The same holds for comparisons 
across test collections: aggregated country results are similar, 
while single-country outcomes differ. Using education, GDP 
per capita, and political indicators to predict test scores yields 
somewhat higher values for the Global South (by about 5 IQ 
points), with the strongest effects observed in Latin America 
(rising from 78 to 86 IQ points). Where large discrepancies 
occur between observed and predicted test results, the poten-
tial for improvement appears substantial. Cultural and evolu-
tionary background factors proved to be stronger predictors 
than political variables, whereas genetic distance to South or 
East Africa was less predictive.

1. Introduction

Developing countries (also referred to as the Third World, emerging economies, 
or the Global South) achieve weak results in international studies of cognitive com-
petence – typically one to two standard deviations below the averages obtained in 
Western countries. Some scores are so low that they are hard to believe. What can be 
their meaning? For example, in a World Bank student achievement dataset (Angrist 
et al., 2021), Nigeria scored 262 student assessment points (SASQ), about 2.5 stand-
ard deviations below the norm of M=500, SD=100, equivalent to an IQ of 64. In the 
Lim et al. (2018) combined dataset of student and psychometric intelligence tests, 
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Yemen scored 336 SASQ (IQ 75). The results for Yemen were even weaker in the 
pure student achievement study collection by Altinok and Diebolt (2024): 273 SASQ 
(equivalent to an IQ of 66). Yet the conversions 

appear overly optimistic, as the UK scored above the SASQ mean in all three studies 
(519, 527, and 535, respectively). If the UK benchmark were set at 100 IQ (equiva-
lent to a national mean of 98–99 including immigrants), the adjusted scores would 
be lower: around IQ 59–60 for Nigeria and 61–70 for Yemen. For comparison, Lynn 
and Becker (2019) reported slightly higher IQs for these countries – 68 for Nigeria 
and 72 for Yemen – using the UK (IQ 98) as benchmark. Finally, based on PISA for 
Development data (Programme for International Student Assessment in developing 
countries), education economists Lant Pritchett and Martina Viarengo (2021, p. 1) 
concluded that “the vast majority of children in these countries would not reach the 
minimum targets.”

Such low results have sparked opposition, scientific critique, and ethical and 
political-ideological debates, at times leading to motivated retractions of scientific 
papers (e.g., Rindermann, 2024a). For instance, Rebecca Sear (2022, p. 1) wrote that 
Lynn and Becker’s IQ dataset were “not fit for purpose” and “not only inaccurate 
but systematically biased”. Or Kevin Bird (2020, p. 472) accused the Lynn data of 
“systematic bias”. Of course, all scientists, including those from other disciplines, 
may condemn Lynn and Becker’s data.1 However, when using student achievement 
data, the results are generally similar or even worse. For example, instead of IQ 68 
for Nigeria (Lynn & Becker), student achievement-based estimates yield IQs of 84 
or 71 (SASQ converted to an IQ scale, benchmark UK 99 IQ points, Lim et al.) and 
64 or 59 (UK=98, World Bank). Similarly, instead of IQ 72 for Yemen (Lynn & 
Becker), the corresponding estimates are 75 or 70 (UK=99, Lim et al.) and 63 or 57 
(UK=98, World Bank).

There appear to be differences between data sources, but at least for these two 
countries one cannot conclude that Lynn and Becker’s IQ data systematically yield 
lower results. Russell Warne (2023, p. 219), an intelligence researcher who compared 
Lynn and Becker’s psychometric intelligence tests with various student assessment 
surveys (e.g., the World Bank collection), described their collection as “a scientifi-
cally worthwhile endeavor”. It should also be noted that student achievement studies 
seem to enjoy a kind of protective shield against criticism, even though some results 

1 Rebecca Sear is a “demographer and anthropologist” at the “London School of Hygiene 
and Tropical Medicine” (21.06.2023, www.rebeccasear.org), Kevin Bird is a plant specialist. 
There is no evidence of training in psychometric diagnostics or student achievement studies.
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are clearly dubious or even fraudulent and remain uncorrected in most collections 
(with values deviating sharply upward from other studies and neighboring countries, 
e.g., Kazakhstan in TIMSS 2007 and Cuba in LLECE 1997 and 2005–2006; see 
Rindermann, 2018, Appendix, pp. 2, 4).2

However, it cannot be denied that results in many developing countries are 
implausibly low. Particularly striking are the scores at the 5th percentile. Student 
achievement studies typically report not only mean scores but also ability levels at 
the 95th percentile (“intellectual classes,” “smart fraction,” “skilled human capital”) 
and at the 5th percentile (“low performers”). In Ghana, students at the 5th percentile 
achieved an SASQ of 99, corresponding to an IQ of 36 (four standard deviations be-
low the mean). After correcting for age differences (students being older or younger 
than the international mean) and extrapolating to the entire age cohort, including 
out-of-school adolescents, the results fall to SASQ 58 or IQ 31. These corrections 
are deliberately moderate, as we assumed that out-of-school youth in countries with 
lower achievement levels lose fewer developmental opportunities by being out of 
school (Rindermann, 2018, Appendix, p. 9).

What do such low results mean? Can they be accurate? Richard Nisbett (2009, 
pp. 214f.) questioned this very point:

“Let’s stop and think for a moment about what an IQ of 70 might mean, if we took 
it seriously as an actual indicator of intelligence of sub-Saharan blacks. ... Given what 
we know about people with such low IQs in our society, the average African, then, 
might not be expected to know when to plant seeds, what the function of a chief might 
be, or how to calculate degrees of kinship. Obviously something is desperately wrong 
with these African IQ scores. They cannot possibly mean for the African population 
what they do for people of European culture.”

Or consider 2023, when student assessment researcher Leslie Rutkowski stated: 
“This adjusted score [from Lynn and Becker] puts the population of Burkina Faso 
at just above intellectually disabled, according to the DSM-V, or what was referred 
to as ‘mentally retarded’ in earlier versions of the DSM.” Richard Nisbett similarly 
remarked: “Obviously something is desperately wrong” – but what exactly seemed 
“obvious” to him, and what evidence did he provide to support this judgment? In a 
comparable case, Arthur Jensen (1998, pp. 367ff.) raised the same issue as Nisbett 
(and Rutkowski): low IQ results appear to have a different meaning for people in the 

2 PISA: Programme for International Student Assessment.
TIMSS: Trends in International Mathematics and Science Study.
PIRLS: Progress in International Reading Literacy Study.
LLECE: regional Latin American Laboratorio Latinoamericano de Evaluación de la Calidad 
de la Educación (LLECE) study.
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US of European descent compared with those of African descent. Based on “my own 
observation and testing of pupils in special classes,” Jensen (1998, p. 367) wrote:

 “In social and outdoor play activities ... black children with IQ below seventy 
seldom appeared as other than quite normal youngsters – energetic, sociable, active, 
motorically well coordinated, and generally indistinguishable from their age-mates in 
regular classes. But this was not so for as many of the white children with IQ below 
seventy. More of them were somehow ‘different’ from their white age-mates in the 
regular classes. They appeared less competent in social interactions with their class-
mates and were motorically clumsy or awkward.” 

For teachers, white pupils with an IQ of 70 or lower generally appeared to have 
intellectual disabilities, whereas black pupils with similar scores did not. Neverthe-
less, the validity of IQ measures – e.g., in predicting results on cognitive tasks at 
school that require conceptual learning and problem-solving – was similar for both 
groups. Jensen explained the different patterns of competence in less cognitively 
demanding situations, where black children tended to perform better, as reflecting 
different causes of low intelligence: Among white children, an IQ of 70 or below 
was often the result of a severe neurological impairment leading to general mental 
retardation, whereas among black children low IQ more often represented a normal 
deviation from the mean. Taken together, Nisbett’s and Jensen’s arguments under-
score the importance of drawing on evidence from everyday life and behavior.

2. Aims and outline of the study

The aim of this study is to examine whether the relatively low scores in cogni-
tive competence tests in developing countries are accurate or misleading. To as-
sess the credibility and meaningfulness of these results, we employ several methods: 
First, we compare the results of different test paradigms (student achievement, adult 
achievement, psychometric intelligence tests). Second, we compare the results of 
different test collections (Altinok & Diebolt, 2024; Gust, Hanushek & Woessmann, 
2022; Lim et al., 2018; Lynn & Becker, 2019; Rindermann, 2018; World Bank/An-
grist et al., 2021). Third, we predict ability levels using theoretically and empirically 
relevant variables such as education, wealth (GDP per capita), and background fac-
tors. The prediction formulas are estimated on samples excluding the target countries 
and then applied to them.3

3 The study is a revised version of Rindermann (2024a), which was retracted without scientific 
reasons given (Rindermann, 2025). Significant changes: 1. New data from student achievement 
studies. 2. Alternative measures for evolutionary background. 3. Linguistic refinement using 
Large Language Models. 4. Separate publication of the section on qualitative observations.
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3. Method
3.1	Data bases
The following seven sources were used:

(1) Cognitive ability (Rindermann dataset): Data from several student assessment 
studies were combined (PISA, TIMSS, PIRLS, and others from 1991 to 2019; see 
Rindermann, 2018; Rindermann & Carl, 2020; updated March 2022). The student 
assessment means were merged with data from psychometric intelligence tests 
(Lynn & Becker, 2019). Adjustments were made for age (students in some countries 
are older or younger than the international average; older = malus, younger = bonus) 
and for school attendance (the proportion of youth attending school may be higher 
or lower than the international average; higher = bonus, lower = malus). Student data 
from countries with only regional coverage were adjusted to be nationally represent-
ative (e.g., Shanghai for China). Dubious results were excluded (e.g., Kazakhstan 
in TIMSS 2007; Cuba in LLECE 1997 and 2005–2006). IQ estimates not directly 
measured but inferred from neighboring countries were also downgraded (malus). 
The UK was set at around 99 (Greenwich norm: British natives at IQ 100; including 
immigrants, the national mean is about IQ 98–100). Data are given for 199 countries 
(including estimated but corrected values based on data from Lynn & Becker, 2019). 
This dataset includes corrections that are not entirely free of subjective judgment 
but are scientifically grounded, though open to alternative interpretations (e.g., Rut-
kowski et al., 2024).
(2) Altinok and Diebolt (2024) compiled and estimated “learning outcomes” based 
on student achievement tests for 224 countries and territories from 1970 to 2020 in 
five-year intervals. They drew on large international surveys (TIMSS, PISA, PIRLS) 
as well as regional studies (e.g., SACMEQ and LLECE). However, the dataset has 
several problems: 1. It is unclear for which years actual measurements exist. Accord-
ing to their Table 3, there are 118 “observations” in reading and 104 in math for 1975. 
Yet I am not aware of any international comparative student achievement study from 
1975. Measurements are not distinguished from imputations. 2. The method of esti-
mation is insufficiently described, only: “We use a multiple imputation technique.” 
(p. 705). 3. It is unclear what the scale, which (as I assume) has a theoretical mean 
of 500 and a standard deviation of 100, represents. While this is irrelevant for cor-
relational studies, it matters for comparisons of mean levels. We combined the data 
for 2015 and 2020, yielding mean scores for 150 countries. Compared with all other 
datasets, the UK recorded the highest score in this collection, with 535 SASQ.
(3) Student achievement (human capital): Angrist, Djankov, Goldberg, and Patrinos 
(2021) present an average measure of cognitive ability – or “cognitive human capi-
tal”, as the authors call it – based on student assessment studies. The World Bank 
research group compiled data for 163 countries and reported results on a student 
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rating scale with a theoretical mean (norm value) of 500 and a standard deviation of 
100 (see Table 2).
(4) Cognitive human capital (learning): Lim et al. (2018) present a score for cogni-
tive ability based on student assessment studies and psychometric intelligence test 
data. They refer to it as “learning” or “education quality.” Data are reported for 192 
countries on a student assessment scale (500/100).
(5) Student achievement: Gust, Hanushek, and Woessmann (2022) compiled student 
assessment studies and calculated a mean score, which they term the “mean achieve-
ment of students on a global scale.” A second measure captures the percentage of 
youth (not only students) in a country who reach at least a basic ability level, defined 
as SASQ 410–420 or higher (originally reported as the share of children not reaching 
this level, which we inverted into a positive variable). According to PISA, pupils at 
this level are able to identify information and perform routine procedures following 
direct instructions in explicit situations. Data are available for 159 countries.
(6) Adult cognitive ability (adult competencies): The Programme for the Interna-
tional Assessment of Adult Competencies (PIAAC) measured reading literacy, nu-
meracy, and problem solving among adults aged 16 to 65 (conducted in 2011/12 with 
an additional sample in 2014/15; OECD, 2013, 2016). PIAAC employs a different 
scale (M=263, SD=18). We transformed the scores – using a formula based on coun-
tries with results in both datasets – onto the SASQ and IQ scales. Data are available 
for 33 countries.
(7) Psychometric intelligence: Lynn and Becker (2019) compiled results from vari-
ous intelligence tests conducted in different years and with different samples to pro-
duce a common mean. Data quality varies across countries; for example, the U.S. 
(k=58) has many more samples than Argentina (k=5). Measured results are reported 
for 129 countries (our study does not include their values estimated from neighbor-
ing countries). In subsequent steps, Lynn and Becker also combined psychometric 
intelligence test results with student assessment data, which are likewise not includ-
ed in the present study.
The datasets by Rindermann, Altinok, the World Bank, Hanushek, the OECD, and 
Lynn represent improvements and extensions of earlier versions produced by these 
authors and institutions. All draw on results from international student assessment 
studies such as PISA, TIMSS, and PIRLS, and many also incorporate data from 
regional studies, including LLECE in Latin America and SACMEQ (Southern and 
Eastern Africa Consortium for Monitoring Educational Quality) in Africa.
As suggested by previous research, we assume that, for both theoretical (cognitive 
and substantive) and empirical (correlation, factor analysis) reasons, psychometric 
intelligence tests and student assessment studies measure largely similar constructs 
(e.g., latent r=.83 Kaufman et al., 2012; r=.73, Pokropek, Marks & Borgonovi, 2022; 
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Rindermann, 2024b; Rindermann & Baumeister, 2015). A notable issue is that, in 
student achievement studies, it is often unclear what the scale values of 500 (M) and 
100 (SD) represent – i.e., which country sample and time point define the average. 
However, the scores can subsequently be standardized to Great Britain (Greenwich) 
as 500, leaving the standard deviation unchanged.
3.2	 Prediction formula
We used five plus two additional variables to derive the optimal formula for predict-
ing cognitive ability at the country level. These variables are widely regarded as key 
determinants, correlates, and consequences of high or low cognitive ability at both 
the national and individual levels (Ceci, 1991; Hanushek & Woessmann, 2015; Har-
rison, 2013; Jones, 2016; Rindermann, 2018):
(1) Educational level (attainment) of society: Standardized values of three measures 
were averaged: 1. Adult literacy rate – the ability to read and write simple sentences 
or perform comparable basic tasks (e.g., filling out an application form) for the popu-
lation aged 15 and older (Kurian, 2001, p. 349f.; N=195 countries). 2. Percentage of 
12- to 19-year-olds from 1960 to 1985 (corresponding to the cohorts assessed in old-
er student studies, now adults) who completed secondary school (Mankiw, Romer, 
& Weil, 1992; N=117). 3. Mean years of schooling of individuals aged 25 and older 
for 1990, 1995, and 2000 (Barro & Lee, 2000; N=107). All sources used data from 
the UN or comparable organizations. The combined index (Cronbach a=.93 for 101 
countries with common data) is reported for 195 countries. School education is a 
strong predictor of cognitive ability at both the individual and national level, and 
also a causal factor in the development of thinking ability and knowledge acquisi-
tion (Rindermann & Ceci, 2018; Ritchie & Tucker-Drob, 2018; correlations at the 
international level see Table 3). However, cognitive gains vary across countries and 
exhibit diminishing returns with longer durations of schooling.
(2) Wealth (income, output): Logarithm of per capita GDP around 2010, measured in 
1990 international dollars (Maddison, 2008; 2010 from Bolt & van Zanden, 2013). 
Since an increase in income at lower levels arguably has a greater impact on quality 
of life, we used the natural logarithm of GDP. This transforms nonlinear, exponen-
tial increases in currency units into linear increases in more meaningful “quality 
of life” units.4 The more recent Maddison dataset contains fewer countries (N=117 
versus 159), so we combined the 2008 and 2010 data after standardization, yield-
4 Numerically identical increases at different income levels have different implications for 
quality of life. For example, a $5,000 increase from $5,000 to $10,000 substantially improves 
nutrition, health, housing quality, and education, whereas the same increase from $60,000 to 
$65,000 has a much smaller effect, often limited to discretionary expenditures. Consequently, 
statistical analyses of wealth indicators typically use the natural logarithm to account for these 
nonlinear effects (Rindermann, 2018, p. 3).
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ing N=161.5 According to the theory of cognitive human capital, cognitive ability 
enhances productivity and wealth at the individual, institutional, and national lev-
els (e.g., Francis & Kirkegaard, 2022; Gottfredson, 2003; Hanushek & Woessmann, 
2015; Jones, 2016; Rindermann & Becker, 2018). At the same time, cognitive devel-
opment is influenced by health and environmental quality, both of which depend on 
wealth (e.g., Eysenck & Schoenthaler, 1997). Overall, wealth can therefore serve as 
a predictor of intelligence at the national level.
(3) Positively valued politics: This index is the average of three political variables 
– rule of law, political freedom, and democracy – measured over a long period dat-
ing back to the 1950s (a=.88, N=201; Rindermann & Carl, 2020). Cognitive ability 
positively influences rule of law, political freedom, and democracy, and longitudinal 
studies indicate that rule of law, in turn, has a positive effect on cognitive ability 
(e.g., Oesterdiekhoff, 2014; Rindermann, 2018).
(4) Religion (culture): Data on religious affiliation (percentage of adherents) were 
obtained from the German Foreign Office (www.auswaertiges-amt.de), a country 
encyclopedia (Yearbook/Jahrbuch, 2004), and the CIA World Factbook (www.cia.
gov/cia/publications/factbook). Data, particularly for developing countries, were of-
ten missing and had to be re-estimated or corrected. In East Asia, Confucianism was 
assumed to be the predominant religion. Some religions (e.g., Buddhism, Confucian-
ism) overlap with broader worldviews. An index was developed in which religions 
were weighted according to their support for education, rationality, and achievement 
orientation (Rindermann, 2018, Section 10.8). Data are reported for 202 countries. 
Religions operate as worldviews, exerting influence through the original message 
(sacred founding texts), the model effect of the religion’s founder, interpreted and 
revised doctrines and their changing understanding over time, and contemporary 
lived practice. Several studies report positive effects of Protestantism, Judaism, and 
Confucianism on cognitive outcomes (e.g., Becker & Woessmann, 2009; Harrison, 
2013; Rindermann, 2018).
(5) Brain size (cranial capacity, evolution): Data on cranial capacity were obtained 
from Beals, Smith, and Dodd (1984, p. 304, Figure 4). A research assistant assigned 
numerical values to different countries based on map shading. For populations alive 
today (e.g., in Australia and the Americas), values were estimated from the frequen-
cies in their countries of origin (N=184). Measurement limitations (e.g., direct brain 
imaging would provide more accurate data) are likely to result in an underestimation 
of correlations. Brain size has a causal effect on intelligence (Gignac & Bates, 2017; 

5 We also examined three alternative measures of income and wealth – the Penn World Tables, 
the Human Development Report, and Credit Suisse – but all were less strongly correlated with 
cognitive ability. For this reason, we retained the Maddison measure to optimize prediction (the 
aim here). 
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Lee et al., 2019), but it is partially endogenous to wealth, i.e., not entirely independ-
ent of economic factors (Lynn, 1990). For purely statistical predictions, as in the 
present study, this endogeneity is not problematic. Cranial capacity serves not only 
as a measure of brain size but also as an indicator of evolutionary history, which is 
useful for predictive purposes (Rushton & Rushton, 2004; Will et al., 2021).
(6) Genetic distances to Africa (evolution): Brain size is only an indirect indicator of 
evolutionary history. A better indicator is the degree of genetic distance from humans 
in the regions where evolution originated (South Africa or East Africa). There are 
two measures: Genetic distance from the cradle of Homo sapiens in South Africa or 
in Ethiopia. Cavalli-Sforza, Menozzi and Piazza (1994, pp. 75–76) calculated FST 
genetic distances between 42 populations. Spolaore and Wacziarg (2009, pp. 480–
487) used these data to calculate the genetic distances between countries at the coun-
try level and their current populations. FST distance is first and foremost a measure of 
the genealogical relationship between populations. If one takes South or East Africa 
as the “cradle of humanity” as a starting point (León & Burga-León, 2015), then it 
represents an indicator of ancestry as evolutionary history. Upon closer examination, 
the data revealed some implausible results: the four countries that were genetically 
most similar to South Africa were Algeria, Libya, Morocco, and Tunisia, only then 
came Niger and other countries south of the Sahara. The population of the four North 
African countries’ neighbor, Egypt, is genetically much more distant from the South 
African population (which is plausible) than that of these four countries. There is a 
more recent and better data set on genetic distances (Spolaore & Wacziarg, 2018): 
These data are based on human microsatellite variation from Pemberton, DeGiorgio 
and Rosenberg (2013) covering 267 worldwide populations. Again, Spolaore and 
Wacziarg calculated the genetic distances between countries at the country level and 
their current populations. I used these data to take the genetic distance from Ethiopia 
(also a cradle of humanity). Data are given for 194 and 173 countries. Both variables 
have a relevant limitation in terms of content: they reflect genetic differences among 
modern humans, rather than genetic differences between modern humans and earlier 
humans in the regions where Homo sapiens evolved.

3.3	Statistical analyses
We performed descriptive analyses (means, standard deviations, frequencies) 

as well as correlation and regression analyses. Countries were grouped into three 
categories: “First World” (Western, Northern, Southern, and Central Europe; North 
America; Trans-Tasman: Australia and New Zealand; East Asian countries that have 
been prosperous for decades; wealthy oil-producing countries), “Second World” 
(former or current Communist countries in Europe and East Asia, relatively wealthy 
countries in Latin America, less wealthy oil-producing countries), and “Third 
World” or “Global South” (sub-Saharan Africa, South Asia, and poorer countries in 
Latin America). The division is somewhat arbitrary, but this poses no major problem, 
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as our focus is primarily on (a) whether different datasets yield comparable results 
across country groups, and (b) whether a formula derived from wealthier countries 
can also predict outcomes in poorer countries. The exact composition of the groups 
is therefore less critical – for instance, it does not substantially affect results whether 
Saudi Arabia is assigned to Group 1 or 2, or Colombia to Group 2 or 3. A continuous 
and more scientific alternative would be GDP per capita.

4	 Results
4.1 Correlations among major international studies and collections on cogni-

tive ability
We compared results from seven datasets on cognitive abilities using correla-

tions (see Table 1). Correlations between the different variables representing na-
tional averages of cognitive ability are generally high (mean r=.84). The lowest 
correlations are observed for the adult literacy study PIAAC, which covers only 
33 countries (mean r=.78). This is partly because PIAAC relies on a single survey 
(compared with PISA, which has been repeated every three years since 2000) and 
partly due to the restricted range of participating countries – no sub-Saharan African 
or Arab countries and only one Latin American country were included. The highest 
correlations are found in the Rindermann dataset (mean r=.90), likely due to its larg-
er sample of countries and wider range of data, as well as the numerous corrections 
applied, including adjustments for age and school attendance, regional samples of 
large countries, and potential errors or fraudulent data. It also contains psychometric 
intelligence test data, which may explain the comparatively higher correlation with 
Lynn and Becker.
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4.2	Means in major international studies and collections on cognitive ability
Tables 2a and 2b present means, standard deviations, and frequencies for the 

grouped categories “First World,” “Second World,” and “Third World” (or “Global 
South”), as well as for eight individual sample countries. It is important to note 
that the different datasets have not previously been standardized together – this is 
particularly evident in the UK, where scores vary substantially between SASQ 489 
and 535 (equivalent d=0.46 or 6.90 IQ points). Nevertheless, the global patterns are 
broadly consistent across datasets. Countries classified as “Third World,” “Global 
South,” or “developing countries” show an average IQ of 73 to 75.6 The frequently 
criticized Lynn and Becker dataset reports an IQ of 74, which is exactly the mean of 
the five broad datasets. According to the Gust-Hanushek-Woessmann dataset, only 
16% of children in these countries achieve basic cognitive skills. 

However, three additional remarks should be made. First, the PIAAC dataset 
reports much higher scores for the Second and Third World – approximately 10 IQ 
points or 60 SASQ points above the other datasets (Table 2b). With only 33 coun-
tries (compared to 129–199 in other datasets), PIAAC is highly selective, including 
primarily well-organized and well-developed countries.

Second, the results reported by Lim et al. appear substantially higher on the 
SASQ scale than on the IQ scale. This pattern is not limited to the Global South but 
holds across all countries. For example, the UK scores IQ 99 (z=−0.07) versus SASQ 
527 (z=+0.27). On the IQ scale, the result lies slightly below the scale mean of 100, 
whereas on the SASQ scale it is above the scale mean. This discrepancy is simply 
a consequence of the conversion from SASQ to IQ. Three conversion variants were 
considered: (a) a simple direct conversion (IQ=(((SASQ−500)/100)x15)+100); (b) 
one that sets Great Britain at around 99 across all datasets; and (c) one that maintains 
comparable standard deviations. In the present analysis, variant (b) was chosen, but 
for other cases variant (a) was applied. It should also be noted that the standard 
deviation of the Lim et al. dataset is much smaller: in the common country sample 
(N=102), SDs for Rindermann, Altinok, World Bank, Gust, and Lynn range between 
SASQ=73 and 88, whereas for Lim et al. the SD is only 65. This compression of the 
scale pushes lower values upward.

Third, major discrepancies appear when examining individual countries. For 
example, Russia scores 536 SASQ points in the Altinok dataset but only 483 in the 
Gust dataset – a difference of 53 SASQ points (d=0.53) – even though both collec-
tions are based on the same original student assessment studies. Such discrepancies 
often stem from questionable methods of combining data, such as relying exclu-

6 One can also consider the country grouping used by Altinok and Diebolt (2024, their Table 2). 
Here, too, the weakest results are observed in developing countries, with sub-Saharan Africa 
at 328 SASQ, followed by South Asia (363), the Middle East (394), and Latin America (402).
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sively on TIMSS as a benchmark even when PISA data are available, excluding 
certain survey years, or using only mathematics scores while ignoring reading. Ide-
ally, all high-quality data should be used, with stronger data weighted more heavily 
than weaker sources. Another striking case is the relatively poor performance of 
South Africa in the Rindermann dataset: SASQ 299 compared to 373 (Altinok), 352 
(World Bank), 348 (Lim et al.), 340 (Gust et al.), and 361 (Lynn & Becker). It should 
be emphasized, however, that Rindermann applies corrections for both the older 
average age of pupils and the proportion of youth outside of school in developing 
countries. Because pupils are often older and school enrollment lower in these coun-
tries, substantial downward adjustments may result.

The same applies to the difference between psychometric intelligence and stu-
dent achievement tests: there are no systematic discrepancies. For example, the 
First World mean across all collections is 97.29 IQ points compared to 96 in Lynn 
& Becker’s intelligence data; the Second World averages 89.86 versus 89; and the 
Third World 74.17 versus 74 (excluding PIAAC, which includes only one develop-
ing country). However, substantial differences can occur for individual countries 
– for instance, Iraq scores 355 SASQ points in the student assessments (data from: 
World Bank, Hanushek) but 429 points in intelligence tests on the same scale.

4.3	Estimated cognitive ability
We correlated the five predictor variables, plus two additional ones, with all 

eight ability measures (Table 3). The strongest associations were found for adult 
educational attainment (average r=.78) and logged GDP per capita (r=.79). Religion 
(culture) and cranial capacity (brain size, evolution) showed average correlations 
of r=.67 and .64, respectively. Positive politics (rule of law, political freedom, and 
democracy) had a lower correlation (r=.60). Genetic distance measures correlate less 
with ability levels than cranial capacity (r=.64 vs. .46/.57 and .20/.27). PIAAC data 
are unusable here, as there are no data available from sub-Saharan Africa. Among 
the eight ability datasets, the highest correlations with predictor variables were ob-
served for the Altinok and Diebolt data and the Gust, Hanushek, and Woessmann 
data (average r=.74/.65 and . 66, respectively). No systematic pattern emerges – for 
example, Lynn and Becker’s intelligence data are not more strongly correlated with 
biological predictors, nor are student assessment results more strongly correlated 
with education. Overall, the correlations of all ability measures follow roughly the 
same pattern.

The prediction formula was generated using the ability dataset with the widest 
country coverage (first column, Rindermann 2018, updated 2022) and the five best 
correlates. For this purpose, countries from the Global South (Third World, develop-
ing countries) were excluded to avoid the prediction formula simply reproducing the 
input values. The aim is to test whether predictor variables yield similarly high (or 
low) results as direct test data in developing countries.
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Table 4: Prediction of national cognitive ability level (student achievement + intelligence; 
Rindermann, 2022 updated).

In a first regression analysis with all five predictor variables, the explained vari-
ance was high (74%, R=.86; Table 4, first column) and robust to the choice of ability 
measure. However, positive politics showed an implausible negative effect (β=−.04, 
r=.60). Reducing the model to four variables yielded the same explained variance 
(74%, R=.86; Table 4, second column). The predictor with the highest standardized 
beta was cranial capacity (β=.39, r=.59). However, education (r=.64) and weighted 
religion (r=.74) had stronger correlations with national ability levels, but these pre-
dictors (education, GDP/c, and religion) are highly intercorrelated and thus “steal” 
predictive power from each other (Table A1). Finally, given possible scientific or 
political reservations about the background variables of culture (religion) and evolu-
tion (cranial capacity), we ran a regression including only the strongest correlates 
– education and wealth – together with positive politics (Table 4, last column). Here, 
explained variance was substantially lower (Formula 2: 52%, R=.72 vs. Formula 1: 
74%, R=.86), but politics now showed a positive effect (β=.19, r=.60).

Low results: Statistical analysis 
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The prediction formula was generated using the ability dataset with the widest 

country coverage (first column, Rindermann 2018, updated 2022) and the five best 

correlates. For this purpose, countries from the Global South (Third World, developing 

countries) were excluded to avoid the prediction formula simply reproducing the input 

values. The aim is to test whether predictor variables yield similarly high (or low) 

results as direct test data in developing countries. 

Table 4: Prediction of national cognitive ability level (student achievement + 
intelligence; Rindermann, 2022 updated) 

Predictors 5 Variables Formula 1 
(reduced, 4,  

with background) 

Formula 2 
(reduced, 3,  

with politics) 
Education adults .26 .26 .48 
GDP/c log .28 .27 .35 
Politics positive −.04 – .19 
Religion weighted .28 .26 – 
Cranial capacity .39 .39 – 

Explained variance R² 74% 74% 52% 
Mean IQ point difference 3.11 3.11 3.87 
N (countries) 78 78 78 
Notes: The cells contain standardized betas (β). “Mean IQ point difference”: If one 

creates a formula for predicting country IQs from these predictors, then in this 
sample of countries the measured value differs from the estimated value by this 
IQ score (in absolute values). Sample excludes Global South. Using the data from 
Altinok results in the same R² (74.05%, N=78 countries, vs. 74.35%, N=71). 

In a first regression analysis with all five predictor variables, the explained variance was 

high (74%, R=.86; Table 4, first column) and robust to the choice of ability measure. 

However, positive politics showed an implausible negative effect (β=−.04, r=.60). 

Reducing the model to four variables yielded the same explained variance (74%, R=.86; 

Table 4, second column). The predictor with the highest standardized beta was cranial 
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Table 5: Means estimated for cognitive ability based on amount of adult education, GDP/c 
and culture/evolution or politics.

We applied the two formulas for predicting cognitive ability levels (Table 5). 
The results for First- and Second-World countries are of limited interest, as the pre-
diction formulas were derived from these samples. A comparison of Tables 2 (2a 
SASQ, first column; 2b IQ, first column) and 5 reveals negligible mean differences 
between measured and predicted values for these groups (difference≤2 IQ points). 
In contrast, countries of the Global South (Third World) show slightly higher pre-
dicted scores. Using the more predictive formula, which includes religion (culture) 
and brain size (cranial capacity), the improvement is only 12 SASQ points or 2 IQ 
points (z=0.12), which is negligible. The less predictive but more “politically cor-
rect” formula (with education, GDP per capita, and politics) yields a larger increase 
of 30 SASQ points or 5 IQ points (z=0.30).

Examining different world regions, the largest improvements based on predic-
tion values are observed in Latin America, where IQ rises by 8 points from 78 to 
86 (Table 6). Depending on the formula used, sub-Saharan Africa increases by 3 IQ 
points (Formula 1: from 67.44 to 71.57) or by 7 IQ points (Formula 2: from 67.44 
to 74.12; Table 6). Applying Formula 2 – but not the more accurate Formula 1 – re-
sults in a substantial decline in East Asia (Formula 1: −1 IQ point, from 102 to 101; 
Formula 2: −10 IQ points, from 102 to 92). This discrepancy is largely attributable 
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Table 5: Means estimated for cognitive ability based on amount of adult education, 
GDP/c and culture/evolution or politics 

 Estimated Cognitive Ability 
(using education, GDP/c, religion 
and cranial capacity, formula 1) 

Estimated Cognitive Ability 
(using education, GDP/c and 

politics, formula 2) 
Measure SASQ IQ SASQ IQ 
First World 477 97 474 96 
Second World 427 89 429 89 
Third World 332 75 350 78 

China 488 98 401 85 
UK 481 97 484 98 
USA 499 100 512 102 
Russia 446 92 446 92 
Brazil 403 86 400 85 
Indonesia 355 78 389 83 
Egypt 367 80 368 80 
South Africa 368 80 404 86 

Mean (SD) 388 (73) 83 (11) 397 (65) 85 (10) 
Notes: China in test results huge overachiever (ca. +60 SASQ), also Russia (ca. +30),  

South Africa in tests underachiever (ca. −80 SASQ). N=159 countries. Example 
countries below were selected based on population size, political relevance and 
availability of data. 

We applied the two formulas for predicting cognitive ability levels (Table 5). The 

results for First- and Second-World countries are of limited interest, as the prediction 

formulas were derived from these samples. A comparison of Tables 2 (2a SASQ, first 

column; 2b IQ, first column) and 5 reveals negligible mean differences between 

measured and predicted values for these groups (difference≤2 IQ points). In contrast, 

countries of the Global South (Third World) show slightly higher predicted scores. 

Using the more predictive formula, which includes religion (culture) and brain size 
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to relative poverty in China, Mongolia, and especially North Korea, as well as the 
low level of democratic, liberal, and constitutional development in China and North 
Korea.

Overachievement in test results but underachievement in predicted values (e.g., 
China, North Korea, Russia) may indicate: (a) biased measurement (e.g., positively 
selected samples or cheating), (b) potential for greater societal development based 
on cognitive human capital, or (c) flaws in the prediction formula or in the underly-
ing causal theories.

In general, it is important to note that when values are predicted using regression 
equations, extreme values tend to be regressed toward the mean. This can be seen by 
comparing the standard deviations (here reported to two decimal places). The meas-
ured cognitive mean from Rindermann (Table 2b, column 1) has a standard deviation 
of 12.52 (IQ scale), whereas the predicted values (Table 5, columns 2 and 4) have 
standard deviations of 11.01 and 9.68. The measured mean is negatively correlated 
with the differences between predicted and observed values (predicted − measured) 
at r=−.52 and −.67 (N=157 countries). In other words, countries with high measured 
values tend to decrease, while countries with low measured values tend to increase. 
The negative correlation is stronger for the less predictive second formula (lower 
multiple correlation).

Examining individual countries reveals substantial differences between meas-
ured and predicted values. For China, estimated values are lower, particularly when 
applying the reduced Formula 2: the measured IQ is 101 (range 101–108), whereas 
the predicted IQ is 98 (Formula 1, including culture and cranial capacity) or 85 (For-
mula 2, including politics). This discrepancy can be interpreted in three ways: (1) 
the test results are biased, for example because most data come from the developed 
eastern and southern coastal regions such as Shanghai; (2) societal development – 
particularly in wealth and political institutions – lags behind cognitive test results; or 
(3) the prediction formula is incomplete, missing relevant causal variables such as 
culture and evolution.

Regarding interpretation (1), many inland children in eastern and southern Chi-
na are not entitled to attend school in their new residence under the Hukou system 
(Chen & Feng, 2013) and are therefore not tested. Moreover, student achievement 
studies report results for only a few eastern and southern regions. Consequently, 
PISA-based values for China have consistently been corrected downward in the Rin-
dermann dataset (SASQ −57, IQ −8.55). 

The second interpretation is that the high measured cognitive scores may indi-
cate favorable future development in terms of GDP per capita and political institu-
tions. Over the past decades, China has experienced significantly higher economic 
growth than other East Asian countries, the West in general, and other emerging na-
tions. In contrast, political development – measured by rule of law, political freedom, 



276 RINDERMANN

and democracy – has not advanced markedly since the 1990s. This suggests that the 
theory of the emancipatory effects of education, intelligence, and knowledge may re-
quire adjustment; for instance, with regard to human rights, cultural factors appear to 
be more important than cognitive ones (Rindermann & Carl, 2018). Developments 
in other East Asian countries since World War II (e.g., Japan, Taiwan, South Korea) 
support a cognitive-political modernization theory. Time will tell.

North Korea has never participated in any student achievement or psychometric 
intelligence study. The only available data come from the International Mathemati-
cal Olympiads (IMO). Reported values are: measured “IQ” 103 (Lim et al. report IQ 
93; Table 6), and estimated IQ 96 (Formula 1, including culture and cranial capacity) 
or 84 (Formula 2, including politics). It is difficult to map the ranking of the top six 
IMO students to the scales of student achievement or intelligence test studies (e.g., 
what SASQ or IQ corresponds to a 4th-place IMO ranking?). The ability level of the 
intellectual classes (95th percentile) was used as a benchmark for comparison, and 
the estimated value was extrapolated to the mean. As always, the formula was devel-
oped using a country sample common to both datasets. Of course, a value based on 
only six students is far less meaningful than one derived from a representative sam-
ple, even after corrections. North Korea has also been disqualified twice for fraud at 
the IMO.7 Nevertheless, given the cognitive resources, it can be assumed that politi-
cal reforms could lead to favorable economic development.

Russia (measured IQ 97, range 93–101; estimated IQ 92 in both formulas) is 
another “test overachiever.” There is no evidence of fraud or low representativeness 
in the samples. It is more likely that societal development (in GDP per capita and 
political institutions), which is used in our formulas, lags behind the country’s cogni-
tive potential. A more positive development appears possible given its cognitive (and 
other, e.g., mineral) resources.

Underachievement in test results but overachievement in the prediction formula 
is generally observed in developing countries. However, two caveats should be not-
ed: the underachievement in test scores is typically small (maximum 5 IQ points), 
and when applying Formula 1, which includes culture and brain size, the difference 
is only 2 IQ points – a negligible gap. The tests do not appear to severely underesti-
mate cognitive abilities relative to what societal and general conditions would sug-
gest. The remaining underachievement may indicate additional potential for long-
term increases in cognitive abilities (FLynn effect): with improved environmental 
conditions, IQ values could rise in the future. Indeed, there are signs that the Global 
South is catching up (Meisenberg & Lynn, 2023).

7 https://en.wikipedia.org/wiki/International_Mathematical_Olympiad#Penalties (21.09.2023)
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Table 6: Means measured and estimated for cognitive ability for selected countries

However, for individual countries there are substantial gaps (see Table 6). For 
Namibia, Nigeria, South Africa, the Philippines, and Kuwait, the estimates are much 
higher than the measured results, especially when using Formula 2, which omits 
culture and brain size. The superior predictive accuracy of Formula 1 compared to 
Formula 2 (74%, R=.86 vs. 52%, R=.72), established in First- and Second-World 
countries, suggests that omitting background factors such as culture and biology 
leads to biased results.

For Cambodia, the Philippines, Kuwait, and, to a lesser extent, Egypt, there are 
larger discrepancies within the measured results. The psychometric intelligence tests 
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Table 6: Means measured and estimated for cognitive ability for selected countries 
 Measured Cognitive Ability Estimated 

Cognitive Ability 
Estimated 

Cognitive Ability 
Formula Rindermann 2022 

(AD, WB, Lim, Gust, PIAAC, 
LB) 

Formula 1  
(with background) 

Formula 2 
(with politics) 

UK (Great Britain) 100 (100, 98, 99, 100, 100, 98) 97 98 
USA 98 (99, 98, 100, 99, 99, 96) 100 102 
China 101 (87, 104, 101, 108, –, 105) 98 85 
North Korea 103 (–, –, 93, –, –, –) 96 84 
Russia 97 (100, 98, 101, 97, 100, 93) 92 92 
Brazil 83 (84, 82, 80, 84, –, 85) 86 85 
Cuba 83 (88, 99, 97, 105, –, 84) 86 89 
Ecuador 78 (84, 81, 76, 83, –, 78) 85 87 
Cambodia 100 (73, 87, 78, 74, –, 100) 71 79 
India 74 (76, 75, 72, 77, –, 79) 75 80 
Indonesia 80 (79, 81, 77, 83, 84, 79) 78 83 
Philippines 77 (72, 75, 70, 78, –, 92) 86 90 
Egypt 78 (78, 77, 72, 79, –, 86) 80 80 
Kuwait 78 (78, 75, 70, 78, –, 92) 85 90 
Nigeria 67 (67, 59, 71, 70, –, 68) 71 75 
South Africa 70 (76, 72, 61, 76, –, 79) 80 86 

Latin America 78 (83, 80, 78, 83, 88, 81) 86 86 

Sub-Saharan Africa 68 (72, 70, 69, 71, –, 69) 71 75 
Notes: Measured Cognitive Ability: results from the Rindermann data base (2022, 

revised version of 2018) and in parentheses the values from Altinok & Diebolt, 
(AD), the World Bank (WB), Lim et al., Gust et al., PIAAC (few countries) and 
Lynn & Becker (LB); Formula 1: using education, GDP/c, religion and cranial 
capacity; formula 2: using education, GDP/c and politics. Example countries were 
selected based on population size, political relevance, availability of data and 
given qualitative information (see text). China achieves an astonishingly low 
value in the Altinok & Diebolt (AD) dataset. The data tables were checked, and 
the reported value for both 2015 and 2020 is 450 SASQ.  

However, for individual countries there are substantial gaps (see Table 6). For Namibia, 

Nigeria, South Africa, the Philippines, and Kuwait, the estimates are much higher than 

the measured results, especially when using Formula 2, which omits culture and brain 

size. The superior predictive accuracy of Formula 1 compared to Formula 2 (74%, 

R=.86 vs. 52%, R=.72), established in First- and Second-World countries, suggests that 

omitting background factors such as culture and biology leads to biased results. 

For Cambodia, the Philippines, Kuwait, and, to a lesser extent, Egypt, there are larger 

discrepancies within the measured results. The psychometric intelligence tests by Lynn 

and Becker tend to overestimate cognitive abilities compared to data from Altinok and 



by Lynn and Becker tend to overestimate cognitive abilities compared to data from 
Altinok and Diebolt, the World Bank, Lim et al., Gust et al., and PIAAC (where 
available). For Russia, Lynn and Becker report a lower value.8 However, in some 
cases, their results are closer to the predicted values (e.g., Russia, as well as Brazil, 
Kuwait, and South Africa). It is likely that a grand average of all ability test collec-
tions would provide a more accurate estimate than any single collection (see Discus-
sion).

Two country comparisons reveal interesting patterns: Egypt and Kuwait are at 
roughly the same cognitive ability level despite vastly different economic condi-
tions. With the exception of the Lynn and Becker data, their IQs are 80 or below. 
However, people in Kuwait are much wealthier: according to our Maddison-based 
dataset, GDP per capita in 2010 was USD 12,554 in Kuwait versus USD 4,096 in 
Egypt; more recent data from the World Bank, IMF, and CIA suggest figures of ap-
proximately USD 46,000 versus USD 13,800.9 Wealth itself does not appear to be a 
decisive factor for intelligence and knowledge. Nevertheless, in the prediction for-
mulas, which include GDP per capita, Kuwait achieves considerably higher results 
– between 5 and 10 IQ points above Egypt. Mineral resources contribute positively 
to GDP per capita, but do not seem to affect measured cognitive ability.

Comparing Nigeria and South Africa reveals a pattern similar to that of Egypt 
and Kuwait: both countries have comparable cognitive ability levels (around IQ 70, 
Table 6). They are fairly average for sub-Saharan Africa. However, the estimated 
(predicted) values are considerably higher for South Africa than for Nigeria. South 
Africans are also somewhat wealthier: according to our Maddison-based dataset, 
GDP per capita in 2010 was USD 5,017 in South Africa versus USD 4,740 in Ni-
geria; more recent data from the World Bank, IMF, and CIA suggest figures of ap-
proximately USD 14,672 versus USD 5,495. South Africa also scores higher on the 
Human Development Index (ranging from 0 to 1, with 1 being the best): 0.597 vs. 
0.423 in 2010 and 0.713 vs. 0.535 in 2022 (UNDP, 2010, 2022). South Africa likely 
benefits from historically established institutions and economic structures, as well as 
from a small cognitive elite that still exists, both of which are remnants of European 
influence. Empirical evidence supporting this is that the ability level of the intel-
lectual classes in South Africa is particularly high: the difference between the 95th 
percentile and the mean is 32 IQ points, compared to 22 IQ points globally and 27 
IQ points on average in sub-Saharan Africa.

Underachievement in test results but overachievement in the prediction formula 

8 According to an email from David Becker, 7 July 2023, there was a mistake regarding Russia. 
The correct psychometric result for Russia is 96.15, not 93.18 IQ points. 
9 https://en.wikipedia.org/wiki/List_of_countries_by_GDP_(PPP)_per_capita, retrieved July 1, 
2023. 
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may indicate: (a) measurement issues, (b) better-than-expected development, for 
example due to natural resources or cognitive elites, or (c) flaws in the prediction 
formula or the underlying causal theories (particularly for formula 2, which excludes 
background variables).

5. Discussion

Low results in cognitive competence studies in the Global South – or, more 
pointedly, poor outcomes in intelligence test studies conducted in developing coun-
tries – have repeatedly been met with skepticism. At times, these studies have even 
faced openly hostile polemics. However, the empirical evidence suggests that the 
test results are not fundamentally flawed.

The tests stem from the tradition of intelligence and student achievement as-
sessments. Data were collected either in single regional studies or in large-scale sur-
veys coordinated by international organizations. The researchers involved represent 
diverse fields, including psychology, economics, political science, health sciences, 
educational research, and mathematics. Despite this methodological and disciplinary 
diversity, the results across paradigms and research traditions are remarkably similar 
at the level of country groups. Correlations between different collections of cogni-
tive ability data are high to very high (rs between .75 to .92; Table 1). Mean scores 
for Third World countries cluster around IQ 73–76 or SASQ 320–408 (Table 2).

A clear challenge in such studies is the differing calibration of scales. For ex-
ample, values for England (UK) range between SASQ 489 and 535 (a difference of 
d=0.46 SDs), or between IQ 98 and 100 (d=0.13 SDs). However, such discrepancies 
can be standardized: not only the reference point (England) can be aligned, but also 
the standard deviations. As the results on the IQ scale and for the benchmark coun-
try England indicate, this has been accomplished to some extent. Regardless of the 
method, test collection, or paradigm chosen, developing countries consistently show 
weak results.

Nevertheless, there are sometimes substantial differences for individual coun-
tries (e.g., Iraq: student assessment results were 355 SASQ points, whereas IQ tests 
on the same scale yielded 429 points). The same holds true when comparing different 
test collections: while grouped country results are similar, individual countries often 
diverge (e.g., for Iraq, Gust et al. reported 378 SASQ, whereas Angrist et al. found 
331 SASQ). Using education, GDP per capita, and politics to predict test scores pro-
duces somewhat higher estimates for the Global South (about +30 SASQ or +5 IQ 
points), particularly for Latin America (+8 IQ points, from 78 to 86) and sub-Saharan 
Africa (+3 to +7 IQ points, depending on the chosen formula). The very fact that PI-
RLS and TIMSS have developed special, easier tests (so-called prePIRLS) for some 
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developing countries to better capture performance at the lower end of the ability 
spectrum – or have administered tests designed for the 4th grade in the 6th grade, or 
for the 8th grade in the 9th grade (e.g., PIRLS 2011 in Botswana, Morocco, Honduras, 
and Kuwait; TIMSS 2011 in Yemen and South Africa) – illustrates the magnitude of 
these ability gaps.

Problems in studies of individual countries should not be swept under the car-
pet. In the case of Cuba (LLECE) and Kazakhstan (PIRLS and TIMSS), there are 
suspicions of fraud, as the reported results appear implausibly high. For some coun-
tries (e.g., Cambodia and Namibia), measured and predicted values (based on educa-
tion, GDP/c, etc.) deviate considerably. Many countries have only participated in a 
single survey or regional study. It would be advisable for these countries to partici-
pate regularly in major international student assessment studies (e.g., PIRLS, PISA, 
TIMSS). This is especially true for India (only two regions took part in PISA 2009), 
China (data are available only for eastern regions), and, above all, sub-Saharan Af-
rica. To improve outcomes and competencies, expanding educational provision (e.g., 
more years of kindergarten, extended schooling) and improving teacher training are 
recommended. Where large discrepancies exist between predictions and test results, 
the potential for improvement appears particularly high.

Despite all possible criticism of seemingly implausible results from cognitive 
ability studies, one should not forget that even with “run-of-the-mill” data produced 
by large international organizations with hundreds or thousands of employees, unu-
sual outcomes occur. Results on wealth (GDP per capita at purchasing power par-
ity, PPP) can also appear odd for individual countries. For example, according to 
the International Monetary Fund (IMF), Ireland is the richest country in the world, 
Guyana is richer than France, and Japan is poorer than Andorra. Moreover, there 
are large discrepancies between different sources for the same variable. For Ireland, 
for instance, the IMF reports $145,196 per capita, the World Bank $126,905, and 
the CIA $102,500. Although these figures are not drawn from exactly the same year 
(2021–2023), one would nevertheless expect the results to be more consistent.10

Weaknesses in national and international data collections are more the rule than 
the exception – for example, in statistics on unemployment, accidents, education, 
and so on (Hu, 2024). For this very reason, numerous robustness checks have been 
conducted with cognitive ability data, which have confirmed their usefulness (e.g., 
Lynn & Meisenberg, 2010). The data on intelligence and knowledge at the country 
level are apparently not so bad after all. Only those who dislike the findings as a 

10  Source: https://en.wikipedia.org/wiki/List_of_countries_by_GDP_(PPP)_per_capita (16 
August 2023). When accessed on September 9, 2025, the data for Ireland were much more 
consistent across the three sources (ranging from 106,000 to 109,000 USD). Apparently, 
according to two of the three sources, Ireland has suddenly become “impoverished.”
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whole – especially for political reasons – are unlikely ever to be convinced.
Even without collecting new data – whether through test studies or observa-

tional studies – the existing data could be further improved: 
A)	One approach would be to first average the results from all collections of cogni-

tive ability studies (with or without prior standardization). This would likely yield more 
accurate overall values.

B)	A more sophisticated approach would be to estimate each country’s ability lev-
els based on other variables (e.g., using the best prediction formula, formula 1) and, 
where appropriate, by reference to ethnically and culturally similar countries – often 
neighboring nations, such as estimating Belgium based on France and the Netherlands 
(and to some extent Germany), or the United Kingdom based on Canada, Australia, and 
New Zealand (and partly Ireland and the Netherlands). The less reliable the measured 
data (e.g., in Cuba, North Korea, or Afghanistan), the greater the uncertainty, the more 
the measured values should be replaced by weighted estimates. Student achievement 
studies such as TIMSS and PISA employ a similar approach for estimating individual 
student achievement, for example, by predicting mathematics scores from reading and 
science scores and using additional biographical information such as sex, migration 
status, parents’ education, and the scores of other students in the same grade and school.

In this way, the existing results could be leveraged to derive even more mean-
ingful country-level averages.

Data availability statement: The dataset used in this study will be made publicly available on Re-
searchGate.
Conflict of Interest: The author declares that there is no conflict of interest. 
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Table A1: Correlations among the predictors in the regression analyses presented in 
Table 4 

 Education 
adults 

GDP/c log Politics 
positive 

Religion 
weighted 

Cranial 
capacity 

Column 1 (all variables) 
Cognitive ability (R, 2022) .64 .57 .60 .74 .59 
Education adults 1 .45 .55 .58 .28 
GDP/c log  1 .69 .62 .05 
Politics positive   1 .82 .16 
Religion weighted    1 .43 

Notes. N=78 countries for all variables. Correlations and number of observations for all 
three regressions presented in Table 4 are identical (only the number of predictors 
vary).  

 


