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ABSTRACT 
Two  statistics are  proposed for summarizing  spatial  patterns of DNA diversity.  These autocorrelation 

indices  for DNA analysis, or AIDAs, can be  applied to RFLP and  sequence  data;  the  resulting  set of 
autocorrelation  coefficients, or cowelogram, measures whether,  and to what extent, individual DNA se- 
quences or haplotypes  resemble  the  haplotypes  sampled at arbitrarily  chosen  spatial  distances. Analyses 
of computer-generated sets of data,  and of RFLP data from two natural populations, show that AIDAs 
allow one to  objectively  and simply identify  basic  patterns in the spatial  distribution of haplotypes.  These 
statistics,  therefore, seem to be a useful tool  both  to  explore  the  genetic structure of a population  and 
to  suggest  hypotheses  on  the  evolutionary  processes that shaped  the  observed  patterns. 

P OPULATIONS are said to show genetic  structure 
whenever the distributions of their  genes do  not 

conform to panmictic expectations. Evolutionary proc- 
esses may be inferred from data  on  the genetic  structure 
of populations. Ideally, such inferences  require two 
phases. Patterns of genetic variation are initially summa- 
rized by descriptive statistics, and  then they are  interpre- 
ted by comparison with the patterns  predicted by theo- 
retical models. The second phase includes the estimation 
of parameters quantifylng the effects of mutation, selec- 
tion,  inbreeding,  drift,  or  gene flow. 

Well-established methods allow the analysis  of popu- 
lation structure  at  the level  of  classical protein markers 
(see e.g., WIJSMAN and CAVALLI-SFORZA 1984). Although 
a  regular, clock-like rate of allele frequency divergence 
is sometimes assumed (CAVALLI-SFORZA et al. 1988; BAR- 
W T E S  et al. 1990),  the emphasis in most such studies 
has been  on factors such as adaptation  to variable habi- 
tats, patterns of gene flow, and isolation by distance. In 
other words, the  genetic  population  structure is often 
analyzed with an eye to its geographical,  rather  than 
historical, determinants. 

In contrast,  for DNA data,  the analysis generally leads 
to reconstruction of genealogies of alleles (reviewed in 
HUDSON  1990). In this way, under neutrality assump 
tions, the focus shifts to processes occurring  in  the 
course of the populations’ history, typically branching 
events. There  are, however, problems. As FELSENSTEIN 
(1982) first remarked, history and geography jointly 
determine  patterns  and levels  of genetic diversity; in 
the absence of nongenetic  information,  their effects 
are difficult to disentangle. Equal levels  of haplotype 
diversity, for  example, may be caused by a stable regime 
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of gene flow constrained by geography or by episodes 
punctuating  the population’s history, such as the colo- 
nization of a new habitat  (see e.g., TEMPLETON  1993). 

Several attempts are being  made to tackle  this prob- 
lem, by incorporating  a  geographic perspective into 
methods  for  the study of  DNA variation. SLATKIN (1989, 
1991) and SLATKIN and MADDISON (1989,1990) worked 
out how to estimate the minimum numbers of migra- 
tion events from gene genealogies, looked for empirical 
relationships linking such parameters with gene flow 
rates ( m ) ,  inbreeding coefficients and effective popula- 
tion sizes (Ne) ,  and  extended their  approach to non- 
equilibrium situations (SLATKIN 1993). EXCOFFIER et al. 
(1992) developed a  method  for  the analysis  of molecu- 
lar variance, AMOVA. They proposed new  statistics re- 
sembling WRIGHT’S (1965) F, whose  values depend  on 
the correlations between haplotypes at various  levels  of 
subdivision, i.e., within demes, between demes within 
regions, among regions, etc. TEMPLETON (1993) pro- 
posed to analyze evolutionary trees by a cladistic proce- 
dure (TEMPLETON et al. 1987) designed to identify, re- 
spectively, areas of population  expansion, and areas 
where gene flow has been restricted. 

In this paper, we present two indices of spatial auto- 
correlation, specifically developed for  treatment of mo- 
lecular  data.  In classical spatial autocorrelation analysis 
(SOW and  ODEN  1978a,b), levels  of genetic resem- 
blance are calculated between pairs of localities, within 
arbitrary distance classes. Spatial patterns of allele fre- 
quencies  are  thus  represented by sets of coefficients 
(MOWN’S I or GEARY’S c) calculated at  different dis- 
tances, or cowelograms. 

Correlograms give an easy-to-understand depiction 
of spatial patterns of variation. They can be compared 
across different  geographical regions and genetic mark- 
ers,  thus suggesting obvious neutrality tests (SOUL et 
al. 1987, 1989; PIGLIUCCI and BARBUJANI 1991; S o u  
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andJACQUEz 1991). fb they are, spatial autocorrelation 
methods can be applied to DNA data if the  data  are 
transformed in such a way as to be treated as allele 
frequencies (see COSTA et al. 1992). This transforma- 
tion, however, is possible  only if several sequencies are 
sampled in each population, and it implies a loss  of 
information because the haplotypes are classified  as  be- 
ing the same or different, and  the  amount of sequence 
differences between them is not considered. 

Ideally, an  autocorrelation  index for DNA analysis 
(we propose to call it AIDA) should measure whether, 
and to what extent, individual DNA sequences (or hap- 
lotypes) resemble the sequences sampled at different 
localities. In this way, this index could be employed for 
exploratory data analysis (SLATKIN and ARTER 1991). 
Few sequences sampled in different localities can be 
used to objectively recognize nonrandom distributions 
of haplotypes. Correlograms inspection may also help 
in testing hypotheses on the evolutionary history of the 
populations under study. 

The two autocorrelation indices, or AIDAs, described 
in this paper,  are  a  product-moment coefficient, analo- 
gous to MORAN’S I, and a distance-like coefficient, analo- 
gous to GEARY’S c (SOKAL and  ODEN  1978a). Both are 
based on comparisons between individual sequences, 
rather  than between frequencies of  alleles or haplo- 
types.  Because  in  this way genetic relatedness is inferred 
from sequence similarity,  only parts of the  genome 
should be considered that  either  are haploid or can be 
treated as such (e.g., DNA segments where recombina- 
tion can safely be ruled out).  Indeed, a single crossing- 
over may result in large sequence differences between 
haplotypes. Under  recombination,  therefore,  sequence 
differences are no longer  a measure of evolutionary 
distance, and this may bias the inferences drawn from 
autocorrelation analysis.  However, we shall also  show 
how some sets of data where recombination has oc- 
curred may be liable to spatial autocorrelation analysis. 
A matrix is then calculated, of phenetic (namely counts 
of sequence differences between haplotypes) or evolu- 
tionary distances (estimates of the  number of evolution- 
ary events, mutation and possibly recombination, sepa- 
rating pairs of haplotypes); from either matrix is the 
correlogram evaluated. 

REPRESENTATION OF DATA 

Suppose there  are S segregating or polymorphic sites 
in a DNA fragment,  studied  either by  DNA sequencing 
or by restriction site analysis. In general, we shall assume 
that recombination is absent, and that only two differ- 
ent nucleotides can occur at each polymorphic site. 
The latter is a widely used assumption (see e.g., KREIT- 
MAN 1983; EXCOFFIER et al. 1992; EXCOFFIER and 
SMOUSE 1994), consistent with the infinite-site model 
(KIMURA 1969; WATTERSON 1975), but  not necessarily 
implying it. Following EXCOFFIER et al. (1992),  an indi- 

vidual sequence, or haplotype, will be  represented as a 
binary vector 

p = [PI, p z ,  p 3 ,  . . . , P S I .  (1) 

In  the case of  DNA sequence  data, p,  represents either 
of the possible nucleotides at each of the S sites, arbi- 
trarily labelled as 0 or 1. Alternatively, for RFLP data, p ,  
represents  the presence or absence of one of S possible 
restriction sites. 

A modification is necessary when more  than two dif- 
ferent nucleotides occur  at  the same site. Os and 1s 
will then indicate presence or absence of one specific 
nucleotide at a  certain site. For example, A, C, G, and 
T may be coded as 1000,0100,0010,  and 0001, respec- 
tively. In this way, each segregating site will be repre- 
sented by a four-digit binary code. For the sake  of  sim- 
plicity,  however, we shall refer to the simpler case of 
two alternative nucleotides. 

Binary  digits can also be used to represent presence 
and absence of a  repeat in a microsatellite; however, 
the autocorrelation analysis  of these data is complicated 
by the fact that recombination is probably a major force 
generating VNTR  diversity (see WING 1993). 

Representing haplotypes by binary vectors corre- 
sponds  to  the  approach labelled as phenetic by EXCOF- 
FIER et al. (1992). An alternative, evolutionary, approach 
exists; it will lead to different results if homoplasy is 
high. For the evolutionary approach,  a minimum-span- 
ning  tree (PRIM 1957;  ROHLF 1970) is constructed;  the 
1s in the p vector will then  represent  the  occurrence 
of a mutational event along  the  branches of the tree 
that separate the  sequence identified as ancestral 
(coded by a  string of Os) and the sequence of interest. 
Errors in the definition of the ancestral haplotype do 
not modify the results  of the analysis, because they do 
not affect the  number of mutational steps separating 
any pairs of haplotypes. Here we note  that recombina- 
tion, deletion and duplication events may sometimes 
be placed in the tree with a certain degree of  confi- 
dence (see e.g., COSTA et al. 1991). In this case, and 
only in this  case, can AID& be employed to summarize 
geographic diversity  even for DNA regions affected by 
recombination. Of course, only for the analysis of hap- 
loid DNA  is there  a one-to-one correspondence be- 
tween individuals and haplotypes. Under  both  the phe- 
netic and  the evolutionary approach,  each haplotype 
in the study will be represented by the spatial coordi- 
nates of  its place of origin or sampling, and by its p 
vector. 

CALCULATION OF AIDAS 

Schematically,  six steps are necessary: (1) calculation 
of a matrix of spatial distances between individuals; (2) 
choice of arbitrary distance classes; (3) evaluation of  an 
average genetic vector; (4) calculation of an  autocorre- 
lation coefficient in each class; (5) estimation of confi- 
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dence limits by a randomization procedure; and (6) 
significance testing. 

Steps 1 and 2 deal with geographical information. 
They are straightforward and  do  not differ from the 
initial steps of  classical autocorrelation analysis. A ma- 
trix of  painvise spatial distances between individuals is 
calculated, and arbitrary distance class boundaries  are 
defined.  Popular criteria for defining class boundaries 
are  equal intervals (i.e., point pairs are allocated to 
classes  of equal width) and equal  frequencies (i .e. ,  class 
limits are  defined in such a way that  equal  numbers 
of point pairs fall in each class)  (WARTENBERG 1989). 
Alternatively,  specific  class boundaries may be chosen. 
For each of these classes,  however defined,  an AIDA 
will be  computed. 

In  step 3 one turns to molecular data. For each of 
the Ssites, an average is calculated across  all  individuals. 
Such averages will be >O and <1, because the mono- 
morphic sites are  excluded. The average vector is a 
mathematical artifact that  does not represent any  bio- 
logical  reality. The values  of  its individual components 
are simply the frequencies of either of the alternative 
nucleotides at each site (under the  phenetic  criterion), 
or the frequency at which each specific evolutionary 
change  (each  mutation event or, when possible, each 
deletion, duplication or recombination) is observed in 
the sample (under the evolutionary criterion). 

For each class defined in step 2, the following AIDAs, 
respectively called ZZand cc, by analogy  with MORAN’S Z 
and GEARY’S c are  thus calculated (step 4): 

n-1 R S 

and 
i= l   k=l  

n-1 n S 

cc = 
i= l   J>i   k=l  
n S  9 (3) 

i= l   h=l  

where n is the sample size,  Wis the  number of  pairwise 
comparisons in the distance class  of interest, p, and p j k  

are  the haplotypes (i.e., the p values) of the ith and @ 
individuals, respectively, at  the kth site, F k  is the kth 
element of the average vector, and  the weights wij are 1 
if individuals i and  jfall in the distance class  of interest, 
otherwise they are 0. Summation is over the S sites, and 
for all n individuals in the sample. It is  easy to assign 
different weights to  sequence differences if necessary, 
i.e., to  attribute a different  importance to transitions 
and transversions, to substitutions and deletions, or to 
synonymous and nonsynonymous changes. In Equation 
(3), note  that  the summation of the quantities p, - 

is equal  to  the  number of  sites differing between 
haplotypes i and j under the  phenetic  approach, 

whereas it is the  number of evolutionary steps between 
haplotypes i and j under  the evolutionary approach. 

The AIDAs thus  defined  share  the statistical proper- 
ties  of related MORAN’S Zand GEARY’S c (CLIFF and O m  
1981; RPLEY 1981). For large samples, they are distrib- 
uted in the  range -1 5 ZZ I 1 and 0 5 cc I m. 

Their  expected values, under a randomization hy- 
pothesis, are as follows: 

E(ZZ) = E(Z) = - l / (n  - 1) (4) 

and 

E(cc) = E(c) = 1. ( 5 )  

Similarity between haplotypes, or positive autocorre- 
lation, is shown by positive ZI values and by cc values 
close to 0; haplotype dissimilarity, or negative autocor- 
relation, results in Nand cc values at  the  other  extreme 
of the range. 

Haplotype divergence is constrained by the geneal- 
ogy  of the sample studied. Occurrence of different mu- 
tations in different lineages causes linkage disequilib- 
rium (SLATKIN 1994), especially when recombination is 
scarce or absent. The different sites in a DNA region, 
therefore, do  not vary independently, and the variances 
of ZZ and cc, necessary for  step 5, cannot  be estimated 
on  the assumption of independence of the segregating 
sites. The simplest alternative is a randomization a p  
proach (MANLY 1991); a null distribution of  ZZand cc 
values is constructed, assuming that haplotypes are ran- 
domly distributed in the geographical space. 

To this end, sequences are randomly assigned to  the 
sampled localities, retaining  for each locality the ob- 
served sample size, and AIDA’s are recalculated. This 
operation is repeated  for Nl times, so that an empirical 
distribution of ZZ and cc values  is obtained, under  the 
assumption of random haplotype distribution. From 
such an empirical distribution, confidence limits are 
estimated for each distance class, and  the probability 
can  be evaluated that a certain level  of autocorrelation, 
observed in a distance class, may occur under the null 
hypothesis of no spatial structuring  (step 6). By increas- 
ing  the value  of N,, any desired level  of significance 
can be tested. This procedure, very similar to that em- 
ployed for assessing the significance of MANTEL’S tests 
of matrix correlation (MANTEL 1967; SMOUSE et al. 
1986), may require large amounts of computation: a 
faster permutation scheme is therefore  reccomended 
for large samples. In this  case, confidence limits are 
calculated only once, sampling N2 random pairs of h a p  
lotypes regardless of their spatial location. As before, 
this operation is repeated Nl times to  found  the empiri- 
cal distributions of ZZ and cc. The lower N,, the  more 
conservative will the test result. We suggest to use a 
value  of Nl equal to the lowest number of comparisons 
observed in the distance classes  analyzed. 

Testing for  departure from random expectations of 
the  entire correlogram requires one of the  procedures 
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reviewed by ODEN (1984),  the Bonferroni test (SOU 
and ROHLF 1981) being the simplest, if not the most 
sensitive. On the contrary, no established procedure 
exists for comparison of pairs of significant correlo- 
grams, although approximate tests can be conceived. 
In particular, bootstrapping (EFRON 1982) could be ap- 
propriate, and has  actually been employed for the analy- 
sis  of data in space (see e.g., DIACONIS and EFRON 1983), 
including genetic data (CAVALLI-SFORZA et al. 1988; 
TEMPLETON 1993). However, a general consensus has 
not  been  reached yet on whether spatial correlograms 
meet  the conditions necessary for application of jack- 
knife and bootstrapping (N. L. ODEN, personal commu- 
nication).  Therefore, we prefer  not to deal with this 
issue  in the  present  paper. The PC program AIDA  is 
available on request. 

APPLICATION OF AIDA  TO  ARTIFICIALLY 
GENERATED PATTERNS 

In this section, the statistic 11 is applied to a set of 
computer-generated  data. At this stage, we are mainly 
interested in studying whether this  statistic can objec- 
tively recognize a random distribution of haplotypes 
from a simple spatial pattern; we also  want to evaluate 
the sensitivity  of AIDA when increasing levels  of noise 
are  added to a nonrandom spatial pattern. 

Spatial distributions of sequences (referred to as sur- 
faces) were generated by assigning to each node of a 
square 10 X 10 lattice a haploid individual,  whose  haplo- 
type  is represented by one p vector  with nine polymor- 
phic sites ( S  = 9).  The nodes of the lattice are thus the 
spatial  locations of the 100  individuals considered. There 
would be no additional difficulties if two or more haplo- 
types  were  placed at the same location, but this did not 
happen in the simulations we are presenting. Ten differ- 
ent haplotypes  were considered. They can be regarded 
as the products of  successive mutations in a nonrecom- 
bining fragment of  DNA,  with each site being allowed 
to undergo mutation only once. Note that, because  re- 
combination is not considered to occur, the relative  posi- 
tion of the polymorphic sites on the DNA molecule is 
irrelevant for this  type  of  analysis. Haplotypes  were as- 
signed to the individuals of the lattice according to one 
of the following  models of spatial  variation. 

Random variation: Under this model, 100 individual 
haplotypes were extracted from a rectangular distribu- 
tion of the 10 possible haplotypes, and randomly as- 
signed to the nodes of the lattice. 

Pure  gradient: We define a gradient as a pattern 
where the highest levels of haplotype differentiation 
are between individuals at  the extremes of the simu- 
lated range,  and individuals at  intermediate locations 
also  have intermediate haplotypes. The easiest way to 
simulate this, was  by constructing a surface where the 
frequency of ones (or zeros) in the p vector increases 
along  one  direction.  In evolutionary terms, this may be 
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FIGURE 1.-Examples of spatial distributions of haplotypes 
(p vectors) in two 3 X 10 sections of the  data  matrices  gener- 
ated  under  different models of spatial  variation. (A) Pure 
North-South  gradient; (B) Modified gradient, neighborhood 
size d = 4. 

regarded as an  extreme consequence of adaptation to 
an environmental gradient or as a result of a series of 
founder effects (as observed in experimental studies by 
EASTEAL 1988; U A C z  et al. 1991; BOILEAU et al. 1992). 
An example of such a distribution is in Figure 1A. 

Modified gradient: Under this model, a pure gradi- 
ent was initially generated as described above; then it 
was modified by replacing the haplotype at each node 
with a neighbor, randomly chosen within a distance of 
dnodes of the lattice, d = 1,2,3,4,5,6 (d = 0 is the  pure 
gradient). A modified gradient surface is represented in 
Figure 1B. Its evolutionary causes include the move- 
ment of individuals along a cline. 

The distance classes for the correlograms were cho- 
sen following an equal-frequency criterion: each class 
included approximately the same number of painvise 
comparisons. Overall, 64 correlograms were calculated, 
describing respectively one purely clinal surface, and 
nine replicates each for the  random surface and for the 
six modified gradients. 

Results. The results of the analysis are given as me- 
dian values of nine realizations of the same stochastic 
process, except for  the  pure  gradient  model, which was 
deterministic, and therefore was analyzed  only once. 

The spatial distribution of haplotypes generated un- 
der the first model showed no significant autocorrela- 
tion in any of the seven distance classes. As expected 
when variation is random, all ZZvalues are very close to 
0, and they appear to randomly fluctuate about  their 




