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Abstract

Estimates of sub-European ancestry among European Americans by US state were obtained from a recent study of customers
of the personal genomics company 23andme (N=148,789). The ancestry estimates were used to attempt to predict cognitive
ability and socioeconomic performance across US states (N=50). However, results indicated that they had little or no reliable
predictive validity, which was also the case when related ancestries were combined to increase precision.
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1 Introduction

In recent years economists have started examining
the predictive power of ancestry for socioeconomic
outcomes1. Putterman & Weil (2010) estimated “the
share of the year 2000 population in every country
that is descended from people in different source
countries in the year 1500”. Their analyses of this
dataset revealed that present day GDP per capita was
strongly predictable from the ancestries of persons
living in the countries. Fulford et al. (2016) estimated
the ancestry proportions (mostly sub-European) of
US counties over time based on consecutive census
data. They showed that ancestry proportions are pre-
dictive of socioeconomic outcomes such as GDP per
capita and generalized trust. This study is impor-
tant because the use of longitudinal data means that
the design automatically controls for county-level
fixed effects such as climate and geographical location
(which has been advocated by e.g. León & Burga-León
(2015)).

Differential psychologists have long been interested
in the predictive power of ancestry (Galton, 1869;
Shuey, 1966; Jensen, 1969; Rushton & Jensen, 2005;
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1 Socioeconomic is here used in a catch-all meaning which in-
cludes most if not all valued sociological outcomes such as in-
come, educational attainment, health, and (lower) crime. See
Kirkegaard (2014b); Kirkegaard & Fuerst (2014).

Lynn, 2006). Their focus has, however, been different.
The research has centered on the power of ancestry to
explain observable group differences in cognitive abil-
ity2 especially that between European and African
Americans. Shuey (1966) reviewed most if not all
the early studies. These studies used a variety of
proxies to classify African Americans into those with
more or less African/European ancestry: skin bright-
ness/darkness, nose width, hair type and blood type.
Using such non-genomic measures as estimates of ge-
nomic ancestry is problematic and the samples sizes
were often small, so not much can be concluded from
this early evidence (Loehlin et al., 1975).

Following the availability of genomic methods to es-
timate ancestry (Shriver et al., 2003) (Shriver et al.,
2003), studies reporting relationships between vari-
ables and genomic ancestry are now commonplace3.
Fuerst & Kirkegaard (2016a) compiled estimates from
such studies to estimate the genomic ancestry of ev-
ery nation (N=35) in the Americas and sub-national
regions of the United States, Mexico, Colombia and

2 In this paper I will use cognitive ability to refer to the kind of
mental ability called forth by standardized intelligence tests
and scholastic tests such as the NAEP employed in this paper.
This usage is in line with previous research (Lynn & Vanhanen,
2012).

3 Kirkegaard et al. (In Review) meta-analyzed studies that exam-
ined the relationship between genomic ancestry and socioeco-
nomic outcomes at the individual-level for persons living in
the Americas. They found that European ancestry was robustly
associated with better outcomes (random effects mean r = .17, K
= 27, total N ≈ 35,200).
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Brazil (total N=169). They showed that European
ancestry is a strong predictor of countries’ relative
standing on measures of cognitive ability and socioe-
conomic performance (mean r’s .708 and .643, respec-
tively). These analyses grouped all European genomic
ancestry into one cluster. However, it has been noted
that there is substantial variation in the mean levels
of cognitive ability and socioeconomic performance
for European Americans across US states which is
possibly related to more fine-grained ancestry differ-
ences between the states. The goal of this study is to
examine whether genomic measures of sub-European
ancestry of US states can predict outcomes.

2 Method

2.1 Ancestry data

Bryc et al. (2015) estimated the genomic ancestry
of customers of the personal genomics company
23andme (http://23andme.com/). They published
the estimated proportions of ancestry for African
Americans, Hispanic Americans and European Amer-
icans for each state with sufficient data. The genomic
estimates for African and Hispanic Americans has
been examined in a recent study (Kirkegaard & Fuerst,
2016), but the estimates of sub-European ancestry has
not been examined in the context of sociology or dif-
ferential psychology so far to my knowledge. This is
perhaps because the published paper did not present
the data in tabular form, only in the form of maps
which are shown in Figure 1. However, lead author
Kasia Bryc was kind enough to provide the numerical
data to me4.

These maps may usefully be compared to the maps
produced by Fulford et al. (2016) from census data
which are shown in Figure 2.

It can be seen that there is broad agreement with
regards to the distribution of Scandinavian/Nordic,
Italian/Sardinian and German ancestries.

With regards to the representativeness of the
23andme-based data, it should be noted that this is a
self-selected group (customers) of persons interested
in personal genomics, and which is thus likely smarter
and more well-off than the average person. This likely
has the effect of skewing the ancestries towards the
higher ability and more well-off groups.

2.2 Outcome data

Cognitive ability was measured using the NAEP (Na-
tional Assessment of Educational Progress) for self-

4 Personal e-mail dated February 2016. The data are now also
available on her website http://kasiabryc.com/datasets/.

Table 1: Correlations between ancestries and outcomes.
Weighted by population. Numbers in brackets are 95 %
analytic confidence intervals. The weighted correlation
between CA and S is .70.

Ancestry CA S

Ashkenazi 0.31 [0.04 0.54] 0.55 [0.31 0.72]
Balkan 0.39 [0.12 0.60] 0.33 [0.06 0.56]
British/Irish -0.41 [-0.62 -0.14] -0.34 [-0.57 -0.07]
East European 0.40 [0.14 0.61] 0.18 [-0.11 0.43]
Finnish 0.11 [-0.17 0.38] 0.11 [-0.17 0.38]
French/German -0.14 [-0.40 0.15] -0.47 [-0.66 -0.22]
Iberian 0.06 [-0.22 0.33] 0.35 [0.08 0.57]
Italian 0.39 [0.13 0.60] 0.44 [0.18 0.64]
Middle Eastern 0.28 [0.00 0.52] 0.55 [0.32 0.72]
Sardinian 0.04 [-0.24 0.32] -0.11 [-0.38 0.18]
Scandinavian 0.06 [-0.22 0.33] -0.02 [-0.30 0.26]

identified Whites as done in Kirkegaard & Fuerst
(2016). The scores were copied from that paper.

General socioeconomic performance (S factor) for self-
identified Whites was measured as the common fac-
tor of the three indicators provided by Measure of
America (http://measureofamerica.org/): propor-
tion of population with at least a bachelor’s degree,
average life-span and median income. The scores
were copied from Kirkegaard & Fuerst (2016).

3 Analyses

The data were analyzed using weighted (population
size) multiple correlation and regression as done in
the previous studies (Fuerst & Kirkegaard, 2016a,b;
Kirkegaard & Fuerst, 2016).

3.1 Correlations

Table 1 gives the correlations between the ancestry
variables and the two outcome variables. Examin-
ing the correlations, we see some with substantial
values and confidence intervals that do not overlap
zero, but many others are small or unexpected. For
instance, British/Irish is strongly negative, Scandina-
vian is about 0, and Balkan moderately positive.

3.2 OLS regression

OLS regression provides a single best guess estimate
for every predictor, in our case, each ancestry. The
downside is that it tends to overfit models, especially
those with many predictors. Tables 2 and 3 show the
regression results for cognitive ability and S, respec-
tively.
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Figure 1: Sub-European ancestry among self-identified European Americans. From Figure S10 in Bryc et al. (2015).

Figure 2: Estimated ancestry among the total population based on consecutive census data. From Fulford et al. (2016).
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Table 2: OLS weighted regression standardized betas
for cognitive ability among European American US states.
N=50. R2 = .31. Cross-validated R2 = -3.16.5 CI = 95 %
analytic confidence intervals.

Predictor Beta SE CI lower CI upper

Ashkenazi 1.02 0.65 -0.29 2.34
Balkan 0.29 0.41 -0.53 1.12
British/Irish 2.70 1.56 -0.46 5.85
East European 1.13 0.60 -0.08 2.33
Finnish 0.18 0.24 -0.31 0.67
French/German 1.05 0.68 -0.32 2.43
Iberian 0.75 0.42 -0.10 1.60
Italian 1.13 0.53 0.06 2.21
Middle Eastern -0.16 0.28 -0.73 0.40
Sardinian -0.14 0.21 -0.56 0.28
Scandinavian 1.79 0.92 -0.06 3.64

Table 3: OLS weighted regression standardized betas for
S factor among European American US states. N=50. R2

= .48. Cross-validated R2 = -1.06. CI = 95 % analytic
confidence intervals.

Predictor Beta SE CI lower CI upper

Ashkenazi 0.54 0.58 -0.64 1.72
Balkan -0.08 0.37 -0.82 0.66
British/Irish 0.28 1.40 -2.56 3.11
East European 0.31 0.54 -0.77 1.39
Finnish -0.01 0.22 -0.45 0.44
French/German -0.08 0.61 -1.31 1.16
Iberian 0.57 0.38 -0.20 1.33
Italian -0.14 0.48 -1.11 0.83
Middle Eastern 0.04 0.25 -0.46 0.55
Sardinian -0.14 0.19 -0.52 0.23
Scandinavian 0.40 0.82 -1.27 2.06

Both models were woefully overfit as demonstrated
by the negative cross-validated R2s. This indicates
that other methods must be used to better estimate
the predictive value of the predictors, if any.

3.3 LASSO regression

LASSO regression is a more conservative method, but
has the benefit that it tends to provide better esti-
mates of true predictive validity than OLS regression
(James et al., 2013). Because LASSO regression has
a stochastic element6, it was run 500 times for each
model.

The results indicated that no predictor was consis-
tently useful in predicting the outcomes. Only for

5 The cross-validated R2 were calculated using 10-fold cross vali-
dation (James et al., 2013).

6 This is due to the use of cross-validation to choose the value of
the shrinkage parameter.

S were two predictors even remotely close to being
reliable predictors, namely Ashkenazi and Middle
Eastern ancestry which both had positive betas in
about 37 % of the runs.

3.4 Broader ancestries

In reviewing the paper, Noah Carl suggested com-
bining some of the ancestries to increase the
power/precision (Cumming, 2012)7. This was done
by combining Italian and Iberian to Southern, and
combining Scandinavian and Finnish to Nordic. Both
OLS and LASSO regression was then rerun. The re-
sults, however, were very similar: the models were
vastly overfit to the data (negative cross-validated
R2’s) and LASSO did not find any robust predictors.

4 Discussion and conclusion

The present study failed to find convincing evi-
dence for predictive validity of sub-European ances-
try among US states. Such validity is expected on the-
oretical grounds. If different sub-European ancestries
differ in mean cognitive ability (Lynn & Vanhanen,
2012) or other important traits that cause variation in
socioeconomic outcomes (Gottfredson, 1997; Murray,
2002; Rowe et al., 1998; Strenze, 2007), and migrants
retain their cognitive ability and other traits when
they relocate (spatial transferability hypothesis, see
e.g. (Kirkegaard, 2014a)), then one would expect to
find that the relative ancestry composition of states
predicts their cognitive ability and S levels, all else
equal. The problem is of course that all else is not
equal. For instance, there has been substantial cog-
nitive ability related migration within sub-European
clusters in the US for many decades, and both emi-
gration and immigration is selective to some degree
which also possibly varies by country or region of
origin. For these reasons, the relationships between
ancestries and outcomes are theoretically expected to
be quite noisy.

Aside from the above problems, the study is primarily
limited by two facts. First, the self-selected nature
of the sample limits its representativeness. However,
unless this selection was different for each state, it
should not in general throw off the results because
the analyses do not depend on the mean levels of an-
cestry. To see this, imagine that Ashkenazi ancestry
is associated with higher cognitive ability and better
socioeconomic outcomes (Cochran et al., 2006; Lynn,
2011). If the 23andme estimates are based on persons

7 The standard error of each predictor is a function of the sample
size and the intercorrelations with the other predictors. By this
reducing the number of predictors, the standard error should
decrease and hence the power increase.
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with higher cognitive ability/S than the general pop-
ulation (positive selection), then one would expect
that the mean level of Ashkenazi ancestry would be
somewhat higher than among the general population.
Still, the relative differences between states would be
roughly the same which is sufficient for the employed
methods to work.

Second, the present dataset only has a sample size
of 50. If the relationships between sub-European
ancestry and outcomes are weak to moderate, then the
sample size may simply be too small to detect them.
Given that effects of ancestry were found using non-
genomic ancestry estimates, which are less precise, in
the US using a much larger dataset (N=1154, (Fulford
et al., 2016, see footnote 1), this seems plausible.
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