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attr(ff, "source") <- c(deparse( mm),
deparse(ex pr))
## return the 'macro’

f
}

The kernel of defmacro() is the call

ff  <- eval(subst itute(
function() {

tmp <- substitute

eval(tmp,

(body)
parent.fra me())

h
listtbody = expr)))

In the setNA example this createsa function

function() {
tmp <- substitute (
df$var[df$ var %in%values]
eval(tmp, parent.fra me())

}

that performs the macro expansion and then evalu-
atesthe expanded expressionin the calling environ-
ment. At this point the function has no formal argu-
ment list and most of defmacro() is devoted to cre-
ating the correctformal argument list.

Finally, asprinting of functions in R actually uses
the source attribute rather deparsing the function,
we can make this print in a more user-friendly way.
The last lines of defmacro() tell the function that its
source code should be displayed as

<- NA)

macro(df, var, values){
df$var[df$ var %in%values]

}

<- NA

To seethe real source code, strip off the source at-
tribute:

attr(setNA , "source") <- NULL

It is interesting to note that becausesubstitute
works on the parsed expression,not on atext string,
defmacro avoids some of the problems with C pre-
processormacros. In

mul <- defmacro(a, b, expr={a*b} )

a C programmer might expectmul(i, j + k) to ex-
pand (incorrectly) to i*j + k. In fact it expands cor-
rectly, to the equivalent of i*(j + k).

Conclusion

While defmacro() hasmany (ok, one or two) practi-
cal uses, its main purpose is to show off the powers
of substitute () . Manipulating expressionsdir ectly
with substitute () can often let you avoid messing
around with pasting and parsing strings, assigning
into strange placeswith <<- or using other functions
too evil to mention. To make defmacro really useful
would requirelocal macro variables. Adding theseis
left asa challenge for the interestedreader.

Thomad.umley
University of Washington Seattle
tlumley@u. washington .edu

More on Spatial Data Analysis

by RogerBivand

Introduction

The second issue of R News contained presenta-
tions of two packages within spatial statistics and
an overview of the area; yet another article used a
sheries example with spatial data. The issue also
showed that there is still plenty to do before spatial
data is as well accommodated as date-time classes
are now. This note will add an intr oduction to the
splancs package for analysing point patterns, men-
tion briey work on packagesfor spatial autocorre-
lation, and touch on some of the issuesraised in han-
dling spatial data when interfacing with geographi-
cal information systems(GIS).
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Figure 1: Burkitt's lymphoma — stdiagn() output.
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The splancs package

The splancs package in R is based on a package of
that name written in Sand FORTRAN in the early
1990'sby Barry Rowlingson and Peter Diggle to pro-
vide a tool for display and analysis of spatial point
pattern data. The functions provided by the pack-
age are described in detail in Rowlingson and Dig-
gle (1993, and additional space-time and raised in-
cidence functions introduced in version 2 are de-
scribedin le "Sp2da.ps, available from Barry Rowl-
ingson's web pagest. Some of the functionality du-
plicates that already in the spatial package (Venables
and Ripley, 1999 Chapter 14) in the VR bundle, a
recommended package,seeRipley (1981 and Diggle
(1983. It is worth noting that the splancs functions
use an arbitrary polygon to de ne the study region
in the computation of edge effects. The name of the
package perhaps plays on the continuing strength of
LancasterUniversity in spatial statistics.

The examples and exercises in Bailey and
Gatrell's 1995 spatial data analysis textbook Bailey
and Gatrell (1995 add a lot to teaching from it.
They are part of software called INFO-MAP pack-
aged with the book and running under DOS. Repli-
cating the functionality needed to study the point
pattern examples under R has been important in
porting splancs to R, especially as the book actually
reproduces output from splancs. Consequently, the
topics covered best by the port are those that carry
most weight in Bailey and Gatrell: kernel estimation,
nearest neighbour distances,the K function, testsfor
nearestneighbours and the K function basedon com-
plete spatial randomness, and thanks to a contribu-
tion by Giovanni Petris, also on the Poisson cluster
process. Thesefunctions cover Chapter 3; with per-
mission from the authors, the packageincludes data
setstaken from the book.

Topics treated in Chapter 4 include space-time
clustering, correcting for variations in the popula-
tion at risk, and testing for clustering around a spe-
cic point source. The splancs functions for the
rst two groups are now fully documented and have
datasets that allow the user to re-create data visu-
alizations as shown in print; these are usually the
source of the graphics for example() for the func-
tion concerned. Running example(st diagn) gener-
atesthe output shown in Figure 1, corresponding to
graphics on page 125in Bailey and Gatrell — here
to examine space-timeclustering in casesof Burkitt's
lymphoma in the WestNile District of Uganda, 1961—
75.

Becauseporting splancs has been in uenced by
the textbook used for teaching, some parts of the
original material have been omitted — in particu-
lar the uk() function to draw a map of England,
Scotland and Wales (now partly available in pack-
age blighty ). An alternative point in polygon al-

http://www.maths.lancs.ac.uk/~rowlings/Splancs/

R News

gorithm has been added for caseswhere the result
should not be arbitrary for points on the polygon
boundary (thanks to Barry Rowlingson and Rainer
Hurling). In conclusion, learning about point pat-
tern analysis ought not to start by trying out soft-
ware without accessto the underlying referencesor
textbooks, becauseof the large number of disparate
methods available, and the relatively small volume
of analysesconducted using them.

Spatial autocorrelation

As pointed out in Brian Ripley's overview in the
previous issue, the availability of the commercial
S+SpatialStats module for S-PLUS does make the
duplication of implementations lessinteresting than
trying out newer ideas. A topic of some obscurity is
that of areal or lattice data, for which the available
data are usually aggregations within often arbitrary
tessellationsor zones, like counties. They differ from
continuous data where attributes may be observed
at any location, asin geostatistics, often becausethe
attributes are aggregates,like counts of votes castin
electoral districts. While this is perhaps not of main-
stream interest, there is active reseach going on, for
example Bavaud (1998, Tiefelsdorf et al. (1999 and
Tiefelsdorf (2000.

This activity provides some reasonto start cod-
ing functions for spatial weights, used to describe
the relationships between the spatial zones,and then
to go on to implement measures of spatial autocor-
relation. So far, a package spweights has been re-
leased to handle the construction of weights ma-
trices of various kinds, together with associated
functions. Comments and suggestions from Elena
Moltchanova, Nicholas Lewin-Koh and Stephane
Dray have helped, allowing lists of neighbours to be
created for distance thresholds and bands between
zone centroids, by triangulation, by graph de ned
neighbourhoods, by k-nearestneighbours, by nding
shared polygon boundaries, and reading legacy for-
mat sparse representations. Two classeshave been
established, nb for a list of vectors of neighbour in-
dices, and listw for alist with an nb member and a
corresponding list of weights for the chosenweight-
ing scheme.Sucha sparserepresentation permits the
handling of n n weights matrices when n is large.

An active area of reseach is the construction of
of tessellations of the plane from points, or other ob-
jectsin a minimum amount of time, since without
limiting the search areacomputations canquickly ex-
ceedO(n?). Reseach in this areais active in compu-
tational geometry, machine learning, pattern recog-
nition, operations reseach and geography. Reduc-
tion of computation in thesesearching operations re-
quir esdata structur esthat facilitate fastrange search-
ing and query. This is still an areawhere R is de -
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cient in relation to packageslike S-PLUSand Matlab
which both support quadtreesfor acceleratedneigh-
bourhood searching.

Effects of spatial autocorrelation for different r values
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Figure 2: Simulation of the effects of simultaneous
autocorrelation on estimates of the variance of the

mean 2

Autocorr elation in a sample is important to
consider, since the presenceof autocorrelation can
severely bias the estimation of the variance of
the sample moments. Figure 2 is the output of
example(in virM) , illustrating the effect of increasing
the simultaneous autocorrelation parameter on es-
timates of the variance 2 of the mean. The simula-
tion used 500samplesof , arandom normal variate
with zero meanand unit varianceona? 7 lattice on
atorus (a square grid mapped onto acircular tube to
remove edge effects). Autocorr elation is intr oduced
intoxbyx= (I W) !, wherew;; > Owheni,j
are neighbours, under certain conditions on (Cliff
and Ord, 1981, p. 152). (Sparserepresentations are
not used becausethe inverse matrix is dense.) The
vertical line indicates the estimator assuming inde-
pendence of observations, for known 2 = 1. Since
strong positive autocorrelation erodes the effective
number of degreesof freedom markedly, assuming
independence with spatial data may be brave.

Testsfor autocorrelation using these matrices are
implemented in sptests — so far Moran's |, Geary's
C and for factors, the same-colour join count test. Us-
ing the USArrests and state data sets, and drop-
ping Alaska and Hawaii, we can examine estimates
of Moran's I

n dimid- wij(xi  X)(xj  X)

aiti(xi %)?

for weights matrices using row-standardized k-
nearest neighbours schemesfor k = 1,...,5, for
wij = 1=k (Cliff and Ord, 1981, p. 17). Moran's |
for assaultarrests(per 100,000)or 48 US continental
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statesin 1975for increasingk is shown in the follow-
ing table: the expectation of I is known ( 1=(n 1))
and the variance is calculated under randomisation.
"Rank' is the rank of the observed statistic when
added to the values from 499 permutations.

k | Moran's | Variance Std. deviate Rank
1 0.405 0.0264 2.63 497
2 0.428 0.0161 3.53 500
3 0.306 0.0109 3.14 500
4 0.294 0.0083 3.46 498
5 0.282 0.0066 3.74 500

As can be seen, it does seemlikely that observed
rates of assault arrests of k-nearest neighbour states
are positively autocorrelated with eachother. Using
these packages,this may berun for k = 4 by:

Centers48 <-
subset(dat a.frame(x= state.cent er$x,
y=state.ce nter$y),
Istate.nam e %in%c("Alaska" , "Hawaii"))
Arrests48 <-
subset(USArrests, rownames(USArrests) %in%
c("Alaska" , "Hawaii"))
k4.48 <- knn2nb(knearneigh(as .matrix(Ce nters48),
k=4))
moran.test (x=Arrests 48%Assault,
listw=nb2| istw(k4.48 ))
moran.mc(x=Arrests48 $Assault,
listw=nb2| istw(k4.48 ), nsim=499)

where knearneigh , knn2nb and nb2listw are in sp-
weights and moran.test and moran.mcin sptests.
The exact distribution of Moran's | has been solved
as a ratio of quadratic forms Tiefelsdorf and Boots
(1999 but is not yet implemented in the package.
The MC solution is however more general since it
can be applied to any instance of the General Cross
Product statistic Hubert et al. (1981).
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Figure 3: Assault arrests(per 100,000)for 48 US con-
tinental statesin 1975.

Spatial locations

The state.cent er data used in the above exam-
ple are documented as being in geographical coor-
dinates, eastingsand northings measured in degrees.
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In nding nearneighbours, distanceswere measured
asif the points representing the states'location were
on the plane, which they are not. Metadata about the
projection and measurement units of spatial data are
of importance in the same way that adequate han-
dling of date and time objectsmay matter. There may
be systematic regularities within the data seriesitself
that are obscured by a lack of registration, and such
a lack may make it impossible to combine the data
at hand with other data with positional accuracy. In
this case,the point locations may be projected onto a
plane, here using the Universal Transverse Mercator
projection, a standard ellipsoid and datum, for zone
15 (centring the plane East-West on lowa) and mea-
suring in km, using PROJ.4softwar €.

write.tabl e(Centers4 8, file="ll48  .txt",
row.names=FALSE, col.names=FALSE)

system(paste("proj -m 1:1000 +proj=utm" ,
"+zone=15 1148.txt > utm48.txt" 1))

Centers48. utml5a <- read.table ("utm48.tx t")

k3.48utm15 <- knn2nb(knearneigh(as .matrix(
Centers48. utm15), k=3))

summary(diffnb(k3.48 utm15, k3.48, verbose=FALSE))

Comparing the neighbour lists for k = 3 near-
estneighbours for the two setsof coordinates shows
that, of the 48 states,29 had the same3 nearestneigh-
bours, 18 changed one nearest neighbour, and Idaho
changed 2. Despite this, the results of testing for spa-
tial autocorrelation were unchanged, con rming the
strong impr ession of spatial structur e visualized in
Figure 3.

k | Moran's | Variance Std. deviate Rank
2 0.484 0.0164 3.94 500
3 0.327 0.0108 3.36 499
4 0.315 0.0084 3.67 499

While in this casethere is no changein the con-
clusion drawn, it seemsto a geographer to be worth
being as careful with spatial metadata as we now
can be with temporal metadata. One approach im-
plemented in the GRASS package for interfacing R
with the GPL'ed geographical information system
GRASS is to store the metadata in a separate object
recording the current settings of the GIS:region of in-
terest, projection, measurement units, and raster cell
resolution. This secures the use of the same meta-
data on both sides of the interface for a given work
session, but separate data objects, such as sets of
point coordinates, do not have their own embedded
metadata. An alternative approach is used in the
new package for importing and exporting portable
anymap graphics les (pixmap). Here metadata are
attached to data objectsthrough attribute values, as
ts doeswith time seriesobjects.

In the same way that it has taken time for dates
and times to nd forms that are both powerful and

2http://www.remotesensing.org/proj/
Shttp://grass.itc.it/
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suf ciently general, spatial data will nd a class
structure probably with metadata attributes—even
date/time metadata attributes. It is obvious that du-
plicating GIS functionality in R is not a good solu-
tion, but much spatial data analysis needs a blend
of positional registration, visualization and analyti-
cal tools that are not available within the GIS either.
This means that the GIS-style metadata need to ac-
company the data from the GIS to the analysis en-
vironment and back again. Connections functions
now allow us to move data very freely, but having
to rely on intervention by the analyst to make sure
that metadata follows is not a good solution.

Prospects

There is now a range of packagesfor spatial statis-
ticsin R. They all have dif ferent object structur esfor
positional data, and metadata is handled dif ferently.
R still does not have a mapfunction on CRAN, but
sorting out how to interface with spatial data should
help with this. More efcient mechanisms for ex-
changing data with GIS will add both to accessto
modern statistical tools by GIS users, and to more
appropriate treatment of spatial metadata in spatial
statistics. Happily , GPL'ed softwar e like that used for
projection above is under active development, and
standards for spatial data and spatial reference sys-
temsaregelling. Thesecanbegiven R packagewrap-
pers, but thereiis, though, plenty to do!
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Object-Oriented Programming in R

by JohnM. Chamber& DuncanTempleLang

Although the term object-orientegrogramming(OOP)
is sometimes loosely applied to the use of methods
in the Slanguage, for the computing community it
usually meanssomething quite different, the style of
programming associated with Java, C++, and sim-
ilar languages. OOP in that senseuses a dif ferent
basic computing model from that in R, speci cally
supporting mutable objectsor references.Specialap-
plications in R can benet from it, in particular for
inter-system interfaces to OOP-basedlanguages and
event handling. The OOP module in the Omegahat
software implements the OOP model for computing
in R.

S language philosophy and style

When you write software in R, the computations
are a mixtur e of calls to functions and assignments.
Although programmers aren't usually consciously
thinking about the underlying philosophy or style,
thereis one, and it affectshow we use the language.

One important part of the Slanguage philosophy
is that functions ordinarily don't have side effectson
objects. A function does some computation, perhaps
displays some results, and returns a value. Noth-
ing in the environment from which the function was
called will have beenchanged behind the scenes.

This contrastswith languageswhich have the no-
tion of a pointer or refeenceto an object. Passinga
referenceto an object as an argument to a function
or routine in the language allows the called func-
tion to alter the objectreferred to, in essentially arbi-
trary ways. When the function call is complete, any
changesto that object persist and are visible to the
caller.

In general, Sfunctions don't deal with references,
but with objects, and function calls return objects,

rather than modifying them. However, the language
does include assignment operations as an explicit
means of creating and modifying objectsin the lo-
cal frame. Reading the S language source, one can
immediately seewhere any changesin an object can
take place: only in the assignment operations for that
speci ¢ object?!

Occasionally, users ask for the addition of refer-
encesto R. Providing unrestricted referenceswould
radically break the style of the language. The “raw
pointer ” style of programming used in C, for ex-
ample, would be a bad temptation and could cause
chaosfor R users,in our opinion.

A moreinteresting and potentially useful alterna-
tive model, however, comesfrom the languagesthat
support OOP in the usual senseof the term. In these
languages, the model for programming is frequently
centered around the de nition of a class of objects,
and of methods de ned for that class. The model
does support objectreferences,and the methods can
alter an object remotely. In this sense,the model is
still sharply different from ordinary R programming,
and we do not proposeit asa replacement.

However, there are a number of applications that
can benet from using the OOP model. One class
of examples is inter-system interfaces to languages
that use the OOP model, such as Java, Python, and
Perl. Being able to mimic in R the class/method
structur e of OOP software allows usto createabetter
and more natural interface to that software. R objects
built in the OOP style can be used asregular objects
in those languages, and any changes made to their
state persist. The R code can work directly in terms
of the methods in the foreign language, and much of
the interface software can be created automatically,
using the ability to get back the metadata de ning
classes(what's called re ectancen Java).

Mutable objects (i.e., object references) are also
particularly useful when dealing with asynchronous

1Assuming that the function doesn't cheat. Almost anything is possible in the Slanguage, in that the evaluator itself is available in
the language. For special needs, such as creating programming tools, cheating this way is admirable; otherwise, it is unwise and strongly

deprecated.
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