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Dow I Multiple Network Autocorrelation Effects

Galton's Problem as
Multiple Network
Autocorrelation Effects
Cultural Trait Transmission
and Ecological Constraint
Malcolm M. Dow
Northwestern University

Empirical evidence that cultural traits are often nonrandomly distributed
because of the individual or combined effects of common history, diffusion,
borrowing, and/or other types of cultural transmission processes has been
accumulating for decades. Because many cultural traits have recently been
shown to be influenced by more than one transmission process, it has
become a methodological priority in comparative research to develop statistical methods that can simultaneously incorporate multiple transmission
processes. This article proposes a multiple network autocorrelation effects
model and associated two-stage least squares (2SLS) estimation procedures. The network autocorrelation effects model offers an alternative
interpretation of how cultural trait transmission processes operate than does
the network autocorrelation disturbances model. Conceptual differences
between the two classes of models suggest that the network effects specification will be more generally applicable in comparative studies. An empirical example demonstrates the substantive value of the multiple network
autocorrelation effects model and the widely available 2SLS estimation
procedures.
Keywords: Galton's Problem; network autocorrelation effects model; twostage least squares; trait transmission; ecological constraint

Author's Note: The present article is the first in a new series of papers that deal with issues
related to Galton's Problem and network autocorrelation modeling in cross-cultural research. A
second article (under review) assesses the nature and extent of network autocorrelation in crosscultural data, and a third article, currently underway, extends the network autocorrelation effects
model two-stage least squares approach to deal with categorical dependent variables. Please
address correspondence to Malcolm M. Dow, Department of Anthropology, Northwestern
University, 4247 N. Paulina St, Chicago, IL 60613; e-mail: mmd383@northwestem.edu.
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mpirical evidence has been steadily accumulating throughout many '
decades to show that a large percentage of cross-cultural traits are
nonrandomly distributed because in part of the individual or combined
effects of common history, diffusion, borrowing, and/or other types of cultural
transmission. In a recent article that clearly demonstrates such effects, Eff
(2004) reports the percentages of 1,700 Standard Cross-Cultural Sample
(SCCS) variables that display statistically significant levels of autocorrelation, that is, similarities of same-variable scores on spatially or otherwise
related societies. Using the well-known Moran's I statistic as the measure
of autocorrelation, Eff reports that about 44% of the variables exhibit spatial autocorrelation and about 43% exhibit linguistic autocorrelation. 1
Although Eff does not report the percentage of variables that show at least
one of these types of autocorrelation, more recent work suggests that
approximately 53% of the sees variables exhibit either spatial or language
autocorrelation globally (Dow & Eff, 2007).
Other studies have reported similar findings using similar methods. For
example, White (1993) also used Moran's I statistic to assess levels of spatial
autocorrelation in 1' 178 variables for a half sample of the sees societies and
reports that "35% of the variables showed moderate to strong autocorrelation
and 26% showed severe or extreme autocorrelation" (p. 460). 2 Using a
regional subset of data from the Ethnographic Atlas, Guglielmino, Viganotti,
Hewlett, and Cavalli-Sforza (1995) assessed the fit of 47 cultural traits across
277 African societies to language, spatial, and environmental similarity
matrices. Nineteen variables (40%) grouped into economic, social stratification, and house-building categories were reported to be associated with all
three autocorrelation processes, whereas 28 (60%) of the variables grouped
into family and kinship, division of labor by sex, and the "various others" categories were associated with a single process. In a similar type of regional
study, Hewlett, de Silvestri, and Guglielmino (2002) examined the fit of 109
"semes" (cultural traits) to the following four network autocorrelation matrices for 36 African societies: demic diffusion, cultural, linguistic, and spatial
distances. Forty-five (41%) of the semes were found to be associated with a
single autocorrelation process and 29 (27%) potentially with two processes.
Although all of the above studies clearly demonstrate extensive lack of independence within variables associated with the most commonly used comparative data sets, they are of course simply the latest generation of studies to
report such empirical findings. One only has to look at the maps in Driver and
Coffin (1975), Jorgensen (1980), and Burton, Moore, Whiting, and Romney
0996) to appreciate the extent of clustering (i.e., autocorrelation) of crosscultural variables in both regional and world-wide samples.
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Although the statistical inference problems associated with the analysis
of such autocorrelated variables are by now well understood-biased and
inconsistent parameter estimates, inflated Type I inferential errors-there is
nonetheless a surprising resistance among cross-cultural researchers to using
either sample selection methods or more recent autocorrelation methods for
dealing with this data-analytic problem. Korotayev and de Munck (2003)
comment that there are eight solutions to nonindependence based on sampling restrictions "which virtually none of the practicing cross-cultural
researchers actually ever use" (p. 354). These authors go on to note that "the
one technique used by almost all cross-cultural researchers ... is to select
one tribe from each culture area" (p. 354) to control for nonindependence of
cultural traits. That is, despite clear demonstrations that such sampling
restrictions do not begin to control for nonindependence in cross-cultural
data (Dow, 1993; Loftin & Hill, 1974; Murdock & White, 1969), this inadequate approach is still commonly accepted by cross-cultural researchers
(e.g., Barry & Yoder, 2002) as providing a sufficient safeguard against the
kinds of inferential errors commonly encountered with the analysis of autocorrelated data. And not only are the older sampling approaches seldom
employed, the network autocorrelation disturbances regression model introduced into the cross-cultural literature by Dow (1979), Dow White, and
Burton (1983), and Dow, Burton, White, and Reitz (1984) has been applied
only twice (Dow, 1984; White, Burton, and Dow, 1981).
The present article extends the discussion of network autocorrelation
beyond network disturbances models to consideration of network effects
models. Importantly, the suggested two-stage least squares (2SLS) estimation
procedure for the network effects models is available in most of the commonly used statistical software packages. No specialized maximum likelihood (ML) computational software is required, unlike previously proposed
network disturbances autocorrelation models. In addition, it is a straightforward matter to include more than one network autocorrelation process simultaneously with ecological and functional associations in the effects model and
estimate it using 2SLS regression procedures. The ability to simultaneously
test hypotheses about language, distance and other transmission processes,
such as trade networks (if data are available), in addition to ecological constraints and functional associations, represents an important advance over
other comparative methods that are restricted to single phylogenetic language
trees when controlling for nonindependence (Borgerhoff Mulder, GeorgeCramer, Eshleman, & Ortolani, 2001; Mace & Pagel, 1994).
Expanding the choice of appropriate autocorrelation methods and simplifying the estimation procedures should help to overcome the apparent reluctance
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among cross-cultural researchers to embrace appropriate statistical models and
perhaps help change the apparent perception that the lack of independence
within traits (as Galton's Problem is known in anthropology) is a mere statistical nuisance with little or no bearing on the validity of statistical results.
Network dependencies potentially have a dual impact on the analysis of crosscultural data. On one hand, they can be viewed as a source of nuisance and
error when traditional statistical methods requiring independence are
employed. On the other hand, as suggested by Witkowski (1974) and
Korotayev and de Munck (2003), these interdependencies also represent valuable information that may be exploited for further understanding of the relative importance of the various transmission processes that are thought to be
responsible for much of the cultural heterogeneity so clearly evident in crosscultural data sets. The role of various transmission processes in shaping the
cultural trait diversity that is apparent across societies is still far from clear, as
is their interrelationships with ecological constraints. By helping to disentangle the relative effects of vertical transmission (parental to offspring populations) and horizontal transmission (borrowing, trade, copying, etc.) while
controlling for possible ecological constraints and at the same time separating
out their effects from functional associations, the multiple network autocorrelation effects model presented here represents an important advance over previously proposed methods for handling network data dependencies.
The organization of the article is as follows. The first section describes
how network autocorrelation effects for language, spatial distance, or any
other hypothesized cultural transmission process can be formally expressed
as connectivity matrices between all pairs of societies in the sample. Next,
the network disturbances and network effects models are described, and
underlying differences in interpretation between the two models are outlined. Then, the 2SLS estimation procedure for the network effects model
is described, and the construction of the required instrumental variables is
discussed. The multiple transmission network effects with ecological constraints and functional associations are then given substantive meaning and
illustration through a detailed reanalysis of Eff's (2004) regression results.

Formal Expression of Network Autocorrelation

I
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Simply stated, spatial autocorrelation implies that what happens at one
location in space is in some way related to what happens at nearby locations.
More generally, network autocorrelation implies that the attributes of
each node in a network can be predicted in part from knowledge of the
attributes at related nodes. Hence, the first step prior to specifying any network
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autocorrelation regression model in comparative studies is to construct the
network matrices that correspond to the sociocultural transmission
processes of interest. In the network autocorrelation regression models
described later, autocorrelation depends on an explicit specification of the
strength of relatedness between each pair of societies in the sample. Early
approaches to this problem using one-dimensional "diffusional arcs" were
introduced by Naroll (1961) and Loftin and Hill (1974), and more realistic
two-dimensional matrix specifications were proposed by Wirsing (1974)
and Pryor (1976). The weakness in the one-dimensional arcs approach is
that the multi way network dependencies are clearly misspecified, and in the
latter two matrix proposals, the dependency matrix is not incorporated into the
estimation procedures for the regression (or any other multivariate) model.
Correct specification of the N-by-N pairwise dependency matrix is
important. A regression model is correctly specified when the equations in
the model adequately correspond to the processes generating the observed
variation in the data. Model specification is a matter of degree: The better
the theoretical understanding of the generating processes, the closer the
correspondence between the postulated equations and the empirical data,
and the more precise the estimates of the model parameters. Probably the
most frequently hypothesized cause of similarities of cultural traits across
societies is common history. Attempts to control for such interdependencies
within traits typically base the measurement of common history on some
form of language relatedness between sample units. Jorgensen (1969), for
example, constructed a matrix of similarities for 31 Salish societies based
on number of common words in an extensive word list, and White et al.
(1981) and Dow (1984) measured linguistic distance using a count of the
number of steps between societies on a hypothesized phylogenetic tree of
languages for a regional sample of 43 SCCS African societies.
Network autocorrelation regression models assume that the N sample
units are somehow differentially interrelated and that the interrelations can
be operationalized as an N-by-N connectivity weights matrix C, where the
individual matrix elements c .. correspond to some measure of relationship
societies i and}. Several poi~{s should be noted about the construction of a
connectivity C matrix. First, by convention, a node, or society, is not connected
to itself, so the C matrix will have Os along the main diagonal. Second,
although no restrictions need be placed on the weights ci"' the interpretation
of the autocorrelation parameter estimate is more inteJretable if each roW
of Cis rescaled to sum to 1. That is, each element of the C matrix is divided
by its row sum to yield a new stochastic matrix W, where w.lj = c I) /'f.') ci, for
all i. One result of this scaling is that in general, w lj.. =F w.)I as i and]. will not
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usually be connected to the same number of other societies in the same way.
A second result of this scaling is to facilitate the interpretation of the autocorrelation estimate as a "correlation," as the original y dependent variable and
the autocorrelated variable MY will be on the same scale. Third, this matrix
formulation permits rich expression to the idea of interdependence. Any
society may be connected to any other society, not simply those that are
actually contiguous, spatially or otherwise. Fourth, any relevant linkage
between units that can be quantified can be represented by the appropriate
elements of the W matrix.
Selection of the weights is of major importance, as spurious results may
arise if the hypothesized weights do not correspond to any real social process
(Cliff & Ord, 1981). Commonly, in geographical research, the weights (cj)
are estimated according to some notion of space-friction constraints on the
possibility of effects from one unit to another. The simplest function in this case
is an exponentially decaying distance function such as dU--a' where du is the
distance from society i to society j and a is a suitable exponent. More general notions of interaction between nodes are also possible. For example, in
their study of state budgetary expenditures in the United States, Case,
Rosen, and Hines (1993) construct W matrices based on per capita income
and percentage of population that is Black for each state, and Conley and
Topa (2002) use differences in ethnic and occupational distributions
between Chicago census tracts in their study of unemployment rates.
In addition to operationalizing linkages and flows between sample units,
which is one way that trait transmission p~o sses clearly operate, it may also
be useful to construct a W matrix that re resents similarities in ecological
constraints faced by each pair of societi s. Ecological setting is often seen
as a constraint on possible trait configurations, which may modify or even
rule out adoption of certain cultural practices (Whiting, Sodergren, &
Stigler, 1982). There is a six-category ecological type variable coded for
the sees, and a similarity matrix can be constructed using this code, as
suggested below. Row-normalizing such a matrix to unity and including a
corresponding MY predictor variable in the regression model yields an estimate
of the constraint exerted on the trait of interest (i.e., y) by the environment and
controls for this effect with respect to transmission processes and functional
associations. There is nothing in principal that prohibits the inclusion of
"constraint" types of matrices in these network autocorrelation models.
Using a distance measure between societies based on ecological setting is
Precisely the same idea as using percentage of population that is Black as a
measure to identify similarly situated states.

-
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and the E term are correlated means that the OLS estimate of rho will be
biased and inconsistent (Johnston, 1984).
In most research situations, of course, there will be additional independent predictor variables that are also hypothesized as contributing causes of
the dependent variable scores. These variables are easily introduced simultaneously into the pure network effects model to give the following network
autocorrelation effects model:

Network Autocorrelation: Effects and
Disturbances Models
All of the network autocorrelation models of interest here are extensions
of the usual linear regression model, which can be compactly stated in
matrix form as
y=X~+£,

(1)

where y is an N x 1 column vector of dependent variable observations, X is
anN x k matrix of independent variables plus an initial column of 1s for the
intercept term, ~ is a k x 1 column vector of regression coefficients, and £
is an N x 1 column vector of independent normally distributed error terms
with equal variances-that is, E - /N(O,cr2I). Note that this model completely ignores any dependency or network structure in the data. When the
assumption about independence in this model is not met but the above
regression model is nonetheless estimated using the usual ordinary least
squares (OLS) procedures, then the regression coefficient estimates are
either unbiased but inefficient or biased and inconsistent, depending on how
the underlying network autocorrelation mechanism is assumed to enter into
the regression model (Ord, 1975). Two different assumptions are made in
this regard, both of which are examined next.
The simplest linear model that specifies network effects, as represented
in an appropriate W matrix, assumes that the values on the dependent variable
for each society i, Y;· are a function of the values of the societies to which i is
linked via the W matrix. Expressing this in a matrix notation gives the
following linear network autocorrelation model:
y= pR}>+E,

343

y=pR}>+X~+E,

,.,
)

where again the errors are assumed to be independently normally distributed with zero means and equal variances. Note that when p = 0 and there
are no network effects, this model defaults back to the OLS regression
model (1), and when ~ = 0, the pure network effects model (2) results.
Again, because the WY variable and the error terms are correlated, OLS
estimation of this model yields biased and inconsistent estimates of both
rho and the regression coefficients for the X variables. Details on the
derivation of ML estimation (MLE) procedures for models (2) and (3),
which yield consistent parameter estimates, are given in Ord (1~---and
Anselin (1988). 2SLS estimation for model (3) is discussed in Land and
Deane (1992) and Kelejian and Prucha (1998).
Frequently in cross-cultural research, it is hypothesized that more than
one network transmission process is operating simultaneously-that is,
both language and geographic distance transmission effects (among others)
are thought to be relevant to the observed distribution of trait scores. The
network autocorrelation effects model is readily extended to incorporate
two regimes of network transmission processes as follows:
y = piWiy+ p2WV' +X~+ E

(2)

(3)

(4)

Doreian (1989a, 1989b) provides a derivation of the MLE procedures for
this model, and Lacombe (2004) provides a nicely detailed empirical example.
No specialized software routines to implement the nonlinear optimization
MLE approach are currently available to estimate this complicated model.
However, the 2SLS procedure used to estimate the single network effects model
~s easily extended to handle this model. Indeed, generalization of model (4) to
lllcorporate additional network transmission processes is also straightforward,
and estimation of even more general models using 2SLS is limited only by
availability of data required to construct the W matrices and by the sample
size. Details on the 2SLS methods are provided below.

where as before the error terms are normally distributed with zero mean
and equal variances. Without loss of generality, we assume that both variables are mean corrected and the usual intercept term is thus 0. Rho is a
scalar autocorrelation parameter, analogous to a correlation coefficient.
This is the pure network effects model, where the score on a cultural trait
y for society i is predicted from a weighted average of the scores on the
same trait for the societies that i is related to through the process embodied
in the W matrix (i.e., the ith row of W). Although it might seem that
because WY is simply a vector of scores and that the rho parameter could be
estimated using OLS regression procedures, the fact that the WY variable

1
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A different class of network autocorrelation regression models was previously proposed for cross-cultural data analysis by Dow (1979), Dow et al.
(1983), and Dow et al. (1984). In these models, network autocorrelation is
hypothesized to affect the disturbances term in the usual regression model
(1). The network autocorrelated disturbances model is specified as

{

I
y=

X~

+ c, c = pWe + v

Dow I Multiple Network Autocorrelation Effects

briefly what the two conceptually distinct models, effects and disturbances, '
imply about how the transmission processes are hypothesized to operate. To
more clearly understand what these models imply about the underlying
network processes they embody, it will be helpful to take another look at
the usual OLS regression model with no network dependencies assumed. In
the usual OLS model,

(5)
y=X~+£

Here, the disturbance term for each society is expressed as a weighted
average of the disturbances at related societies, plus an independently normally distributed error term v. Derivation of the MLE procedures for this
model are given in Ord (1975). As before, this model can be generalized to
incorporate multiple network transmission processes as
y=X~+f,

r=p 1W1 c+p 2 W2 r+v

= p, W,y +X~ + f,

c = p2 W2c + v

(8)

the XB term can be thought of as the intrinsic position of each sample unit.
Absent any socioculturql/transmission process operating between sample
units, the predicted scofe on the dependent y variable for each sample unit is
a function of the X "local effects" (i.e., other attributes of that sample unit).
Without any social context that might influence scores on they cultural trait
of interest, the only hypothesized influences on y are the presence and levels
of other cultural traits within the same society. That is, cultural traits are
functionally interrelated within societies and uninfluenced by the configuration of cultural traits in related societies.
The interpretation of the network effects model is, however, quite different.
Looking again at the network autocorrelation effects model,

(6)

This more general model is discussed in Dow (1984) as the biparametric
autocorrelated disturbances model, and an empirical example is presented.
Again, there is no available estimation software for this model, and generalization of the model beyond two regimes of autocorrelation appears to be
completely intractable using MLE approaches.
A natural generalization of the above models incorporates both network
effects and disturbances models as follows:
y
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y=pfiY+X~+c

(9)

they variable is now hypothesized to be sensitive to, and influenced by, the
"social context" of each society (i.e., the other societies to which it is
related through common history, trade, conquest, demic migration, and so
forth). That is, the presence and level of they trait for each society is now
hypothesized to be a function of the scores on that same trait within the set
of societies to which each society is somehow related, in addition to local
X factors. This network autocorrelation effects model has been described as
an "endogenous feedback model of social conformity" by Erbring and
Young (1979). In their conceptualization, network effects arise out of ongoing
social processes, such as contagion, competition, and conformity, that
derive from the reciprocal influences of social actors interacting with one
another. In the analysis of cross-cultural data, the network effects model
Would also appear to be applicable to "contagion" brought about both
through "vertical" inheritance of cultural traits and through "horizontal"
effects caused by conquest, trade, borrowing, and other such mechanisms.
The network disturbances model, on the other hand, represents a quite
different mechanism through which network processes can operate. Starting

(7)

Note that if either of the p 1 or p2 autocorrelation parameters is equal to 0,
the effects or disturbances model becomes appropriate. Anselin (1988) provides an extended discussion of this effects/disturbances model and outlines
MLE methods. Kelejian, Prucha, and Yuzefovich (2004) combine a 2SLS
approach with a generalized method of moments estimation procedure to
obtain estimates for this model. 3

Interpreting Trait Transmission
as Network Autocorrelation
Although the above typology of network autocorrelation models clearly
provides for rich expression of the idea of sociocultural transmission
processes appropriate for use with comparative data, it is worth reviewing

I
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again with the usual OLS regression model, y =X~ + £, it is clear that the
term represents the expected, intrinsic value on the dependent y trait,
whereas the error term, £, represents all of the unmeasured, latent factors
that tend to cause a deviation from the intrinsic position. As Leenders
(2002) notes, autocorrelation in the disturbances term can be due to at)east
three different factors. First, incorrect specification of the X~ term as linear
when one or more variables are nonlinearly related to the dependent variable can also result in autocorrelation of the error terms. Correcting the
model specification removes the observed autocorrelation. Second, because
the set of independent X variables seldom includes all of the important
effects on the y variable, autocorrelation of the error terms may arise
because of an omitted variable. Including the omitted variable(s) causes the
autocorrelation to vanish. This is the approach adopted by Pryor (1976) and
White et al. (1981), where dummy variables were included as predictors to
control for autocorrelation in the residuals from an initial OLS regression
analysis. That is, in both of these situations, autocorrelation is treated as
indicating a misspecification of the regression model, which can be corrected either by the transforming one or more variables or by adding an
additional independent variable. A third, network-based interpretation for
the autocorrelated disturbances is a model of deviation from the intrinsic
position because of insecurity, level of risk acceptance, and uncertainty.
Here, individuals (or societies) adjust the amount of deviation from their
intrinsic position based on the deviations observed in others to whom the
focal actor is related by the mechanism represented in the W matrix.
Leenders (2002) characterizes the substantive differences between the network autocorrelation effects and disturbances model specifications in terms
of interaction and reaction. The network autocorrelation effects model is
understood as a model of interaction between societies, where the interactions are hypothesized to lead to mutual adjustments and adoption of modifications, including inheritance, with respect to cultural configurations of
traits. The network autocorrelation disturbances model is a model of reaction, or deviation from an intrinsic position in the face of perceived risk and
uncertainty. Given the nature of the cultural transmission processes (e.g.,
inheritance of traits from ancestor populations, trade, borrowing, copying,
and the like), it appears that the multiple network autocorrelation effects
model will be a more generally appropriate model specification than the
network disturbances model when analyzing cross-cultural data, especially
if relative contributions of different cultural trait transmission processes are
of theoretical interest.

Estimating the Multiple Network Effects Model: 2SLS

X~

In this article, the general network autocorrelation effects model with
multiple forms of dependency that is of primary interest is
y=p 1W1y

+ p W:1)'+ ... +p,W,y+X~+£
2

(10)

Extension of the "2SLS estimation procedures suggested by Land and Deane
(1992) and Kelejian and Prucha (1998) for a single network autocorrelation
effect to two or more network effects, as in model (10), is straightforward.
The primary limitations to employing the model are the data required to
construct the separate weight matrices and sample size.
The estimation problem with the multiple network effects model (10)
arises from the fact that all of the Wy endogenous network variables are
correlated with the error term £, as all are functions of the dependent y variable.
This lack of independence leads to biased and inconsistent estimates for
both the autocorrelation parameters and the regression coefficients if the
model is estimated using OLS regression methods (Ord, 1975). However, this
problem can be overcome if, for each W y variable, one or more variables can
be found that are correlated with it but are uncorrelated with the error term £.
Such "instrumental" variables can then be used to obtain predicted scores
on each of the corresponding Wy variables, and the vectors of predicted
scores then substituted into the original equation in place of the original
variable. In the statistical and econometrics literature, the terms instrumental
variables estimation and 2SLS are treated as synonyms.
The 2SLS estimation of the autocorrelation parameters and regression
coefficients can be quite easily carried out using the following two-step
OLS procedure. For simplicity, we initially rewrite model (10) as
y = Yly+XI~ + £

(11)

Where
Y is the dependent variable

f 1 is theN x t matrix of observations on the endogenous variables (all of the W,y

network autocorrelated variables) in the equation,
Yis at x 1 column vector of the t autocorrelation coefficients (P 1• p2_ .. p,)', where
' denotes transpose,
X1 is the N x k matrix of observations on the k predictor variables,
~ is a k x 1 vector of regression coefficients, and
£ is a N x 1 vector of disturbances.

I
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Stage 1. Compute the following: Y1= X(X'X)" 1X'Y1.where X= [X1X2] is
theN x (k + p + q + · · · + s) matrix of observations on all k predictor variables, that is, the original set of predictors XI' plus the complete set (p + q
+ · .. + s) instrumental variables for each of the t autocorrelated predictor
variables X2• Each of the Wiy may have different numbers of instruments
associated with them. Note that the original set of predictor variables is
included in the first stage, as each of them is treated as an instrument for
themselves. Also note that this first stage consists of computing t OLS
regressions, where each of the Wy variables is regressed singly on the
original set of predictor variables X1 plus the set of instruments for the
entire set of autocorrelated endogenous variables. The predicted scores
from each of these OLS regressions are saved as theN x t matrix Y1•
Stage 2. The following equation is estimated using OLS: y = Y1c + X1b,
where the estimated vectors of b and c coefficients are now the two-stage
least squares estimates of ~ and y.
Although the Stage 2 OLS regression will produce correct (consistent)
estimates for the autocorrelation and regression parameters, their standard
errors and the R 2 will be incorrect. This is the result of using predicted
scores for the autocorrelation effects variables in the OLS estimation rather
than the true W;y scores. It is, however, relatively straightforward to generate the correct error variance-covariance matrix, and thus standard errors,
by using the b and c estimates from this Stage 2 regression. First, calculate
a vector of residuals from
e = y- Y1c- X1b,

'

I

In addition to reporting Moran's 1 autocorrelation results for 1,700

(12)

sees variables, Eff (2004) also reports an OLS regression equation and
corresponding p values associated with Moran's I statistics for language
and spatial network matrices. 4 The p value reported for the language autocorrelation 1 statistic is highly significant (p = .0102), but the p value for
distance is not quite significant (p = .0650). 5 Eff suggests that these p values
~ender the usual interpretation of the OLS estimated regression equation
lllvalid, and he suggests that some form of lagged dependent variable should
be included into the regression equation to remove the autocorrelation indicated
by the associated I statistics. Unfortunately, Eff does not actually re-estimate
his regression equation using any such lagged variable, noting that doing so
generally requires estimation using ML rather than OLS methods, as the
latter result in biased and inconsistent regression coefficient estimates.
Because variables are almost certainly missing from the specified regression
equation, however, autocorrelation could be viewed here as entering the

(13)

Finally, insert the estimated error variance into the usual expression for
the estimated coefficient variance-covariance matrix
2

Sbc = se

x;r1
~-~
1x;x1
r;x1 r;x(x'x)- 1x'Y

(14)

__................._.....

..__._

_________ --

..._

~

The usual R2 statistic is easily obtained from 1 - (e' e/L(y- Ym), where Ym
is the mean of y. Note that because all of the known properties of the 2SL~
0
procedures are asymptotic, OLS procedures are uncorrected for the loss
degrees of freedom that results from using instrumental variables to get

estimates of the endogenous network effects variables, that is, the denominator in equation (13) uses t and not (p + q + ... + s) degrees of freedom.
Fortunately, this correction procedure is automatically carried out using the
2SLS routines available in the widely used statistical packages.
The 2SLS procedures yield consistent estimates, that is to say, as the
sample size increases, the estimates will converge to the population parameters. In general, nothing is known about how fast the convergence takes
place. Hence, the behavior of this procedure with finite samples has to be
determined via simulation studies. Both Das, Kelejian, and Prucha (2003)
and Kelejian et al. (2004) report that for small samples, the 2SLS procedure
for autocorrelated effects performs virtually as well as the much more
complex ML procedures, and both of these dominate the usual OLS methods.
Obviously, however, a model with multiple network autocorrelated variables
and several instrumental variables for each will require a reasonably large
sample to yield reliable estimates.
The 2SLS approach is, of course, only as good as the "instruments"
employed. There are some suggestions in the literature about how well they
should be correlated with the endogenous variables to be useful in practice.
The choice of appropriate instruments in comparative research is addressed
in the next section.

Substantive Example: Predicting Average Female
Contribution to Subsistence

using the W;Y scores in Y1 rather than the predicted scores. Next, calculate
the estimated error variance as usual
s 2, = e' e/ (N- k- t)
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One immediately apparent difference between this language matrix and
that employed by Eff deserves comment. First, Burton's language codes do not
include the notion of language continents. This has important implications for
how the 14 societies that are coded by Burton as being the single representative member of their language family, and the 9 societies he codes as linguistic "isolates," are treated in the two regression analyses. In Eff's language
matrix, these 23 societies are each assigned a connection of 1 to each other
society in their language continent: Thus, there are no rows containing all Os
in the initial connectivity C matrix. On the other hand, using the Burton
codes, each of these 23 societies is represented by a row of Os in the language
similarity matrix. Because these rows cannot be row-normalized to 1 to
yield an appropriate W matrix, they in fact correspond to missing data for
those societies. Hence, in the current analysis, these 23 societies are treated
as missing values and thus are dropped from the linguistic section of the
analyses reported below. 7
The spatial weights matrix employed by Eff is based on the great circle
distances between each pair of societies using the latitude and longitude
coordinates for each society given in the sees database. The squared
inverse of these distances was taken as the final weighting scheme. In the
current reanalysis, great circle distances between each pair of societies were
calculated using the geographical software package Passage V. 1.0 (Rosenberg,
2001). However, this global coordinates approach assigns positive weights
between all pairs of societies no matter how distant their separation and
thus no matter how unlikely the possibility of interaction. That is, societies
in Southern Africa are positively related to societies in the Northwest
Americas, despite the improbability of any meaningful interactions having
occurred between such societies, even indirectly, throughout many millennia.
Therefore, in the current analysis, all distances in the spatial matrix greater than
2,500 kilometers were set to 0. The inverse of the remaining distances were
taken as the connectivity weights, and the matrix was then row-normalized to
I. This latter approach has the effect of emphasizing the network effects of
societies within a 2,500 K radius of each focal society and ignoring the
effects of more distant societies. Getis and Aldstadt (2004) suggest that it is
better to employ a matrix with fewer connections than one with too many,
as the power of autocorrelation tests is reduced in the latter situation.
Evolutionary and ecologically oriented anthropologists have long shown
concern with ecology and how it constrains vertical and horizontal trait
transmission processes. The notion of ecology as "constraint" and not "cause"
in cultural adaptation, however, is an old issue in anthropology (Driver, 1956;
Whiting, 1964). There is a 6-point ordinal scale coded for climate type in the

regression equation through the error term. In that case, the network autocorrelation disturbances model would be appropriate, as the autocorrelation
distances matrix is embedded in the error term of the regression equation.
On the other hand, if the detected autocorrelation can be linked to an hypothesized response mechanism, such that localities with a similar dependent
variable trait score will tend to cluster together, then autocorrelation should
be entered into the analysis as a lagged dependent variable. The network
effects model outlined in this article is in the spirit of the latter approach
and thus seems more consistent with Eff's statement.

Construction of Language, Spatial, and Ecological W Matrices
The language similarity matrix employed by Eff (2004) in computing the Moran's I statistic is based on earlier sees language codes.
Specifically, Eff constructs a language distance matrix C by scoring pairs
of societies as 0 if they are on different language continents, 1 if they are in
the same language continent, 2 if in the same language phylum, and 3 if in
the same language family.
The language C matrix employed in the re-analysis of Eff's regression
model presented below was constructed using Burton's (1999) more recent
language codes for the sees sample as follows:
This C matrix was then row-normalized to 1 to yield the appropriate language weights W matrix as described above. 6

1 if societies are in the same language family

2 if societies are in the same subfamily 1
Cij
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=
3 if societies are in the same subfamily 2

0 otherwise

1
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sees data set that represents ease of access to rich ecological resources.
Using this ordinal scale, a similarity score for each pair of societies i and j was
constructed using the following measure: cu = e -laj- ai that is, e raised to the
negative of the absolute value of the difference in climate type scores,
where ai and a1 are the scores for societies i and}. The ecology matrix was
then row-normalized to unity. 8
Obviously, there are additional metrics that could be used to construct
each of these three autocorrelation weight matrices. Unfortunately, in any
empirical study, it is seldom the case that a single metric can be unambiguously identified as somehow offering the "best" representation of the
dependency process of interest. Even in the seemingly straightforward
case of spatially located sample units, for example, numerous specifications
of pairwise relationships are possible: contiguity (rook and queen metrics),
percentage of boundary in common, distance decay with a suitably chosen
exponent, nearest neighbors, and so on (see Cliff & Ord, 1981, for a review).
Griffith ( 1996) offers some guidance and rules of thumb when considering
how to construct a spatial weights matrix for inclusion into an autocorrelation model, and Leenders (2002) suggests various useful considerations
in the construction of weight matrices based on social influence processes.
Getis and Aldstadt (2004) propose constructing a spatial weights matrix
using a local statistic to detect the cluster of observations surrounding each
individual observation that shows statistical clustering. Only those societies
are used to assign weights in the row of W corresponding to each society;
all others are set to 0. In most empirical studies, however, the final choice
about W is made on substantive grounds, based on the assumption that the
metric chosen adequately represents the theory the investigator has about
the nature of the process generating the data dependencies. 9
1
,

I

I

I

I
I

I
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There are two suggestions for instruments in empirical studies that
appear to be well suited for research using cross-cultural data. In their
study of the effects of religious pluralism and social conditions on church
adherence rates using a sample of 300 county groups across the continental United States, Land and Deane (1992) employed eight regional
dummy (0, I) variables as instruments for the spatial network effects
variable constructed from the product of an inverse distance weight matrix
Wand a y vector of county adherence rates. Because Burton (1999) has
provided a new regional code for the sees data, it is a straightforward
matter to generate dummy variables for the nine regions and employ these
dummies as instruments for any W matrix based on geographic distance.
Similarly, because language codes are available for language families for
the sees data, it is also quite straightforward to generate a set of language
family dummy variables as instruments for an endogenous network effects
variable based on a W language similarity matrix. 11 In general, using an
appropriate set of dummy variables appears to offer one solution to the
choice of instrumental variables for cross-cultural research involving language and spatial transmission effects.
Kelejian and Robinson (I993) suggest a second way to generate instruments
for network effects variables that also appears to be viable for comparative
data. In this case, instruments for a Wy variable are obtained by multiplying
the set of predictor X variables by the W matrix, with the resulting "lagged"
variables (i.e., WX) being used as instruments for ny. That is, the weighted
averages of scores on the independent variables are used as instruments for
the weighted average of the dependent variable at these same societies. This
also appears to offer a very general way to generate a suitable set of instruments
in comparative research. These latter lagged predictor instruments are used
in the empirical analysis presented next. 12

Choice of Instrumental Variables

Regression Results

The superiority of the 2SLS estimation procedure over the usual OLS
estimation methods for the network autocorrelation effects model depends
critically on the choice of instrumental variables for the network effects
variable(s). To the extent that the chosen instruments are "weak" and do not
do a good job of predicting the corresponding ny effects variable, the 2SLS
procedures may not perform very well. This is especially true in small
samples, as all of the 2SLS properties are asymptotic, and thus, it may perform
relatively poorly in small samples with poor instruments. 10 One compensating
factor, however, is that the 2SLS method does not require the assumption
of normality, which may not be reasonable in comparative data.

Table I reports Eff's results for an OLS regression of the "average
female contribution to subsistence" variable on a set of 10 predictor variables
and compares them to the results from two autocorrelation effects models
that include language and spatial autocorrelation effects separately, a third
that includes ecological constraints, and a fourth equation that includes all three
Variables simultaneously. 13 The latter regression models were all estimated
Using 2SLS and the weights matrices described above, with instrumental
Variables for each of the effects and constraint variables generated by multiplying the set of predictor variables by their respective W matrices. 14
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Eff's OLS regression results (third and fourth columns in Table 1) suggest •
that "fixity of residence" is clearly a statistically nonsignificant predictor
(p = .123), and "polygamy" (p = .095) and "political integration" (p = .056)
are not quite significant at the usual .05 level. All of the other seven predictor variables are clearly statistically significant. Introducing the language
autocorrelation effects variable Wz.Y yields some major changes with
respect to several variables. First, note that the coefficient for "land transportation" changes from significant to nonsignificant (p= .047 to .1 08). Also,
the magnitude of the regression coefficient for "sex of parent in residence"
is now more than halved and has also switched from being significant
to nonsignificant (p = .003 to .315). In addition, "polygamy" has become
much less significant (p = .095 to .236), as has "political integration" (p =
.056 to .209). Note too that the language autocorrelation effects coefficient
for WrJ is highly statistically significant (p = .001), as suggested by Eff's
reported language I statistic.
Entering just the spatial autocorrelation effects variable WsY into the
regression model along with Eff's predictors gives roughly similar results
as using the WV' variable alone, with the exception of "sex of parent in residence," which remains statistically significant (p = .007.) The spatial
effects coefficient is positive though statistically nonsignificant (p = .319),
as might be expected from Eff's nonsignificant spatial I statistic.
Although entering the ecological constraints variable into the regression
model returns a statistically significant estimate of the rho parameter (p =
.665, p = .021), the results for the 10 predictor variables are in general quite
similar to the results generated by Eff's OLS regression. The major difference is that with the 2SLS regression model, the coefficient for "political
integration" is now clearly significant (p = .056 to .021).
In the final regression model, both of the autocorrelation effects variables
and the ecological constraint variable were entered simultaneously. Here,
the language effects variable is still fairly large and highly significant (p =
.668, p = .006), and not unexpectedly, the spatial effects coefficient is still
nonsignificant (p = .569). However, the magnitude of the ecological constraint coefficient is greatly reduced and is now nonsignificant (p = .039,
P == .909). This is almost certainly the result of multicollinearity between the
language and ecological constraint variables and the "niche rainfall" variable.
The latter variable, another type of ecological constraint, has now become
statistically nonsignificant (p = .053), and the spatial effects coefficient has
switched from positive to negative (.242 to -.168), which by itself is a relatively unimportant indication of multicollinearity, as spatial effects are
nonsignificant in any case. However, the results from entering language,
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distance, and ecological effects separately, and then from entering them
simultaneously, clearly suggests that, in this particular study, language
autocorrelation is the most important transmission effect. That is, adding
the spatial effect and ecological constraint variables to the language effects
regression leads to virtually the same conclusions as language effects
alone, with the minor exception of the significance levels associated with
the "niche rainfall" variable (p = .041 vs ..053). Finally, dropping the
"niche rainfall" variable from the two regression equations that include
ecological constraint yields virtually no differences in the results. Thus,
although it is obvious that multicollinearity problems are likely to be more
difficult to disentangle as more network effects are added, in the present
analysis, the difficulties encountered did not obscure the main findings
concerning the major importance of common history effects. 15
To summarize, with respect to the hypothesized functional associations
represented by Eff's 10 predictor variables, introducing spatial and language
network effects and an ecological constraint variable into the regression
model results in 3 predictors becoming nonsignificant and a further 2 variables moving from marginally nonsignificant to clearly nonsignificant. This
finding, that 5 of the 10 predictor variables (50%) are clearly affected by
autocorrelation processes, is consistent with earlier empirical studies that
show similar percentages of changes from significant to nonsignificant
results after autocorrelation terms are brought into the analysis (Borgerhoff
Mulder et al., 2001; Dow, 1993).
From the perspective of the relative importance of the trait transmission
processes and ecological constraint, there is little doubt that common history,
as represented by the language matrix, is the most important factor with
respect to female contribution to subsistence. Horizontal transmission, as represented by the spatial effects matrix, had very little effect on the dependent
variable, although it did have a similar effect as language on the significance
levels of some of the predictor variables. And although ecological setting had
a significant effect on female contribution to subsistence, that effect appears
to be the result of the well-known fact that daughter populations often end
up in similar ecological settings as their parent population, so the effect of
ecological setting disappears when common history is controlled for.
As a final check on the above autocorrelation regression results, the
Moran's I statistic was computed using the standardized 2SLS residuals
from the four 2SLS regression equations. In all cases, the Moran's I statistic
was close to 0 and statistically very nonsignificant. These results confirm the
validity of including network effects as trait transmission variables, and the
ecological constraint variable, into the model and estimating it using 2SLS
regression procedures.
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Cultural traits are in general neither uniformly nor randomly distributed
across societies. As Burton et al. (1996) demonstrate, cultural variation of social
structural traits at the global level largely occurs across nine contiguous
though non overlapping regions of the world, each of which shows more trait
similarities-that is, are more homogeneous-among societies within the
region than with societies in other regions. This finding alone suggests that both
global and/or local autocorrelation of traits should be expected when dealing
with cross-cultural data. Indeed, studies showing that a large percentage of
traits display one or more types of network autocorrelation at both the global
(Dow & Eff, 2007; Eff, 2004) and regional (Guglielmino et al., 1995; Hewlett
et al., 2002) levels confirms the expectation that network autocorrelation
of cultural traits must be anticipated and incorporated into studies by crosscultural researchers. And the fact that some traits are influenced by more than
one network transmission process makes the development of methods that can
simultaneously incorporate multiple networks a priority. The current article
contributes to the solution of this problem.
Clearly, results reported from cross-cultural studies that do not take into
account trait dependencies should be skeptically received. In addition to
the reanalysis reported here, other studies have confirmed that trait associations reported as statistically significant frequently become nonsignificant when appropriate statistical methods are employed (Borgerhoff
Mulder et al., 2001; Dow, 1993). Both of these latter studies report that
approximately 50% or more of significant associations become clearly
nonsignificant once some appropriate statistical method is applied. The
current results are consistent with these previous studies. The implications
of these findings for cross-cultural research are huge. For example,
Levinson (Ember & Levinson, 1991, appendix) reports that he located 577
hologeistic studies that appeared in print between 1889 and 1987, but he
gives no indication of how many of these studies addressed trait dependence problems in their analysis. The fact that most cross-culturalists
either ignore data dependencies altogether or rely on a simple sampling
procedure, which has been shown here and elsewhere to be completely
inadequate, suggests the possibly that as many as half of these reported
findings may be incorrect.
This article has introduced a new statistical model to comparative
research that allows the estimation of conventional regression models using
2SLS procedures that are implemented in most of the widely available statistical software packages. This offers considerable advantages, as regression
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is a highly developed theory with a battery of well-developed diagnostic
test statistics that makes interpretation of output easy and straightforward.
The relatively straightforward implementation of the network autocorrelation effects model suggests that a paradigm shift in the analysis of crosscultural data, long overdue, may perhaps now be underway.

I
I
I

t

I
Notes
I. Moran's I statistic is a widely employed measure of the spatial autocorrelation of a single
variable where the observations are in some known spatial arrangement such as intersections on
a grid or at a set of known locations. The spatial arrangement is operationalized by assigning some
measure of relationship to all pairs of observations, such as geographical distance, and entering
each pairwise measure into a square sample unit by sample unit matrix, W. The W matrix is a set
of "weights" that represent the underlying structure presumed to influence the observed data values at each location. Moran's I statistic assesses the extent to which high values on a variable tend
to occur between close neighbors (positive autocorrelation) or the extent to which high values tend
to alternate with low values (negative autocorrelation). Thew,, elements of Ware all set to 0--that
is, relationships of sample units with themselves are disregarded. Moran's I auto(selt)correlation
statistic for a single variable X can be expressed as follows:

N''ii'ii Wu (x,- xm)(x1 -

xm)

1=----------------

I
.,

I

I
r

I
I

t•

I
'

I

s I, ex, - xmf

where S = I,I1 w ij is simply the sum of the weights, N is the sample size, and xm is the mean
value of the X variable. Clearly, this statistic depends heavily on how the connections between
pairs of sample units are operationalized (i.e., the wij). Cliff and Ord (1981) provide a detailed
discussion of the derivation of the I statistic and related statistical inference issues. It should
also be noted that the measure of pairwise relationships represented by the elements of the W
matrix can be based on very general concepts of relatedness (e.g., linguistic similarity, religion,
trading relations, similarity of ecological niche).
2. White's (1993) assessment of moderate, strong, and extreme autocorrelation is based on
the relative magnitudes of the Moran's I statistic for each variable rather than formal tests of
significance. In addition, the differences in overall percentages reported by White and by Eff
for spatial autocorrelation appears to be due to three sources: (a) use of inverse distance versus
inverse of distance squared in the computation of the I statistic, (b) differences in recoding/
collapsing of categories of variables prior to estimating Moran's I statistic, and (c) use of the full
SCCS sample by Eff and a half sample by White.
3. Various software packages are available that implement MLE methods for network autocorrelation models containing a single autocorrelation weight matrix. An overview of several
packages is given in Rey and Anselin (2006). MLE software for model (7), network effects
and network disturbances, is available in the software package SpaceStat. Currently, the only
estimation procedure available for the multiple effects model of interest in this article is 2SLS.
4. This regression model was selected for re-analyses primarily to provide an illustration of
the substantive value of the multiple network autocorrelation effects model and associated 2SLS
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methodology. Because Eff reports autocorrelation statistics for two network matrices, language
and distance, and suggests that an autocorrelation regression model would have been more
appropriate than his use of OLS, it seemed particularly appropriate to re-estimate this model.
5. It is not clear from Eff's discussion whether the Moran I statistics and their corresponding significance levels are estimated using the residuals from the regression equationthe most common use of the I statistic in regression analysis--{)r using the dependent variable,
average female contribution to subsistence.
6. As part of a recent study (Dow & Eff, 2007), a new language matrix based on Burton's language codes was constructed. The language similarity measure treated the New World as one language continent and the Old World as a second continent. All pairs of societies in the same
language continent were scored as 1, 2 if in the same language family, 3 if in the same Subfamily
1, and 4 if in the same Subfamily 2. For the present study, however, this language matrix was subsequently edited by subtracting I from each score, then deleting all rows/columns containing only
Os, and it was then row-normalized.
7. Coding the 14 singleton language families and 9 isolates as being related to other societies in the same language continent at Level 1 of the coding is equivalent to replacing each
corresponding 0 value on the WY vector with the average score of all societies within the
respective language continent. Replacing missing data by average values is not an uncommon
procedure and is generally fairly conservative in its effect on subsequent parameter estimation and associated inferences.
8. The metric for the ecological similarity matrix was motivated in part by the metric used in
Case eta!. (1993), where a weights matrix W was constructed using wij= I q,-q1 1-1 as the metric,
where the qs were percentage of population that is Black in states i and j. However, with a
6-point ordinal scale of ecological similarity, all pairs of societies with the same rank score
would have an undefined weight using this metric. Hence, the negative of the absolute difference
in rank scores was exponentiated. This transformation constrains the weights to lie between I
(for pairs of societies with the same score on the ordinal ecological setting scale) and .0067 (for
pairs of societies at the opposite end of the scale). Again, the weights were row-normalized.
9. There are two related issues here. First, the Get is and Aldstadt (2004) procedure for
constructing a "best" matrix based on their local statistic is extremely computationally burdensome. For each sample unit, the local statistic must be computed for all societies that fall
within an increasing· critical distanced, until the statistic becomes nonsignificant, indicating
no further autocorrelation with respect to the focal sample unit. Societies within the radius
of the final d value are then assigned positive weights in the row of W corresponding to that
sample unit. This procedure must be carried out for every sample unit. It should be noted
that it is not always possible to slowly increase the required d value until the local statistic
becomes nonsignificant. For the language matrix based on the SCCS codes, for example,
only a few increases in the d values are possible, and these usually result in vastly different
numbers of positive weights being assigned within rows of the corresponding W matrix,
resulting in lower autocorrelation statistics than does using the original language W matrix
(Dow & Eff, 2007).
A second issue arises when the researcher has narrowed down the possibilities for a W
matrix but is unable to choose between them on theoretical grounds. Statistical procedures are
available to test a single W chosen as the null hypothesis against a range of alternative Ws and
in the case where there are a (small) fixed number of equally plausible Ws representing the
same dependency process (Anselin, 1988; Anselin & Bera, 1998; Leenders, 2002). The utility
of these testing procedures is beyond the scope of the current article, but this is another imporc
tant area for future research by cross-cultural researchers.
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10. The effectiveness of the instrumental variable(s) may be assessed by inspecting the
correlation between the endogenous ~ and the predicted endogenous variable, pred(~),
obtained using the instrumental variable(s). In the empirical example presented below, the
following highly significant Pearson correlations were obtained: r(W,y, Pred(W,y)) = .605;
r(Wz,)'. Pred(Wz,)')) = .740; r(We)', Pred(We)')) = .796, where the subscripts denote language,
distance, and ecology, respectively, and Pred() indicates the predicted values obtained using
the set of independent variables X premultiplied by the corresponding weight matrix. The
magnitude of these correlations suggests that the sets of lagged independent variables are very
acceptable as instruments.
11. To recode the language family code as a set of dummy variables requires an initial
decision as to how many societies there have to be within a language family before it gets
coded as a separate dummy variable. That is, Burton's language family code gives 11 families
with 5 or more members. Lowering the minimum number of societies within a language family
that gets recoded as a separate dummy variable obviously leads to a larger number of dummies,
or instruments, and a corresponding tendency to "overfit" when regressing the autocorrelated
~variable in the first stage regression. In the present study, using a set of dummy variables with
five as the minimum number produced results that were reasonably close to the results using WLX
instruments. One possibility for reducing the total number of instruments is to regress each of
the W,y variables on the corresponding set of instruments using a stepwise procedure and then
use only the statistically significant instruments in the full 2SLS procedure. In the present
study, stepwise regression reduced the number of WLX, W,X, and W.X instrumental variables
from 10 to 5 in all three cases. The resulting 2SLS results were fairly close to the results in
Table I, with the exception that the "niche rainfall" became marginally nonsignificant in the
estimation using only the language effects variable, W,y.
12. The question of which instruments are generally preferable for use in cross-cultural
research is an area for further research. In the current study, both WX variables and sets of
dummy variables based on region/language family were used: Only the results based on the
lagged WX variables are reported here. It is also worth noting that the advantage of rownormalizing W weight matrices to unity is that any variable that is premultiplied by such a
W matrix (i.e., Wy and WX) is on the same scale as the original variables. Hence, the interpretability of the resulting autocorrelation coefficients is not complicated by scale changes.
13. Several data preprocessing tasks are required prior to carrying out the 2SLS estimation
procedures for the network autocorrelated effects model. For example, the C matrices have to
be row-normalized to unity to generate the W matrices, and then the autocorrelated ~effects
variables also have to be generated. Similarly, lagged instrumental variables WX may have to
be created. These tasks can be carried out in Excel using macros or in any statistical software
package such as STATA that has matrix programming capabilities. In the current article, these
matrix operations were carried out using the matrix algebra module available in UCINET V.6
(Borgatti, Everett, & Feeman, 2002).
14. All of the networks effects estimated coefficients reported in Table 1 were obtained using
the 2SLS procedures available in Statistical Package for the Social Sciences Version 11.5.
15. The fact that "history and geography (and also ecology) often covary, as has been
shown in practically every study that looks at history and geography together," does not necessarily imply that this covariance will invariably generate the "huge problems of multicollinearity" that Borgerhoff Mulder, Nunn, and Towner (2006, p. 59) appear to anticipate in
comparative research. The Moran's I statistic autocorrelation results cited at the beginning of
this article show clearly that global and regional autocorrelation levels of cultural traits are
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highly variable with respect to different types of transmission processes. In general, the interpretive problems raised by multicollinearity will depend heavily on the constellation of trait
transmission, ecological, and functional variables and the dependent variable of interest in
each particular study.
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