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Abstract

This paper examines the distribution of national IQ in geographical space. When the heritability of IQ and its dependence on
eco-social factors are considered from a global perspective, they suggest that the IQs of neighboring countries should be similar.
Using previously published IQ data for 113 nations (Lynn, R., & Vanhanen, T., (2006). IQ and global inequality. Athens, GA:
Washington Summit Publishers.) the relationship between geographical location and national IQ is formally tested using spatial
statistics. It is found that as predicted, nations that are geographical neighbors have more similar IQs than nations that are far apart.
National IQ varies strikingly with position around the globe; the relationship between location and national IQ is even stronger than
the relationship between location and national average temperature. The findings suggest that Lynn & Vanhanen's national IQ
measures are reliable and adequately representative, and that their procedures for estimating missing national IQ scores from the
scores of nearby nations are defensible.
© 2008 Elsevier Inc. All rights reserved.
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Comparative data on national IQ are now available
for a wide range of nations (Lynn & Vanhanen, 2002,
2006). Cross-national research in IQ is still in its infancy,
but some interesting findings have begun to emerge. For
instance, national IQ has been found to correlate with a
range of socio-economic indicators including per-capita
GDP (Lynn & Vanhanen, 2006); educational achieve-
ment (Lynn, Meisenberg,Mikk, &Williams, 2007; Lynn
& Mikk, 2007); economic growth (Weede & Kämpf,
2002); educational enrolment, agricultural labour, and
indicators of infant health (Barber, 2005); temperature
and skin reflectance (Templer & Arikawa, 2006); and
value orientations (Meisenberg, 2004). Rindermann
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(2007a,b) has discovered a positive manifold encom-
passing national IQ scores and tests of academic
achievement that suggests the existence of a g-factor
(big G) of differences in national cognitive ability.

However, the contention that different national or
cultural groups have different IQs remains a controver-
sial and emotive one, and the origin and interpretation of
between-group differences in IQ is a matter of
continuing debate. On the one hand, there is consider-
able evidence from twin studies that IQ is a heritable
trait (e.g., Bouchard, 1997; Woodworth, 1941); the
influential review of Neisser et al. (1996) concluded that
the heritability of IQ (the fraction of variation that is
associated with differences in genotype) is about .45 for
children and .75 for adults. However as Neisser et al.
also make clear, the influence of the environment cannot
be ignored. Although the specific environmental factors
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that are involved, and the mechanisms through which
they exert their influence on the development of
intelligence are still not entirely clear, Greenfield
(1998) argued that three eco-social factors – education,
urbanization, and technology – are particularly potent
determinants of between-group IQ differences.

Viewed from a geographical perspective, the genetic
and environmental precursors of IQ have implications
for the distribution of national IQ around the globe; in
particular they suggest that nations that are near neigh-
bors will have similar IQs.

To see this, consider first that all the environmental
antecedents of IQ identified by Greenfield (1998) show
strong regional differences. As noted by Wils and
Goujon (1998), there are large and persistent differences
in school enrolment amongst world regions; for example
secondary educational enrolment, currently 100% in
North America and Western Europe, and 90% in Central
Asia, is just 51% in South andWest Asia and 30% in sub-
Saharan Africa (UNESCO, 2006). Secondly, urbaniza-
tion in Africa and in most Asian countries has been
substantially lower than in the rest of the world for the
past 60 years (United Nations, 2006). Finally, statistics
from the International Telecommunications Union
(available interactively at http://www.itu.int/ITU-D/
icteye/Indicators/Indicators.aspx#) reveal considerable
geographic variation in the penetration of information
and communication technology. For example, in 2000,
the numbers of main telephone lines per 100 inhabitants
were 2.5 in Africa, 9.4 in Asia, and 39.8 in Europe; the
numbers of mobile cellular subscribers per 100 inhabi-
tants for the same three regions were, respectively, 2.0,
6.7, and 93.5; and the numbers of internet subscribers per
100 inhabitants, 0.6, 3.1, and 13.9. This dramatic geo-
graphical clustering of the eco-social determinants of IQ
would be expected to produce regional variation in the
distribution of IQ; in particular the eco-social environ-
ment in much of Africa would suggest low IQs in this
region of the world.

Secondly, almost all human populations exchange
migrants with near neighbors (Cavalli-Sforza, Menozzi,
& Piazza, 1994), and gene flows due to both inter-
breeding and short-range population migration tends to
produce greater genetic similarity between neighboring
populations than between those that are far apart
(Barbujani, Magagni, Minch, & Cavalli-Sforza, 1997).
The accumulation of this activity over time would thus
be expected to lead to convergence between the IQs of
neighboring populations.

It is already known that IQ varies significantly
amongst world regions. For example, Barber (2005)
used Lynn & Vanhanen's data to calculate average
national IQs on each of five continents, finding the
lowest value in Africa (70.8, SD=7.1) and the highest in
Europe (97.5, SD=3.4). However, what remains to be
clarified is the extent of geographical structuring in IQ at
the national level, that is, the strength of the relationship
between the IQ of a country, and the IQs of its geo-
graphical neighbors. It is this which the present paper
seeks to quantify.

This has a particular relevance to the national IQ data
reported by Lynn and Vanhanen (2002, 2006) and to a
number of related studies that were based on those data.
In several analyses, Lynn&Vanhanen estimated national
IQs for countries in which no empirical scores were
available by averaging the IQs of nearby countries. For
instance, the national IQ for Cyprus was estimated to be
91 because its neighboring countries, Greece and Turkey
had national IQs of 92 and 90 respectively. Similarly,
Saudi Arabia was assigned an IQ of 84 because Iraq,
Kuwait and Qatar had national IQs of 87, 86, and 78
respectively. These estimates have subsequently been
used in a number of other studies (e.g., Dickerson, 2006;
Kanazawa, 2008; Lynn et al., 2007; Lynn &Mikk, 2007;
Templer &Arikawa, 2006;Whetzel &McDaniel, 2006).
Clearly such an approach to estimating missing data is
justified only to the extent that nearby countries have
similar IQs.

The aim of this paper is to examine the relationship
between a nation's IQ and the IQs of its geographical
neighbors. A measure of the strength of this relationship
is available using spatial statistics, a branch of statistics
in which geographical space is treated as a variable in its
own right. The formal hypothesis tested here is that of
positive spatial autocorrelation (i.e. a non-negative rela-
tionship) between national IQ and geographical location.
A positive spatial autocorrelation indicates that the IQs
of nations that are geographical neighbors are more
similar than the IQs of nations that are far apart. The next
section describes the statistical procedures for quantify-
ing the relationship between national IQ and location and
conducting the appropriate test of statistical significance.

1. Spatial statistics and spatial autocorrelation

Spatial data consists of a set of locations, {l1 ....., ln}
and a set of observations z which vary by location
{z(l1) ……, z(ln)}. Traditional statistics relies on the
assumption of independence between observations, but
because independence cannot be assumed for spatial
data, traditional statistical techniques are not appropriate.
In spatial statistics, the non-independence of the data is
explicitly modelled; spatially dependent data distribu-
tions may thus be quantified, probabilistic inferences
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drawn, and tests of statistical significance can be
conducted.

Although some important results had been published
previously (e.g., Moran's (1950) paper on spatial
autocorrelation), the appearance of Matern's doctoral
dissertation (Matern, 1960/1986) is usually taken to
herald the emergence of spatial statistics as an
independent scientific discipline. However it was in
the 1970s and 1980s that the development of statistical
methods to handle spatial data first began to attract
systematic attention from mathematicians and statisti-
cians (Panel on Spatial Statistics and Image Processing,
Board on Mathematical Sciences, National Research
Council, 1991, p. 4).

Spatial statistics has been extensively employed by
geographers, and in a wide variety of other scientific
contexts. For example, in an epidemiological study by
Rosenberg, Sokal, Oden, and DiGiovanni (1999),
spatial statistics was used to analyse the geographical
distribution of 40 different types of cancer in Europe, to
identify the scale over which patterns of mortality
occurred, and to examine differences in the distributions
of various types of cancer. The results showed that the
distributions could be grouped into a relatively small
number of types, suggesting a relatively small number
of spatially patterned risk factors. Other disciplines in
which spatial statistics has been applied include political
science (e.g., Beck, Gleditsch, & Beardsley, 2006; a
spatial analysis of trade and democracy), economics
(e.g., Moscone & Knapp 2005; geographical patterns of
mental health spending by UK local health authorities),
genetics (e.g., Heywood, 1991; spatial structuring of
genotypes in plant populations), ecology (e.g., Baskent,
1999; landscape management), sociology (e.g., Loftin &
Ward, 1983; effects of population density on fertility
rates), criminology (e.g., Baller, Anselin, Messner,
Deane, & Hawkins, 2001; patterns of homicide in the
U.S.), and neuroscience (e.g., Hafting, Fyhn, Molden,
Moser, & Moser, 2005; mapping of activity in the
dorsocaudal medial entorhinal cortex).

Spatial autocorrelation is one of the most widely-
used techniques within spatial statistics, and the most
commonly used measure of spatial autocorrelation is
Moran's I (Moran, 1950). Moran's I quantifies the
relationship between location and some attribute
characteristic of that location, and can be envisaged as
a spatial analogue of the familiar Pearson correlation
coefficient. The formula for Moran's I can be written:

I ¼ N
P

i

P
j wijzizj

S0
P

i z
2
i

where N is the number of locations; wij is the element in
a proximity or ‘weights’matrixW describing the spatial
relationship between locations i and j; zi and zj are
observations at locations i and j, respectively, expressed
as deviations from the mean; and S0 is a normalizing
factor equal to the sum of the elements of the weights
matrix, i.e., S0=∑i∑jwij . For details, see Cliff and Ord
(1973, 1981), and Upton and Fingleton (1985). In the
present context, N is the number of countries in the
sample and zi and zj are the IQs for countries i and j
respectively, expressed as z-scores.

Moran's I is structurally similar to the familiar Pearson
correlation coefficient; both are cross-product statistics
whose numerator contains the term zi times zj. It can
easily be seen that if two neighboring countries have
similar IQs, this termwill tend to be positive, because both
IQs will tend to be either simultaneously above the mean
(zi and zj both positive) or simultaneously below the mean
(zi and zj both negative); while if two neighboring
countries have dissimilar IQs, the observed values are
likely to fall either side of the mean so that the product of
zi and zj will tend to be negative. A positive value of I
(positive spatial autocorrelation) thus indicates that near
neighbors tend to have similar values of their associated
attribute z. A value of I equal to −1/(1−N) indicates that
z is independent of location, and higher negative values
of I indicate negative spatial autocorrelation, where
near neighbors have contrasting values of z, somewhat
like a checkerboard pattern.

I usually takes values between −1 and +1 (although
for certain types of weights matrix it is theoretically
possible for I to exceed these bounds). The significance
of I can be assessed either analytically or by a
permutation procedure. Cliff and Ord (1973) have
shown that under mild conditions, I is asymptotically
normal hence for adequate samples sizes the signifi-
cance of I can thus be tested by reference to the standard
normal deviate. Alternatively, the Quadratic Assignment
Procedure (QAP) can be used (Hubert & Schultz, 1976.)
This is similar to a bootstrapping procedure, but instead
of repeated random sampling from the observed data,
the rows and columns of the matrix are subjected to
repeated random permutation. This eliminates any
relationship between the dependent and independent
variables, while preserving the dependence between the
elements of each row and column. I is calculated for
each permutation, and the resulting distribution of I is
used to determine the significance of the observed I.

The cells wij of the weights matrix W contain infor-
mation about the spatial relationship between locations i
and j, and may be encoded in a variety of ways. This is
important because different encodings of W lead to
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different numerical values of I, so the interpretation of I
is not as straightforward as the interpretation of the
product–moment correlation coefficient. It is therefore
only possible to directly compare values of I for a given
encoding of W.

By convention the diagonal elements of the weights
matrix W are set to 0, but the off-diagonals may be
encoded in various ways depending on the data being
modelled. An obvious choice for wij is the physical
proximity of locations i and j. For example wij can be
set to min(dij)/ dij where dij is the distance between i and
j, so that wij=1 for the nearest neighbours, and less than
one for all other pairs of locations . However, this is not
the only possibility. For instance, an exponential
function of distance could be used, which might be
preferred if theory suggests the effects of proximity fall
off rapidly with distance. Nor is it necessary to limit the
encoding of W to conceptions of distance in space; for
example, proximities could be encoded as a function the
travelling time between two locations, bearing in mind
the existence of intervening obstacles such as moun-
tains, rivers or even political borders. This might be an
appropriate strategy for examining the spread of a
contagious disease. Yet another possibility, which is the
one used in the present study, is to dichotomize the
elements of W to produce a k nearest neighbors matrix.
Here, cells representing the k nearest neighbors are
assigned the value 1 and all other cells coded 0. This
type of encoding introduces a form of standardization
that partly offsets the effects of different sizes of country
and different degrees of isolation, because all countries
are surrounded by a fixed number of neighbors.

2. Method

2.1. Measures

2.1.1. National IQ
IQ scores for 113 nations were taken from Lynn and

Vanhanen (2006). These scores, calculated relative to a
mean of 100 and a standard deviation of 15 in Britain,
are mostly, but not exclusively, based on non-verbal
culturally-reduced tests (Raven's Progressive Matrices,
Cattell Culture Fair, and the Goodenough Draw-a-
Person test), and are corrected for increases in IQ with
time (Flynn effect; Flynn, 1984, 1987).

Although Lynn & Vanhanen present IQ scores for
192 nations, only 113 of these are based on measured IQ
and the remainder are estimates. Only the empirical IQ
scores are used in this study. The reason is that Lynn and
Vanhanen's estimated IQs were derived by averaging
the IQs of geographically proximate countries. The 192-
nation dataset thus necessarily includes a subset of
nations which are close together and have similar IQs, a
configuration which produces positive spatial autocor-
relation. This renders estimates of spatial autocorrela-
tion in the full dataset difficult to interpret, because it is
impossible to distinguish between the native autocorre-
lation and the autocorrelation introduced by the
estimation procedure. The analysis was therefore
restricted to measured IQs.

2.1.2. Benchmark variables
Temperature and precipitation for the 113 nations

were used as benchmark variables. These variables are
included in the analysis to aid understanding of the
practical significance of the results. Most people
recognize that adjacent nations tend to have more similar
climates than distant nations, and have an intuitive grasp
of how variations in temperature and rainfall around the
globe covary with physical space. Comparison of the
spatial autocorrelations for IQ with those for temperature
and precipitation can thus assist the reader to picture the
degree to which IQ varies with geographical location.

Annual values of temperature (°C) and precipitation
(mm.) averaged over the period 1961–1990 were taken
from the Tyndall Centre dataset TYN CY 1.1 (Mitchell,
Hulme, & New, 2002). Missing data for the Northern
Mariana Islands were substituted by 2000–2004 values
for nearby Guam, taken from the Guam government
website (http://ns.gov.gu/climate.html).

2.1.3. Geographical distances
The geographical distance between each pair of

nations was calculated as the great circle distance (km)
between their respective capital cities. The great circle
distance is the shortest distance between any two points
on the surface of the earth. Because the earth is a sphere,
Euclidean (plane) geometry cannot be used to calculate
this distance, and great circle distances are therefore
calculated using spherical geometry.

2.2. Spatial autocorrelations

Moran's I was computed using nearest neighbor
weights matrices in which, for each nation in the sample,
the k nearest neighbors were coded as 1 and the
remaining nations coded 0. The QAP procedure (5000
permutations) was used to determine standard errors.
The significance of I (with the null hypothesis of zero or
negative autocorrelation) was assessed by referring the
observed value of I to the QAP distribution (note that this
is a one-tailed test of significance). To determine whether
spatial autocorrelations were sensitive to the choice of k,

http://ns.gov.gu/climate.html


Table 1
Spatial autocorrelations (Moran's I) for national IQ and benchmark
variables

No. of neighbors in weights matrix

1 2 3 4

Mean distance between
neighboring nations (km)

671 818 948 1074

Variable
IQ .87 (.11) .84 (.08) .81 (.07) .79 (.06)
Temperature .79 (.11) .77 (.08) .73 (.07) .71 (.06)
Precipitation .70 (.12) .70 (.08) .66 (.07) .65 (.06)

Standard errors in parentheses. All I values are significant at pb .001
(1-tailed).
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Moran's Iwas computed for values of k between 1 and 4.
These values were chosen for compatibility with the
national IQ studies of Lynn and Vanhanen (2002, 2006),
because these authors estimated unknown values of
national IQ from the known IQs of between 1 and 4
neighboring countries.

3. Results

Spatial autocorrelations for national IQ and the
benchmark variables are given in Table 1 together
with their standard errors. The one-tailed significance
levels reported in the table test for positive spatial
autocorrelation against the null hypothesis of zero or
negative spatial autocorrelation.

The spatial autocorrelations for IQ in Table 1 indicate
a significant and striking degree of geographical
organisation; that is, there is a strong tendency for
nations that are geographical neighbors to have similar
IQs. There is a decrease in I for all the variables as the
number of neighbors in the weights matrix increases
from 1 to 4, but this is to be expected because the
average distance over which autocorrelations are
calculated increases from 671 to 1074 km, and the
similarities between nations decrease with distance.
That aside, the observed pattern of results is remarkably
consistent; averaging across the four weights matrices,
Moran's I for IQ is about 10% larger than Moran's I for
temperature and about 22% larger than that for
precipitation. In other words, the relationship between
national proximities and IQ is rather stronger than the
relationship between national proximities and the
physical climate.

4. Discussion

This research was subject to some limitations that
should be kept in mind when interpreting the results. As
is common in many cross-cultural studies, the unit of
analysis was the nation state. Some nations are highly
diverse and composed of distinct sub-populations, each
of which may have a different mean IQ. A good example
is South Africa; white South Africans constitute about
10% of the total population, and have a markedly higher
mean IQ than the black population (Lynn & Vanhanen,
2002). Such intra-national variations in IQ are excluded
from consideration in the present study. Secondly,
nearest neighbor weights matrices were used; this has
the advantage that both geographically large and geo-
graphically small countries are given equal weight in the
analysis, and gives an indication of country-to-country
variations in IQ, but has the disadvantage that physical
distances between countries are not directly used.

Tobler's (1970) semi-comical and often-cited First
Law of Geography states that everything is related to
everything else, but near things are more related than
distant things. The present results demonstrate that
national IQ scores obey this rule.

Lynn and Vanhanen's national IQ scores have been
criticized for being in many cases unrepresentative and
unreliable (e.g., Barnett & Williams, 2004; Ervik,
2003). Richardson, (2004) has argued that the poor
quality of the raw data is further compounded by
inappropriate estimates of missing data, and unjustified
corrections for the Flynn effect. While the results
presented here have no bearing on the validity of Lynn
& Vanhanen's IQ measures (i.e. the extent to which they
accurately reflect the cognitive capacities of popula-
tions), they are entirely consistent with the view that
their measures are representative and reliable; an
unrepresentative and unreliable indicator of a national
trait that is subject to arbitrary corrections would be
unlikely to exhibit a strong co-variation with the
location of nations in physical space.

Recently, Kanazawa (2008) has reported a test of his
evolutionary novelty theory of IQ (Kanazawa, 2004).
This theory proposes that general intelligence evolved
as a domain-specific adaptation for solving ‘evolutio-
narily novel’ problems, and predicts that high levels of
intelligence will be found in environments that are most
different to the one in which human beings originally
evolved (i.e., sub-Saharan Africa). Kanazawa argued
that a reasonable proxy for evolutionary novelty is the
physical distance from sub-Saharan Africa, and as
predicted, found a significant positive correlation
between this distance and national IQ.

Although both Kanazawa's study and the present one
examine the relationship between IQ and physical
space, there are some differences in approach which
are important to note. First, Kanazawa uses Euclidean



500 G.A. Gelade / Intelligence 36 (2008) 495–501
geometry to calculate distances; this is incorrect because
it fails to recognize that the surface of the Earth is
curved. In the present study, distances are calculated
using spherical geometry, which is the appropriate
method for calculating distances on the surface of a
sphere like the Earth.

A second difference is that the present study is
restricted to Lynn and Vanhanens's (2006) measured
IQs, while Kanazawa's study uses both measured and
estimated IQs. Lynn & Vanhanen derive their estimated
IQs (which constitute 41% of the data), from the
measured IQs of nearby nations. Estimated IQs are
thus necessarily similar to the IQs of their geographical
neighbors, and the data used to test Kanazawa's theory
thus contain a dependency between geographical loca-
tion and IQ. The IQ-distance relationships reported by
Kanazawa are therefore predicated on data where some
degree of geographical dependency has already been built
in. This constitutes a threat to the validity of the spatial
conclusions drawn. In the present study, this potential
problem is avoided by analysing only measured IQs.

Finally, it should be noted that despite a superficial
similarity, Kanazawa's study and the present one
involve two distinct ways of treating physical space,
each of which provides different, and non-conflicting
information. In Kanazawa's study the independent
spatial variable is the distance from sub-Saharan Africa,
and in the present study it is proximity. The distance
from sub-Saharan Africa does not imply proximity; two
nations at the same distance from sub-Saharan Africa
may be either close together or half-a-world apart.
Similarly, a given degree of proximity does not imply a
given distance from sub-Saharan Africa; two nations
with a given degree of proximity may be either close to
or far away from sub-Saharan Africa.

One useful piece of information that flows from the
present study is an indication of the accuracy of the
procedure that Lynn&Vanhanen used to estimatemissing
IQ data. This is of interest because several studies have
appeared which use their estimated data (e.g., Lynn et al.,
2007; Rindermann, 2007a; Whetzel & McDaniel, 2006).
The similarity between the spatial autocorrelations for IQ
and temperature implies that estimating a nation's IQ from
the IQs of nearby nations is about as accurate as
estimating its average temperature in the same way.

The results also suggest some future directions for
research on the IQs of different populations. Weights
matrices of the type used here are not limited to repre-
senting physical proximity; any conception of distance
between a pair of objects can be implemented as a
weights matrix, and a spatial autocorrelation coefficient
calculated. Direct tests of the dependence of IQ on
genetic, climatic and linguistic distances are possibilities
that spring to mind. These could be investigated by
constructing the appropriate proximity matrices, and
calculating spatial autocorrelations as we have described
here. Nor is it necessary to restrict the unit of analysis to
the nation; provided the IQs and inter-population
proximities are known, there is no restriction on how
the unit of analysis might be defined.

References

Baller, R. D., Anselin, L., Messner, S. F., Deane, G., & Hawkins, D. F.
(2001). Structural covariates of U.S. county homicide rates:
Incorporating spatial effects. Criminology, 39, 561−588.

Barber, N. (2005). Educational and ecological correlates of IQ: a cross-
national investigation. Intelligence, 33, 273−284.

Barbujani, G., Magagni, A., Minch, E., & Cavalli-Sforza, L. L. (1997).
An apportionment of human DNA diversity. Proceedings of the
National Academy of Science of the United States of America, 94,
4516−4519.

Barnett, S. M., & Williams, W. (2004). National intelligence and the
emperor's new clothes. Contemporary Psychology: APA Review of
Books, 49, 389−396.

Baskent, E. Z. (1999). Controlling spatial structure of forested
landscapes: A case study towards landscape management. Lands-
cape Ecology, 14, 83−97.

Beck, N., Gleditsch, N. S., & Beardsley, K. (2006). Space is more than
geography: Using spatial econometrics in the study of political
economy. International Studies Quarterly, 50, 27−44.

Bouchard, T. J., Jr. (1997). IQ similarity in twins reared apart:
Findings and responses to critics. In Robert J. Sternberg, & Elena
L. Grigorenko (Eds.), Intelligence, heredity, and environment
(pp. 126−160). New York, NY: Cambridge University Press.

Cavalli-Sforza, L. L., Menozzi, P., & Piazza, A. (1994). The history
and geography of human genes. Princeton, NJ: Princeton
University Press.

Cliff, A. K., & Ord, J. K. (1973). Spatial autocorrelation. London:
Pion.

Cliff, A. D., & Ord, J. K. (1981). Spatial processes, models, and
applications. London: Pion.

Dickerson, R. E. (2006). Exponential correlation of IQ and the wealth
of nations. Intelligence, 34, 291−295.

Ervik, A. O. (2003). Review of IQ and the wealth of nations. Eco-
nomic Journal, 113, 406−408.

Flynn, J. R. (1984). The mean IQ of Americans: Massive gains 1932 to
1978. Psychological Bulletin, 95, 29−51.

Flynn, J. R. (1987). Massive IQ gains in 14 nations: What IQ tests
really measure. Psychological Bulletin, 101, 171−191.

Greenfield, P. M. (1998). The cultural evolution of IQ. In Ulric Neisser
(Ed.), The rising curve: Long-term gains in IQ and related measures
(pp. 81−123).Washington,DC:American PsychologicalAssociation.

Hafting, T., Fyhn, M., Molden, S., Moser, M., & Moser, E. I. (2005).
Microstructure of a spatial map in the entorhinal cortex. Nature,
436, 801−806.

Heywood, J. S. (1991). Spatial analysis of genetic variation in plant
populations. Annual Review of Ecology and Systematics, 22,
335−355.

Hubert, L., & Schultz, J. (1976). Quadratic assignment as a general
data analysis strategy. British Journal of Mathematical &
Statistical Psychology, 29, 190−241.



501G.A. Gelade / Intelligence 36 (2008) 495–501
Kanazawa, S. (2004). General intelligence as a domain-specific
adaptation. Psychological Review, 111, 512−523.

Kanazawa, S. (2008). Temperature and evolutionary novelty as forces
behind the evolution of general intelligence. Intelligence, 36,
99−108.

Loftin, C., & Ward, S. K. (1983). A spatial autocorrelation model of
the effects of population density on fertility. American Sociological
Review, 48, 121−128.

Lynn, R., Meisenberg, G., Mikk, J., & Williams, A. (2007). National
IQs predict differences in scholastic achievement in 67 countries.
Journal of Biosocial Science, 39, 861−874.

Lynn, R., & Mikk, J. (2007). National differences in intelligence and
educational attainment. Intelligence, 35, 115−121.

Lynn, R., & Vanhanen, T. (2002). IQ and the wealth of nations.
Westport, CT: Praeger.

Lynn, R., & Vanhanen, T. (2006). IQ and global inequality. Athens,
GA: Washington Summit Publishers.

Matern, B. (1960/1986). Spatial variation, 2nd ed. Meddelanden fran
Statens Skogsforskningsinstitut, 49, vol. 36. (pp. ) New York:
Springer (published as Lecture Notes in Statistics).

Meisenberg, G. (2004). Talent, character, and the dimensions of
national culture. Mankind Quarterly, 45, 123−168.

Mitchell, T. D., Hulme, M., & New, M. (2002). Climate data for
political areas. (Area 34:103–112. [Data file retrieved from http://
www.cru.uea.ac.uk/~timm/cty/obs/TYN_CY_1_1.html, 25/11/
2005])

Moran, P. A. P. (1950). Notes on continuous stochastic phenomena.
Biometrika, 37, 17−23.

Moscone, F., & Knapp, M. (2005). Exploring the spatial pattern of
mental health expenditure. Journal of Mental Health Policy and
Economics, 8, 205−217.

Neisser, U., Boodoo, G., Bouchard, T. J., Jr., Boykin, A. W., Brody, N.,
Ceci, S. J., et al. (1996). Intelligence: Knowns and unknowns.
American Psychologist, 51, 77−101.

Panel on Spatial Statistics and Image Processing, Board on
Mathematical Sciences, National Research Council (1991). Spa-
tial statistics and digital image analysis. Washington, D.C.:
National Academy Press.
Richardson, K. (2004). Book review: IQ and the wealth of nations.
Heredity, 92, 359−360.

Rindermann, H. (2007). The g-factor of international cognitive ability
comparisons: The homogeneity of results in PISA, TIMSS, PIRLS
and IQ-tests across nations. European Journal of Personality, 21,
667−706.

Rindermann, H. (2007). Author's response. The big G-factor of
national cognitive ability. European Journal of Personality, 21,
767−787.

Rosenberg, M. S., Sokal, R. R., Oden, N. L., & DiGiovanni, D. (1999).
Spatial autocorrelation of cancer in Western Europe. European
Journal of Epidemiology, 15, 15−22.

Templer, D. I., & Arikawa, H. (2006). Temperature, skin color, per
capita income, and IQ: An international perspective. Intelligence,
34, 121−139.

Tobler, W. R. (1970). A computer movie simulating urban growth in
the Detroit region. Economic Geography, 46, 234−240.

United Nations (2006). World urbanization prospects: The 2005
revision. New York, NY: Population Division, Department of
Economic and Social Affairs, United Nations.

UNSECO (2006). Education for all global monitoring report 2007.
Paris, France: United Nations Educational, Scientific and Cultural
Organization.

Upton, G., & Fingleton, B. (1985). Spatial data analysis by example.
New York: John Wiley & Sons.

Weede, E., & Kämpf, S. (2002). The impact of intelligence and
institutional improvements on economic growth. Kyklos, 55,
361−380.

Whetzel, D. L., & McDaniel, M. A. (2006). Prediction of national
wealth. Intelligence, 34, 449−458.

Wils, A., & Goujon, A. (1998). Diffusion of education in six world
regions, 1960–90. Population and Development Review, 24,
357−368.

Woodworth, R. S. (1941). Heredity and environment: a critical survey
of recently published material on twins and foster children. Social
Science Research Council Bulletin, 95.

http://www.cru.uea.ac.uk/
http://www.cru.uea.ac.uk/

	The geography of IQ
	Spatial statistics and spatial autocorrelation
	Method
	Measures
	National IQ
	Benchmark variables
	Geographical distances

	Spatial autocorrelations

	Results
	Discussion
	References


