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Abstract
In 2002, Lynn and Vanhanen produced a dataset which claimed to provide average ‘national IQs’ for nation-states worldwide. Despite extensive critique, this dataset, and subsequent updated versions, have been used in many empirical publications. Here I evaluate the latest version, produced in 2019 by Lynn and Becker, and show that this dataset is not fit for purpose. The primary data sources are inadequate for calculating ‘national IQs’. Most data originates from samples which are wholly unrepresentative of their national populations. Many are convenience samples with small sample sizes, collected over a wide date range (the oldest from the 1940s), often including only children and often including individuals selected because they had particular characteristics (i.e., were deliberately chosen to be unrepresentative). The transformation of cognitive test data from these sources into ‘national IQs’ involved a series of questionable assumptions and arbitrary adjustments. Some of these assumptions were based on Lynn and Becker’s prior beliefs about intelligence, including that regional and racial differences in IQ exist. These methods will result not just in error in the dataset but systematic bias. Even if representative data and appropriate methods were available for constructing ‘national IQs’, it is impossible to generate comparable measures of cognitive ability from culturally diverse populations across the globe. ‘National IQ’ datasets therefore do not provide comparable, accurate and unbiased measures of cognitive ability worldwide, and should not be used to draw inferences about global variation in intelligence.



Introduction
In 2002, Richard Lynn and Tatu Vanhanen produced a dataset which purported to provide an average ‘national IQ’ for nation-states worldwide (Lynn and Vanhanen, 2002). Since 2002, this dataset and its updates have been extensively used by Lynn, his collaborators, and many other researchers in empirical analyses which are used to draw conclusions about the causal effects of cognitive ability on global variation in economic, health, social and political outcomes (see summaries in Lynn and Vanhanen 2012a; Lynn and Becker 2019; also Bird et al, 2024). Lynn and Vanhanen (2002, 2012b) used the dataset to argue that economic development was caused by higher intelligence, and further concluded that “"it will be impossible to eradicate the gap between rich and poor nations "; Lynn & Vanhanen, 2002, p. 340). Kanazawa (2006) used the dataset to claim that mortality rates are higher in lower income countries not because of their lack of access to resources but because their inhabitants are less intelligent. Other authors (e.g. Templer and Arikawa, 2006; Figueredo et al, 2021) have used the dataset to support evolutionary stories which claim that racial, variation in intelligence is innate and evolved due to differing selection pressures in different world regions.  

Such dramatic claims require an extremely strong evidence base, yet the ‘national IQ’ datasets have been extensively criticised on multiple grounds, including cherry-picking of evidence and inadequate primary data sources (Barnett & Williams, 2004; Dickins, Sear, & Wells, 2007; Ebbesen, 2020; Ervik, 2003; Hunt and Sternberg, 2006; Kamin, 2006; Richardson, 2004; Volken, 2003; Wicherts and Wilhelm, 2007; Wicherts, Borsboom, & Dolan, 2010). These criticisms emerged even before the publication of the first ‘national IQ’ dataset (Lane, 1994), given that Lynn earlier used the same methods to calculate IQs for racial groups (Lynn, 1978; Lynn, 1991). One set of critics produced evidence that Lynn and Vanhanen biased the ‘national IQs’ for sub-Saharan Africa by selectively including samples with lower scores and excluding those with higher scores, raising the possibility that the dataset is not just deeply flawed but fraudulent (Wicherts, Borsboom, & Dolan, 2010). Despite this damning documentation of methodological flaws in ‘national IQ’ datasets, by 2019 Lynn and Becker considered that ‘national IQ’ datasets had achieved ‘mainstream acceptance’ (Lynn & Becker, 2019, p10). It is hard to argue with this assessment, given that ‘national IQ’ data are still used in empirical research published in mainstream journals (e.g. Burhan et al, 2023; Jensen and Kirkegaard, 2025[footnoteRef:1]; Peñaherrera-Aguirre et al, 2025), including high impact journals; in 2026, Nature Sustainability published a paper using the dataset (Chu et al, 2026)[footnoteRef:2].  [1:  This paper was published after the editor was alerted to deficiencies in the dataset]  [2:  This paper was published after Springer Nature’s (the journal’s publisher) Research Integrity Group was alerted to the deficiencies of the dataset] 


Here I provide a thorough evaluation of the latest version of the ‘national IQ’ dataset. This evaluation concludes that the dataset does not provide accurate, comparable or unbiased estimates of IQ in nation states worldwide, and should not be used to draw conclusions about cognitive ability.  

The ‘national IQ’ datasets
In 2002, Richard Lynn and Tatu Vanhanen published a ‘national IQ’ dataset in the Appendix of their book IQ and the Wealth of Nations, published by mainstream academic publisher, Praegar. This dataset was based on ‘measured’ IQs for 81 nations, and estimated IQs, extrapolated from ‘measured IQs’, for 104 countries. ‘Measured IQs’ were calculated from previously published primary data sources, which collected data on cognitive ability from individuals using several different cognitive tests. Primary data were subject to various transformations to calculate an ‘average IQ’ for each nation state. The dataset was subsequently updated by Lynn and Vanhanen in 2006 (Lynn & Vanhanen, 2006) and 2012 (Lynn & Vanhanen, 2012b); and Lynn and David Becker in 2019 (Lynn & Becker, 2019). The 2019 version was made available online[footnoteRef:3], and has been further updated (last update 25/10/2023). In the Lynn and Becker version, the calculation of some ‘national IQs’ has incorporated international large-scale student assessment data (from PISA – Programme of International Student Assessment, TIMSS – Trends in International Mathematics and Science Study, and PIRLS – Progress in Reading Literacy Study, which are produced by organisations such as the OECD). The latest version of the dataset provides IQs ‘measured’ from cognitive test scores (sometimes in combination with student assessment scores,) for 130 countries, IQs calculated from only student assessment scores for 20 countries and IQs extrapolated from these ‘measured’ IQs for 51. Offshoots of the dataset also exist, which combine ‘national IQs’ with student assessment scores to create national-level ‘human capital’ (Meisenberg and Lynn 2011) or ‘cognitive capital’ scores (Rindermann 2007; 2018).  [3:  https://viewoniq.org/?page_id=9 ] 


Evaluation of the ‘national IQ’ dataset
I evaluate the latest version of the dataset by considering its potential to provide comparative, accurate and unbiased measures of intelligence worldwide, focusing particularly on the quality and suitability of the samples included. This evaluation involved:
· examining the dataset itself (version 1.3.5, dated 25/10/2023), including the secondary data Lynn and Becker collated and published alongside their calculations of ‘national IQ’ (discussed in Lynn and Becker, 2019, and the website associated with this version2). This secondary data constitutes Lynn and Becker’s assessments of various characteristics of the samples used to calculate ‘national IQ’ (which they refer to as ‘secondary information or data’).
· examining the methodology described in Lynn & Becker’s 2019 book ‘The Intelligence of Nations’, which provides details of the construction of the dataset, with further updates provided on the dataset website. 
· by consulting the primary data sources used to build the dataset

Summarising the dataset
Table 1 presents summaries of the data included in the latest version of the dataset, by world region, to illustrate the nature of the samples used. This table immediately raises concerns about the dataset, as it implies remarkable conclusions about global variation in IQ. According to the dataset, the average IQ of sub-Saharan Africa is 69. IQs below ~70-75 are considered to indicate intellectual disability (American Psychological Association, 2013) and it is wholly implausible that an entire world region should, on average, be within the range of intellectual impairment. Table 1 also illustrates that ‘national IQs’ are mostly calculated from small sample sizes, from samples of children, and includes many samples collected decades before the dataset was constructed. The nature of the data included varies by region. Almost half of sub-Saharan African countries had  IQs extrapolated from neighbouring countries; this was the case for very few countries in Europe or Central, but here a substantial proportion were calculated from student assessment scores.  

The next sections consider the following questions: (1) How accurately does the data included represent national IQ?; (2) Is there evidence that the dataset has been constructed transparently and without bias?; and (3) Is the same underlying construct being measured cross-nationally?

How accurately does the data included represent national IQ?
The data sources used to construct the dataset are inadequate for calculating ‘national IQs’; the majority of samples from which cognitive test data was extracted are small and unrepresentative of national populations; student assessment data are also inappropriate for calculating measures of intelligence. 

Table 1 shows that 37% of countries had IQs estimated from cognitive test score data from fewer than 1000 individuals; these are very small samples for calculating national averages. Some samples are exceedingly small: six countries have cognitive test score data available from <100 individuals (Angola has data available for 19 individuals; Dominican Republic for 34; Greenland 40, Uzbekistan 51, Republic of Congo 88, “Netherlands Antilles”[footnoteRef:4] 96) and a further 14 for <200 individuals (Namibia, Barbados, Sierra Leone, Ecuador, Ukraine, Botswana, Laos, Latvia, Costa Rica, Bolivia, Malta, Saint Vincent and the Grenadines, Haiti and Eritrea[footnoteRef:5]). For comparison, Demographic and Health Surveys –  which collect nationally representative data on demographic and health outcomes from lower and middle income countries – have a lower bound for sample size of 5000; many samples are much larger (Corsi et al, 2012). In the dataset, 75% of countries have cognitive test score data available from fewer than 5000 individuals, and even those countries with relatively large samples tend to have data available from multiple smaller samples rather than a single, large survey: there are just 12 samples included in the entire dataset with sample sizes greater than 5000. While multiple small and unrepresentative samples might be marginally better than a single small and unrepresentative sample (and 33% of countries only have test score data available from a single study), combining multiple unrepresentative samples does not create a representative sample, which should reflect demographic and other relevant characteristics of that population.   [4:   A country which was dissolved in 2010 but is still retained in the dataset; data come from Curaçao]  [5:  Lynn and Becker state a sample size for Eritrea of 764 but inspection of the primary sources suggests this appears to be based on (1) an error recording the sample sizes (2) recording the same children tested at different ages as independent samples] 


Table 1 highlights that cognitive test score data involves considerable variability in both age of participants and date of data collection. Much cognitive test data comes from children; the average age of samples included is only around 14, and about half of countries have cognitive test data only available from children. Variation in the age of samples is a concern not only because these samples will be unrepresentative of the national population but also because psychometric test scores are affected by age (Garde, Mortensen, Krabbe, Rostrup, & Larsson, 2000; Mous et al., 2017). The calculation of IQs does adjust for age, but these adjustments assume that the development trajectory of IQ will be the same in all countries. No data exists on development trajectories of cognitive ability for many countries, and the assumption that the association between age and cognitive ability will be identical across contexts, including those with differing access to formal education, is highly unlikely (Georgas, Weiss et al., 2003).

Samples were collected across a wide date range. The oldest samples were collected in the 1940s and more than a quarter of samples were collected before 1990 – almost three decades before the dataset was constructed; in North America, this proportion was more than two-thirds. Some ‘national IQs’ were constructed solely from very old data: Sierra Leone’s IQ was calculated from a single study published in 1966; Zimbabwe’s from one study published in 1969. This is a problem because research methodologies for collecting data on cognitive abilities have changed over time, and because of the Flynn effect: cognitive test scores have increased over time in countries which have long time-series of data (demonstrating the malleability of cognitive test scores: Wongupparaj et al., 2023). Lynn and colleagues did adjust cognitive scores for the Flynn effect, but available data suggests the Flynn effect is context-specific (and there is no data on what it looks like in many countries: Wongupparaj et al., 2023). Adjustments made on the basis of existing data from only a selection of countries will introduce further error, and likely bias, into the dataset.

Table 2 presents information on the representativeness of the samples, based on Lynn & Becker’s own assessment of sample type. They define ‘national’ populations as “individuals originated from all or a large part of the country’s total area which spans across more than only a single county, municipality, governmental area”, Lynn and Becker, 2019: p13). An inspection of the primary sources suggests they apply this definition generously as, for example, a sample of 74 orphans from a single orphanage in Eritrea is coded as ‘national’. Alternatively, samples are defined as ‘regional’, ‘urban, ‘rural’ or ‘foreign’ (“the sample is from refugees or immigrants”). Only one third of the samples are ‘national’, meaning the other two thirds of samples do not accurately represent national populations, even by Lynn and Becker’s generous definition. 11 of the samples were not even collected in the country for which they were used to calculate IQs; the ‘foreign’ samples (mostly used to calculate IQs in sub-Saharan Africa or Latin America) were typically immigrant or refugee children, who are obviously not representative of their countries of origin. 

Examination of the primary data sources from sub-Saharan Africa suggests that almost none come from studies which even attempted to sample a representative section of the national population. Some provide no information on sampling at all.  Where information is available, it’s clear that the majority are convenience samples, meaning participants happened to be available for sampling, which are common in psychology. Many studies included were conducted to determine whether individuals with and without a particular characteristic (such as being a twin, having a health condition or a particular environmental exposure) had different cognitive test scores. Samples were therefore often selected by study authors because they had particular characteristics; in other words, they were deliberately chosen to be unrepresentative of the national population. For some samples, the ‘treatment’ group with a particular characteristic was excluded from the dataset, leaving only the ‘control’ group in the sample. But only including control groups does not result in nationally representative samples. Control groups are typically chosen to be as similar as possible to ‘treatment’ groups, apart from the exposure of interest, meaning they may come from specific locations within a country, from very narrow age ranges, or from specific ethnic groups. The few samples which were collected from reasonably representative samples typically have test scores available only for unrepresentative sub-samples, such as children of particular ages or from particular areas.
 
Some examples: the ‘national IQ’ of Angola is calculated from a single sample of 19 individuals about whom almost the only thing we know is that they did not have malaria; Eritrea’s IQ is calculated entirely from small samples of children living in orphanages; Republic of Congo’s from one sample of 88 schoolchildren in their 6th year of schooling; Namibia’s from one sample of 103 children from an ethnic group which Lynn & Becker (2019, p116) acknowledge makes up only 7% of the population of that country; Somalia’s from one sample of child refugees living in Kenyan refugee camps (from a study co-authored by Lynn, published in para-scientific journal Mankind Quarterly: Bakhiet et al 2017); the only sample included for Botswana is from one sample of 140 adolescents recruited in South Africa (who were apparently used to calculate the ‘national IQ’ of Botswana not because there was evidence that there were from Botswana but because they were from an ethnic group which is common in Botswana). These are just selected examples, but it is clear from examining the primary sources and from Tables 1 and 2, that these sampling problems are widespread throughout the dataset (see additional examples below).

Calculating ‘national IQ’ scores from such small, unrepresentative samples means the dataset contains considerable error. Despite sampling problems being common in all regions, the extent of these problems differed across regions, meaning the dataset is likely also to contain biases. Sub-Saharan Africa, for example, has a particularly high proportion of IQs calculated from small sample sizes and single samples (Table 1). The authors of the dataset themselves demonstrated its biased nature by running correlations between ‘national IQs’ and many sample characteristics, concluding “The analyses have shown that national IQs depend partly on characteristics of the samples on which they were measured” (Lynn and Becker, 2019; p201). They show, for example, that samples had lower IQs if they had younger ages, were tested earlier in time, used older test norms and came from rural samples. 

In the 2019 version of the dataset, Lynn and Becker incorporated data from international student assessment scores, to supplement cognitive test data. Experts in these assessments have explicitly criticised their use as measures of intelligence in work by Lynn, Rindermann and colleagues, stating that they assess instead learning, which is “a set of processes, embedded in institutional and social contexts, that is always in relation to opportunity, environment, and individual capacity” (Rutkowski et al, 2024; p2). Rutkowski and colleagues also caution that these assessments should not be used to represent what students are capable of learning, given evidence that they are affected by, for example, motivation, which may vary across countries (students tend to be less motivated to perform well in these assessments as they do not count towards the students’ formal grades). International student assessment data are therefore inappropriate data sources for calculating 'national IQs'.

Is there evidence the dataset has been constructed transparently and without bias?

No clearly stated methodology is provided to explain the authors’ sampling of the literature 

The authors include no clear methodology or search strategy for locating studies in the literature, nor are consistent inclusion or exclusion criteria stated. The only methodological description provided of the search and selection strategy is: “studies and reports of psychometric intelligence measurements from all around the world have been collected, selected according to suitability, corrected as necessary, and averaged for as many countries as possible” (Lynn & Becker, 2019 p11). Clearly, choices were made about which studies to include and which to exclude (“the inclusion criteria for this study [version of the dataset] has been stricter than that of its predecessors”, p12), but without evidence that a systematic methodology for making inclusion/exclusion decisions was decided before data collection started, it is impossible to replicate the authors’ strategy or to understand why they included some studies and not others. 

Previous critiques of the ‘national IQ’ dataset have provided evidence of bias in the methodology used to construct the dataset. Wicherts and colleagues conducted their own systematic reviews of the literature on psychometric tests in sub-Saharan African populations and were not able to replicate Lynn’s results, finding a higher score of 80 for the region (Wicherts, Dolan, Carlson, & van der Maas, 2010a; Wicherts, Dolan, & van der Maas, 2010a, 2010b). They also examined the 2002 and 2006 datasets and concluded that studies which found relatively high IQs for sub-Saharan Africa appear to have been systematically excluded. Lynn and Becker do not appear to have corrected this bias in their version of the dataset: Wicherts and colleagues used clearly stated inclusion criteria to select 11 studies for meta-analysis, studies they considered to be of reasonable quality (Wicherts, Dolan, & van der Maas, 2010a). Only 1 of these 11 studies is included in the 2019 ‘national IQ’ dataset [footnoteRef:6]. Further evidence that Lynn and Becker’s version still systematically underestimates the IQ for sub-Saharan Africa is that the average IQ for this region has remained very close to the same value in all versions of the dataset: between 67 and 70 (which is itself surprising given differences in the samples included in different versions).     [6:  Of the 11 studies listed in Appendix A of Wicherts et al 2010a, only Skuy et al 2001 is included in the latest version] 


Lynn and Becker (2019, Chapter 2) do describe those studies which were selected for inclusion in the dataset, and note that decisions were sometimes made to exclude some data from these studies. No a prior methodology is stated for inclusion or exclusion of sub-samples, but the authors provide some justifications. There is no consistent rationale for inclusion or exclusion of sub-samples in these justifications. In some studies which involve comparisons between groups, the ‘treatment’ group is excluded from the dataset, and only the ‘control’ group included, often justified on the grounds that the authors wanted only to include ‘healthy’ controls or to exclude particularly low scores. But sometimes the ‘treatment’ group is included, meaning that sometimes samples are included despite evidence of adverse health exposures. For example, a subsample of individuals diagnosed with malaria were excluded from the Angolan sample, but a similar subsample was included in a Ugandan sample. Malnourished children in Barbados, and children with a neuromotor disease (konzo) in the Democratic Republic of the Congo (DRC), were excluded; whereas in a different study in DRC, a subsample of children with attention deficit disorder were kept in the sample. In Ecuador, Pakistan, the Philippines, Serbia and Taiwan, samples of children exposed to lead were included, despite evidence that lead exposure may be associated with lower cognitive outcomes (Lanphear et al, 2000). 

The lack of any clearly stated methodology to guide decisions about which studies, and which sub-samples, to include mean it is highly likely that this dataset was constructed on the basis of arbitrary and/or biased decisions. 

Assumptions used when calculating ‘national IQs’ introduced further error and bias into the dataset
The primary data sources collected data using 12 different cognitive tests. Several tests have multiple sub-scales, only some of which may have been used in any study (Lynn and Becker 2019; p17, Table 4). This variability adds further error into the dataset, as the cognitive tests used in different studies may not be directly comparable. 

Manipulations were then performed on data from these cognitive tests to transform them into ‘IQ’ scores; manipulations which used many assumptions. Some involved systematic but flawed adjustments (such as adjustments for the Flynn Effect, mentioned above), which will likely introduce error and bias into the dataset. In version 1.3.3 of the 2019 version, Lynn and Becker gave the arbitrary IQ of 60 to all ‘national IQs’ which scored below 60, in response to criticism of the exceptionally low scores in the dataset. Before this adjustment, five countries (Djibouti, Gambia, Mali, Nepal and Sierra Leone) had IQ scores in the 40s or 50s. Making an arbitrary upward adjustment to these absurdly low scores does not make them any less flawed. 

Apart from these systematic correlations, Lynn and Becker also say “it was unavoidable to make individual corrections” (Lynn and Becker, 2019; p35). In other words, in some cases, the authors simply added or subtracted IQ points to ‘national IQs’ based on their prior beliefs. For example, 4.35 points are added to the Latvian IQ because the authors believed the score they calculated from the single sample of data available from Latvia was too low (Lynn and Becker, 2019; p108). Such “individual corrections” introduce systematic bias into the dataset, as they are based on Lynn and Becker’s prior beliefs about the intelligence of different groups. One of these prior beliefs is that regional differences in intelligence exist. The justification for adjusting the Latvian value was that the uncorrected figure was out of line with neighbouring countries. This belief can also be seen in their method for extrapolating missing ‘national IQs’. If no cognitive test or school assessment data was available, Lynn and Becker averaged the IQs of up to three neighbouring countries to extrapolate ‘national IQs’. The assumption that neighbouring countries can stand in for one another is not only problematic (see Rutkowski et al 2024 for how this assumption does not hold for student assessment data), but it also means that datapoints in the dataset are not independent. The dataset was created for the purpose of, and has been extensively used for, correlating IQ with other variables in regression models. An assumption of regression models is that datapoints are independent. Depending on version, between 56% (2002) and 25% (latest version) of ‘national IQs’ are extrapolated, meaning that any regression analysis which uses these datasets is unreliable.

Lynn and Becker further assume that there are racial differences in intelligence. For countries which are racially diverse, Lynn and Becker calculated IQs separately for racial groups and ‘national IQs’ were then calculated by averaging these IQs, weighted by the proportion of each group in the population (Lynn and Becker, 2019; p38). Once again, this will not only bias the dataset but it also makes problematic the claim, frequently made by Lynn and others (Lynn and Vanhanen, 2002; Lynn, 2006; Lynn and Becker, 2019), that the dataset provides evidence for racial differences in intelligence. If the dataset was constructed based on the assumption that racial (and regional) differences in intelligence exist, then it cannot be used as independent evidence that there are racial (or regional) differences in intelligence.

One more example of how Lynn and Becker’s prior beliefs affected construction of the dataset: when transforming test scores from a study from the Gambia, the authors made the assumption that Gambians will not perform well on cognitive tests: “no information was provided on which set(s) of the CPM [Raven’s Coloured Progressive Matrices, a psychometric test] was or were used. If we assume that, because of the difficulty for people from countries like The Gambia to absolve [sic] cognitive tests like Raven’s matrices and because the difficulty of Raven’s items increases with their number-ranks, that the reported raw scores were mostly achieved on Set-A, we were able to calculate full CPM-raw scores of 18.99 and 23.19” (Lynn & Becker, 2019, p80). Lynn and Becker’s (2019; p81) original calculation of the Gambian IQ was 49.78, which would put the average Gambian on the borderline of ‘moderate intellectual disability’ (IQ range ~35-49; “Persons with moderate ID function at mental age of about 6-8 years as adults”: Patel, Cabral, Ho, & Merrick, 2020). 

Is the same underlying construct being measured cross-nationally?

The comparability of ‘national IQ’ scores is already in serious question given the multiple methodological flaws involved in their construction. But it is highly unlikely that it is even conceptually possible to construct a meaningful, comparable measure of cognitive ability which measures the same underlying construct in diverse populations. Psychometric tests are affected by education, by motivation, as well as many other cultural and environmental factors, and improve with coaching and on re-testing (Anum, 2014; Dramé & Ferguson, 2019; Duckworth, Quinn, Lynam, Loeber, & Stouthamer-Loeber, 2011; Fahmy, 1964; Kulik, Bangert-Drowns, & Kulik, 1984; Needleman & Gatsonis, 1990; Wicherts, Dolan, Carlson, & van der Maas, 2010b). Even those cognitive tests sometimes claimed to be “culture fair”, because they rely on visuo-spatial rather than verbal processing, involve cultural assumptions which mean they will not generate cross-culturally comparable data (Gonthier, 2022). 

Many of the studies included in the dataset provide clear evidence that existing cognitive tests are unsuitable for comparative work, and some include very clear statements that their samples should not be used for comparative purposes. Some studies were conducted with the explicit aim of exploring how cultural factors affect test scores, for example, and so provide evidence of the cultural specificity of these tests. The ‘national IQ’ of Mali is based on a single study in which the authors state, in their abstract: “Results indicate that use of the Ravens may substantially underestimate the intelligence of children in Mali. This can be particularly problematic when comparisons are made across cultures using the same test and norms” (Dramé & Ferguson, 2019). The authors of a study included for the Democratic Republic of the Congo (Boivin, Giordani, & Bornefeld, 1995) similarly state clearly in their abstract that results are not suitable for comparative purposes (such statements can also be found in, for example: Alderman et al., 2014; Berry, 1966; Kaniel & Fisherman, 1991). 
 
Authors of other studies included in the dataset describe how some children are disadvantaged in these tests. A study which compared French children with those from the Congo stated in its methodology that “The test situation…was much more familiar to the French students given their exposure to tests of knowledge in school” (Nkaya, Huteau, & Bonnet, 1994). One Ethiopian sample is a rare example of data collected during a study designed to sample a broad section of the population (the Young Lives Survey) yet scores from only a subsample of children were available because “Unfortunately in the Ethiopian version, administration of the test ran into difficulties relating to explanation of tasks & time constraints & only about a quarter of the sample—all urban children—have test scores available in the dataset” (Dendir, 2013). These examples provide clear evidence that the same tests cannot be administered across very different settings and hope to produce comparable data. 

The same cognitive tests cannot therefore be used to measure the same underlying construct of ‘intelligence’ cross-culturally. As with the sampling problems described above, the cross-cultural specificity of cognitive testing will introduce not just error into the dataset but systematic bias: for example, greater exposure to formal education is associated with higher scores (Brinch & Galloway, 2012; Matarazzo & Herman, 1984). 

Response to defences of the dataset

Warne (2023) and Parra and Kirkegaard (2025) have recently attempted to defend the dataset against its critics, arguing that it should continue to be used despite acknowledging that it was constructed without regard for typical standards of scientific rigour (both note the lack of methodology for selecting samples). The main arguments in these counter-critiques are addressed below: they do not provide convincing reasons for continued use of the dataset. 

Small sample sizes are not a problem
Parra and Kirkegaard (2025; p9) claim “a sample of 20 can provide a reasonably precise estimate of a population mean”. Warne (2023; p202) argues a sample size of 96 is sufficient “to have a 95% confidence interval width of +/- 3 IQ points”, and that only five countries in the 2019 dataset fail to meet this criteria. Neither claim takes into account the need for national averages to be calculated from data which is representative of citizens of those nation-states. Data collection exercises which aim to be nationally representative involve much larger sample sizes, typically several thousand individuals, such as the example of Demographic and Health Surveys (DHS) mentioned above (Corsi et al, 2012). At their inception in the 1980s, DHS sampled between 3,000-5,000 participants, and in the 2020s include 5,000-30,000. Nation-states often involve many millions of citizens, and considerable diversity across demographic and economic factors. Sample sizes of 20 or 96 individuals cannot hope to adequately reflect this diversity.

Critics have cherry-picked the worst examples of primary data sources to make the dataset look worse than it is
Collecting samples which adequately represent the diversity found in national populations requires considerable time, effort, money and expertise; to do this across multiple countries so that data is comparable adds considerable complexity. DHS, for example, received significant (but not all) funding from USAID; their most recent 5-year contract with DHS was worth $237million[footnoteRef:7] (Abdel Ghany et al, 2026). National and international organisations have collaborated on these efforts for many decades because of the importance of demographic and health data for national governments and international organisations. Similar data does not exist for cognitive abilities because it is not considered similarly useful. As a result, the samples included in the dataset were largely collected from studies which were not intended to produce nationally representative data nor to be used in comparative studies. Many, for example, compared the intelligence of two or more groups or were interested in the intelligence of children with a particular characteristic. This is true throughout the dataset, and not just in sub-Saharan Africa.  [7:  Before the Trump administration threw USAID “into the woodchipper” and ended funding for DHS] 


Some examples: Denmark’s only test score data is from a single sample of fifth grade children published in 1968; Sweden’s from a single sample of children “measured in the area of Stockholm and Uppsala”; Norway’s from two small samples of children (<200), one testing whether supplementation with cod liver oil during pregnancy was associated with children’s IQ at age 7, the other comparing children with and without epilepsy (only those without were included); Ireland has test data available only from two small (200 or fewer) samples of children, one a study conducted by Lynn himself of 9-year old children, the second a study of the intelligence of twins (data reported by Lynn as data taken from an unpublished PhD thesis from 1993; in this paper, Lynn reports IQ scores from several other studies conducted in Ireland, but no explanation is given for why these samples weren’t included in the dataset: Lynn 2015); Bolivia’s only test score data is from two small samples (<100) of children, one of children with goitre, the other children living at high altitude; Lebanon’s from 200 children extracted from a single study comparing school children with working children, some of whom were exposed to solvent (the exposed group was excluded from the dataset). 

Tables 1 and 2 make clear that the problems of small sample sizes, old samples, child samples and unrepresentative datasets were common across all world regions, even though there are differences between world regions in data availability and quality; not just in cognitive test score data but also student assessments – Europe and Latin America rely more on student assessments than sub-Saharan Africa; sub-Saharan African and Asia rely more on extrapolated IQs. The evidence that data for sub-Saharan Africa was manipulated to exclude higher scores also makes data from that region especially questionable (Wicherts, Dolan, Carlson, & van der Maas, 2010a; Wicherts, Dolan, & van der Maas, 2010a, 2010b. But it is not the case that just a handful of samples are unsuitable, nor would removing data from sub-Saharan Africa make the dataset fit for purpose. Lynn and Becker’s assumption that any study, of any sample size, which just happens to be done in a particular country can represent that national population is not a suitable methodology for building a dataset of national averages.

The frequent inclusion of samples of children is not a problem because IQ scores are adjusted for age
As described above, adjusting IQ scores for age based on existing data from well-studied contexts assumes that developmental trajectories of cognitive ability are the same across contexts, which is both a largely untested assumption and one which is unlikely to hold given the diversity of cultural factors which would affect these trajectories, including for example, different experiences of formal education. Child samples – and the considerable variability more generally in age of participants sampled – are therefore a problem for the dataset.

It is plausible that some should countries have exceptionally low national average IQ 
Warne (2023) simultaneously argues that exceptionally low national average IQs aren’t a problem because national average IQs within the range of intellectual disability are plausible, and because they don’t indicate intellectual disability in all contexts. The former argument is supported with the claim that student assessments converted into IQs also show very low scores for some countries, but converting student assessments into IQ scores is inappropriate because the former do not measure intelligence. The latter argument is supported by claims that IQ scores can be affected by many factors “such as a language barrier, low motivation and malingering” (P213), and by the rather baffling claim that if a nation-state has a low average IQ then individuals within that state cannot be intellectually impaired because “by definition, a nation’s population of people is a set of peers, and people within that population cannot logically have an impairment compared to their own functioning” (p213). Parra and Kirkegaard (2025) make a similar argument by claiming that the causes of low IQ are different in Black and White populations, with low IQ in White populations being more often associated with additional deficits than in Black populations, resulting in more severe disability. The only evidence provided for this assertion is a 1970 paper by Arthur Jensen comparing Black and White children in the US, suggesting little empirical or theoretical support exists for this assertion. A more recent reference Parra and Kirkegaard use to support this claim explicitly urges cautious interpretation of racial differences in intellectual disabilities between races (again in the US context) because “there is some evidence that test bias and diagnostic bias contributes to disparities observed between racial or ethnic categories in the identification of children with LD [learning disabilities]” (Boat and Wu 2015; p183). 

The underlying point that both Warne and Parra and Kirkegaard are making – that ‘national IQs’ are not measuring the same construct in different contexts – is very likely to be true, however, because people with less familiarity with IQ tests will perform badly regardless of their cognitive abilities and/or because cultural factors affect cognitive test-taking. But this nullifies any use of ‘national IQs’ in comparative analysis, which requires construct validity. If the variable representing intelligence in a cross-national regression model measures some aspects of cognitive ability in some nations but familiarity with cognitive tests in others, then the results cannot be meaningfully interpreted.

Correlations between ‘national IQs’ and other measures of national intelligence or other national averages demonstrate their validity
Data suitable for calculating national average intelligence simply doesn’t exist for most countries so there are no alternative international datasets of intelligence which could validate ‘national IQs’. Warne (2023) and Parra and Kirkegaard (2025) both support their claims to have validated ‘national IQs’ either by correlating different measures of ‘national IQs’ with each other (e.g. with and without student assessment scores, or with and without scores estimated from those of neighbouring countries) or by correlating ‘national IQ’ with IQs they have constructed from various student assessment scores. It is hardly surprising that one measure of ‘national IQ’ correlates with another measure of ‘national IQ’, but such correlations cannot be used as evidence for the validity of these measures. Similarly, student assessment scores were used in the most recent calculation of ‘national IQs’ so a positive correlation between ‘national IQs’ and student assessment scores is not informative. Even if ‘national IQs’ calculated from student assessment scores are excluded from the correlations, or if measures of student assessment other than those used to calculate ‘national IQs’ are used, a high correlation with student assessment scores says nothing about the validity of ‘national IQs’ because student assessment scores do not measure intelligence. Warne also correlates ‘national IQs’ with adult tests of literacy and numeracy in a subset of countries, very largely high income and mainly European, but adult literacy and numeracy scores also are similarly not measures of intelligence. 

There is one exception to the description above: Warne additionally correlates ‘national IQs’ with data from a study which gave standardized cognitive tests to 4,000 students in six Latin American countries (Flores-Mendoza et al, 2018), finding a low correlation with ‘national IQs’, unless an outlier was excluded. Aside from not providing convincing evidence for the validity of ‘national IQs’, this example also raises the question of: why wasn’t the study included in the construction of the database? Many of the samples used by Lynn and Becker to construct ‘national IQs’ for the six countries in question involve very small sample sizes, old studies or studies which were not designed to produce comparable data on intelligence: one of the samples used to calculate Brazil’s IQ was of 55 children taken from a study of children with and without hookworm; two of the three samples included for Colombia were from studies published in the 1970s; one had a sample size of 14. Why were these samples included when Flores-Mendoza et al (2018) was not?[footnoteRef:8] [8:  Warne (2023) himself notes this study in a list of 17 papers which provide data on test scores but are not included in the ‘national IQ’ dataset, in a section acknowledging the absence of a published methodology for selecting samples (“it is not difficult to find samples that could potentially be included in the Lynn and Becker (2019b) data but are missing” p223)] 


Correlations between ‘national IQs’ and economic development, or other health, political and social variables, also do not provide evidence for the validity of ‘national IQs. There is famously a correlation between the number of films Nicolas Cage appeared in and the number of people in the US who drowned in swimming pools, but this statistic tells us nothing about films, swimming pools or whether the data about either are valid (Krulwich, 2015). It seems likely that ‘national IQs’, if they measure anything at all, are simply a rough proxy of average educational attainment or economic development (which are themselves correlated): in lower income countries data quality may be worse and performance on cognitive tests will be lower given less access to formal education as well as cultural factors which make cognitive tests less familiar. Notably, correlations with factors associated with economic development doesn’t always hold for sub-Saharan Africa (e.g. a negative association between mortality and ‘national IQs’ is not seen in sub-Saharan Africa; Kanazawa 2006), which may provide further evidence that sub-Saharan African scores were manipulated to keep them low. 

Lynn and Becker responded to earlier criticisms of ‘national IQ’ data by improving their methods, and the dataset is now high quality
There are clearly differences between different versions of the dataset. Some samples included in earlier versions of the dataset have been dropped and new ones included (even though some of the latter were published before 2002). Given the lack of any stated methodology for selecting samples, we have no idea why samples differ between versions. Lynn and Becker (2019) state they used “stricter criteria” for selecting samples in 2019, but the descriptions of samples I’ve provided above suggest many are as egregiously inappropriate for calculating IQs as those included in 2002. As a final example: one sample highlighted as being particularly problematic in the 2002 dataset was a sample of children from an institution for children with intellectual disabilities (in Spain) ,which was used to calculate the ‘national IQ’ of Equatorial Guinea (Kamin, 2006; Wicherts, Dolan, & van der Maas, 2010a). This sample was dropped from later versions (for reasons unexplained, Equatorial Guinea is one of two countries listed in the 2019 dataset for which no IQ has been calculated). Nevertheless, in the 2019 version, the Native American IQ was calculated from three samples of children all of whom had been referred for school learning difficulties; samples which included children with intellectual impairments (Connelly, 1983; Nakano and Watkins, 2013; Teeter et al., 1982). Lynn and Becker (2019) acknowledge the biased nature of one of these samples (p160) but don’t perform any upward adjustment to the low score they calculate for this sample (84), nor to the also low scores of the other two samples (79 and 75). Despite explicit criticism directed at using a sample of children with intellectual impairments in 2002, the authors chose to include new samples in the 2019 version involving similar children.

Overall, Lynn and colleagues’ methodology has essentially remained unchanged from 2002: data on cognitive tests are extracted largely from inappropriate samples selected for unexplained reasons from the literature, and transformed into ‘national IQs’ using methods which involve making a series of questionable assumptions, including some arbitrary adjustments to scores based on prior beliefs about the intelligence of different groups. The one novelty in 2019 is the inclusion of student assessment scores, but these do not measure intelligence and are also inappropriate data for calculating ‘national IQs’. The persistent use of such a deeply flawed methodology despite extensive criticism – including a lack of evidence that Lynn and Becker responded to the critique that the scores for sub-Saharan Africa were manipulated to make them artificially low – along with evidence the Lynn and Becker continued to include data from studies whose authors explicitly cautioned against using that data in comparative studies or made clear it should not be used to indicate the intelligence of their participants, means it is difficult to interpret the ‘national IQ’ dataset as anything other than fraudulent, and not just deeply methodologically flawed.

Implications 
The multiple sources of error and bias in this dataset mean that any research which uses this dataset is unsound. Yet, Lynn and his colleagues, as well as several other researchers, have used the dataset to draw exceptionally strong conclusions, including that innate differences in intelligence exist not just between nation-states but between races, and that these differences are the cause of variation between regions and races in economic, health and social outcomes (Figueredo, Hertler, & Peñaherrera-Aguirre, 2020; Kanazawa, 2006; Lynn, 2006; Lynn & Becker, 2019; Lynn & Vanhanen, 2002, 2006; Templer & Arikawa, 2006). Such claims have real world implications. 

The authors of the dataset themselves draw explicit policy implications from these claims (Chapter 4 in Lynn and Becker 2019; continuing Lynn’s long history of engaging in political discussions: Thomas, 2025). In the closing chapter of their book, they discuss “strategies to increase national IQs”, which include positive eugenics and negative eugenics. This discussion includes proposals which have been made in the past by eugenicists to either increase the spread of “desirable” traits (in this case, higher intelligence) in a population (positive eugenics) or discourage the spread of “undesirable” traits (negative eugenics), but does not include any discussion either of the wholly flawed science underlying eugenic policies, nor the human rights violations – such as the mass murder of millions during the Second World War – which followed from them. 

Lynn and Becker themselves are pessimistic about the likelihood of implementing eugenic policies, concluding: "The principal problem is the large number of highly educated high IQ career women who remain childless. It is probably impossible to introduce policies to increase the fertility of these women who have been educated out of their reproductive function. It is also probably impossible to introduce policies to reduce the fertility of those with low intelligence" (p334). They also conclude that eugenic immigration policies – designed to reduce immigration from supposedly ‘low IQ’ to ‘high IQ’ countries – are likely to be ineffective (p334). Such pessimism may be unwarranted. Jason Richwine, who wrote his Harvard PhD dissertation using the ‘national IQ’ dataset to make recommendations about immigration policy (Richwine, 2009), was subsequently given a government position under the first Trump administration (Mervis, 2020). The “low IQ” of nation-states is also now used in public discourse in the US about other countries (such as Palestine), and particularly concerning immigration (Samorodnitsky et al, 2024). There is a long history of science being (mis)used to promote racist ideology; efforts which have been translated into real world impact (Jackson and Weidman, 2005; Panofsky et al, 2021; Winston, 2020; Gillborn et al, 2022; Bird et al, 2024). Slobodian (2023, 2025) has singled out Lynn’s work on IQ as being influential in the recent rise of the far-right; belief in the innate superiority of white over other racial groups has became a core ideology (again), around which various interest groups coalesced.    

Conclusions

‘National IQ’ datasets do not provide comparable, accurate and unbiased data on cognitive abilities worldwide. A fundamental problem with these datasets is the wholly inadequate of the primary data sources which are used to build them. It is not that the primary sources are necessarily poor quality themselves, but they cannot be used to produce nationally-representative, globally comparable estimates of cognitive ability. The primary data sources are either cognitive test score data typically taken from small and unrepresentative samples, or are student assessment data which does not measure intelligence. No amount of manipulation will make such primary data produce estimates which accurately reflect cross-national variation in cognitive ability. Nor is this dataset ‘the best of bad job’ which should be used until something better comes along. The way the dataset has been constructed means that it is systematically biased, and any empirical analyses which use the dataset will produce biased results. The methods used to construct the dataset also make it unsuitable for use in regression analyses, or for drawing conclusions about regional or racial differences in intelligence. Any attempt to generate globally comparative datasets of ‘national IQ’ is rendered meaningless by the impossibility of comparing cognitive data across culturally diverse populations.  

It is very important that data and research which have significant real world consequences should be produced to the highest standards of methodological rigour. The nature of the biases in this dataset mean its use may lead to racist conclusions and legitimise eugenic arguments, even where that is not the intention of the authors. No future research should use this dataset, and published papers which have used the dataset should be corrected or retracted.
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Table 1: summaries of data included in the latest version of the ‘national IQ’ dataset, by world region (as defined by the World Bank[footnoteRef:9])  [9:  https://data.worldbank.org/country] 


	World region
	Average IQ[footnoteRef:10] [10:  average IQs are my own calculations based on the complete set of NIQs, including those calculated from student assessments and neighbouring countries (column QNW+SAS+GEO, sheet NAT, version 1.3.5). ] 

	% national IQs countries where source of data: includes cognitive test scores/student assessment data only/extrapolated from neighbouring countries
	% national IQs estimated from a single sample
/study[footnoteRef:11][footnoteRef:12] [11:  Summaries in the last 6 columns are for national IQs calculated from cognitive test score data (columns UW, NW, QNW), taken from Lynn and Becker’s assessments of number of samples per country, sample size, and sample age for cognitive test score data, which are included in the v1.3.5 dataset, from worksheets NAT and REC. There are errors and discrepancies between worksheets, so all data should be considered approximate]  [12:  Study refers to a published article, which sometimes reports cognitive data for more than one sample (e.g. healthy participants and controls). In these cases, Lynn and Becker calculated IQs separately for each sample and then averaged across samples to calculate national IQ] 

	% national IQs estimated from sample sizes <1000/
<5000[footnoteRef:13] [13:  This refers to the total sample sizes per country, not per sample] 

	Number of individual samples 
1000-4999/
>5000
	% national IQs calculated from samples <18 yrs
	Mean age of samples (yrs)
	% samples collected before 1990

	Sub-Saharan Africa
	69
	53/0/47
	48/52
	48/88
	14/0
	52
	13.0

	14

	East Asia & Pacific
	91
	52/6/42
	12/12
	23/65
	12/4
	47
	12.5

	41

	South Asia
	78
	62.5/0/37.5
	0/0
	20/40
	6/0
	40
	20.8

	16

	Europe & Central Asia
	94
	76/20/4
	29/47
	42/82
	8/3
	63
	17.9

	14

	Middle East & North Africa
	79
	91/9/0
	20/25
	10/55
	7/0
	40
	15.4
	17

	Latin America & Caribbean
	79
	59/15/26
	13/22
	56/83
	5/0
	56
	13.1
	29

	North America
	99
	100/0/0
	0/0
	0/50
	5/5
	0
	14.0
	69

	Total
	83
	65/10/25
	25/33
	37/75
	57/12
	52
	14.7
	27




Table 2: Lynn & Becker’s classification of sample types included in their dataset, by world region 

	Region
	
	‘National’
	‘Regional’
	‘Urban’
	‘Rural’
	‘Foreign’
	unclassified[footnoteRef:14] [14:  Category labels were only provided for codes 1-5 in the online manual, though several samples were coded ‘6’ in the spreadsheet] 

	No. samples

	Sub-Saharan Africa
	N
	29
	23
	26
	19
	5
	7
	109

	
	% 
	27%
	21%
	24%
	17%
	5%
	6%
	

	East Asia & Pacific
	N
	38
	10
	26
	11
	0
	13
	98

	
	% 
	39%
	10%
	27%
	11%
	0%
	13%
	

	South Asia
	N
	11
	2
	12
	17
	0
	2
	44

	
	% 
	25%
	4.5%
	27%
	39%
	0%
	4.5%
	

	Europe & Central Asia
	N
	58
	26
	25
	0
	1
	13
	123

	
	%
	47%
	21%
	20%
	0%
	1%
	11%
	

	Middle East & North Africa
	N
	33
	9
	31
	6
	1
	4
	84

	
	%
	39%
	11%
	37%
	7%
	1%
	5%
	

	Latin America
	N
	35
	20
	40
	14
	4
	18
	131

	
	% 
	27%
	15%
	30.5%
	11%
	3%
	14%
	

	North America
	N
	18
	22
	21
	1
	0
	5
	67

	
	% 
	27%
	33%
	31%
	1.5%
	0%
	7.5%
	

	Total
	N
	222
	112
	181
	68
	11
	62
	656

	
	%
	34%
	17%
	28%
	10%
	2%
	9%
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