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1. Point processes

In this chapter we will deal with the statistical analysis of simple point processes on R¢. We will start with
the estimation of summary characteristics. Afterwards, the task of testing various statistical hypotheses
will be discussed. Finally, we will consider parametric models and discuss the problem of model fitting
and diagnostics.

Recall that a point process is defined as a random locally finite counting measure. A simple point
process can be viewed also as a random locally finite set. We will use both of these approaches. Thus,
we write ®(B) for the number of points (atoms) of the process ® in the set B. By X € ® we mean that
X is a point (atom) of ®.

1.1 Estimation of summary characteristics

Assume that we have a single realization of ® in a bounded Borel set W, so-called observation window.
The window is usually a d-dimensional rectangle but its shape may be more complicated. Our aim is to
estimate various summary characteristics of the point process ¢ based on the given realization. A list
of basic estimates follows. Most of them are implemented in the R package spatstat [1]. Therefore, we
always mention also the corresponding R function.

Edge effects

When estimating numerical and functional summary characteristics, edge effects play an important role.
They are caused by the fact that a point process is observed in a bounded window W. For example, we
can base the estimate of K-function K (r) on the number of points in balls of radius r centred at the
points of the process. However, we are unable to determine this number when the distance of the point
to the boundary of W is smaller than . The situation is illustrated in Figure 1 (left) — true number of
points in b(X, ) is 5 but in W we only observe 3 points. For another example we can consider estimation
of G-function. We are looking for the nearest neighbour of the point X € ®. Based on the point pattern
inside the observation window W, we would determine Y to be the nearest neighbour of X, see Figure
1 (right). Actually, the point Z that lies outside W is the true nearest neighbour of X. It is clear that
by ignoring edge effects our conclusion about characteristics of the point process could be distorted.
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Figure 1. An illustration of edge effects in the case of estimating K-function (left) and G-function
(right).
Estimation of intensity function
Let ® be a stationary point process on R? with intensity A. It follows directly from the definition that
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is an unbiased estimator of A. In the package spatstat this estimator can be computed using summary.ppp.
If @ is a homogeneous Poisson point process, \ is moreover the maximum likelihood estimator. In fact,
we may understand ® on W as a finite point process with density w.r.t. the distribution of unit Poisson
process on W and we know that its density has the form

palp) = AW 1= DIW]

It is easy to verify that the likelihood function L(\) = px(yp) is maximized for A = o(W)/|W]| (see
Exercise class).

For a non-stationary point process, non-parametric kernel estimators of its intensity function are
often used. One possibility is to consider the estimator (density.ppp)

1

AMz) = p—

Y k(x-Y), zeW,
YednWw

where ky is kernel function with bandwidth b > 0, i.e. ky(z) = % for some probability density k, and

ewp(z) = /W kp(x —y)dy

is the edge correction factor. Another possibility is to use more exact but computationally more de-
manding estimator (density.ppp with diggle=TRUE)

NOEEDY be=Y) o ew (1)

Yesnw ewp(Y)

The quality of the estimator 5\(30) is usually sensitive to the choice of bandwidth while the choice of kernel
function doesn’t play such important role. For small values of b the estimator is too concentrated around
the observed points. On the other hand, larger b leads to oversmoothing. Density functions of the uniform
distribution on a ball or the Gaussian distribution are one of the most common choices for the kernel
function k. Also, k is often chosen as the product of one-dimensional densities: k(x) = k1(z1) - - - ka(xq)

for = (x1,...,74) € R A popular example of one-dimensional kernel function is the Epanechnikov
kernel:
3
e(u) = Z(l —u?), wel-1,1].

Note that if k is symmetric, then (1) is globally unbiased in the sense that

/ Mz)de = d(W),
w

ie.

E/W M) dz = /W M) d.

For a non-stationary Poisson process we can express the likelihood function using

po() = exp{ W - /W No(x) da} T o).

rEP

If the intensity function Ag(z) has a parametric form, then the task of finding the maximum likelihood
estimator of parameter 6 has to be solved by some numerical method. We will return to this problem in
Subsection 1.3.



Estimation of K-function

Recall that the K-function K (r) of a stationary point process ® is defined through the relation
MK (1) = EL®(bo,7)), >0,

where E! is the expectation w.r.t. the reduced Palm distribution at the origin o. This definition could
be equivalently rewritten as

& Z bX, )\ {X}) _ o Z?f lixea | x—v|<r] @)
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where A is an arbitrary Borel set with finite and positive Lebesgue measure (0 < |A] < o0).
The following estimators can be obtained by the function Kest in the package spatstat.

0. uncorrected estimate: The equation (2) offers a theoretical unbiased estimator of A2K (r) in the form

vhkey= ¥ 2OXDNED g dixewixovisn
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XednWw X,Yed

This estimator could be used only if we have additional information about the point pattern outside of
the window W. This is due to the fact that we put no restriction on points Y except that they have to
be closer than some distance r to a point of ® lying in W. For one particular point X the distance r
may be larger than the distance to the boundary of W and thus we need to count points lying outside
W. This situation is known as the plus sampling. The problem of inapplicability of the estimate rests
in edge effects. We are unable to determine ®(b(X,r) \ {X}) only from the information about points
lying inside the window W, see Figure 1 (left). If we ignore the edge effects and consider only the points
inside W, we get a negatively biased estimator

vl - Y Hxvis)
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The package spatstat enables to calculate this estimator by setting correction="none" in Kest. However,
it is only for instructional reasons. This estimator should not be used in practice. All the following esti-
mators try to compensate the problem of edge effects by including the edge correction factor ey, (X,Y).
The estimators of A2K (r) then have the form

£ Lyx_y|<r
3 mxmj'ns ey (X, 7).
X,Yednw

For )\2B[u(r) there is no edge correction and the factor ey, (X,Y) is identically equal to 1.

1. border estimate, correction="border": The simplest way to avoid the edge effects is to consider ® in
a smaller window

Wer =W o blo,r) ={y e W:bly,r) CW}={yeW:d(y, oW) >r},

where W denotes the boundary of W. Here, we assume that W is convex. We only consider the points
for which we are able to determine the number of neighbours at distance r. This procedure is known as
the minus sampling. Then

2 _ QX r)\{X}) _ #  lixews, |x-v|<r]
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is an unbiased estimator A\2K (r), as it follows from (2). The edge correction factor is

ixews, )W

) =T



The estimator )\2I£b(r) is defined for r < 1, = sup{s > 0 : |[Wgs| > 0}. For example, r, = 0.5 for
W =10,1]>.

2. translation correction, correction="translate”: Another possibility is to let the edge correction factor
be the function of both X and Y. The translation correction factor is

W]
TX,Y - I
O e Y S ]

which leads to the estimator

k= Y7 L x—vi<n

X yeonw Wn(W+X-Y)|

Using the Campbell theorem it can be shown that this estimator is unbiased (see Exercise class). The
estimator is well defined for r < ry =sup{s > 0: |[W N (W +z)| > 0Vz : ||z| < s}. For example, r, =1
for W = [0,1]%. Similarly, we can define the estimator of the reduced second-order moment measure K
using

e = 7 e

Xyeenw Wn(W+X-Y)|

The smoothed kernel estimate of the density of X can be obtained by Kmeasure.

3. Ripley’s isotropic correction, correction="isotropic” or correction="Ripley”: Another correction factor
was suggested by B. D. Ripley [11]. It has the form

b X — Y
ewr(XY) = G X — YN W

and yields the estimator

#  lyx-y)<n |0b(X, [| X —Y|)]
2 — <rl |
i = 3 W9, X Y W

X,YednWw

The notation |0b(z, )| means the (d—1)-Hausdorff measure of 9b(x, r). If the process is motion-invariant,
it can be shown that A K (r) is an unbiased estimator of N2 K (r) for r < ro = inf{t > 0: [W®| < |W|},
where W) = {x € W : 9b(z,t) N W # 0}. Ohser’s modification [8] is given by

# Apx—vi<r  |90(X,[|X = Y|)]
2 — > . 9
i) = 3 WRYD] [Bb(X, [X — Y ) 0 W]

X, Yean

It extends the definition of )\QK[R(T) tor < r* =sup{s > 0 : [W®)| > 0}. For r < ry we have

)\QKIR(T) = )\21([0(7"). In case of the planar unit square W = [0,1]2, ro = V/2/2, r* = v/2 and W) = W
for all s < ro.

In order to get the estimator of K(r) itself, we have to divide the estimate of A>K(r) by the
estimate of A\2. This violates the unbiasedness property. The bias and variance are typically increasing
with increasing r. For a planar rectangular window it is recommended to determine the estimators only
for r smaller than a 1/4 of the smaller side length of the rectangle. The estimator of A% often has the
following form
e(W)(e(W) — 1)

A2 =
Wi

The motivation is that A2 is unbiased estimator of A\? in the case of Poisson point process ®.

The border estimate of the K-function does not have to be a monotone function in r (as opposed
to the theoretical function). With increasing r and dimension d the loss of information is more essential.
The estimators based on translation or isotropic correction factors have statistically better properties.
On the other hand, the computation of K, is faster.



Estimation of inhomogeneous K-function

Let ® be a second-order intensity reweighted stationary point process. Then we define the inhomogeneous
K-function as 1

#
—F Z [XGA HX Y||<r]
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where A is an arbitrary Borel set with finite and positive Lebesgue measure (0 < |A| < 00). Its estimates
could be obtained similarly as in the case of stationary processes. For example, the estimator with
translation correction has the form

< ESorw AOAX)W AW + X )]

where 5\(30) is the estimator of intensity function A(z). In the package spatstat we would use Kinhom
with the choice correction="translate".

Estimation of pair correlation function

For a motion-invariant point process, the pair correlation function g is related to the K-function by

K'(r)

—, r>0
oqrd=1’ ’

g(r) =
where o4 = |0b(0,1)] is the surface of the unit ball in R?. The kernel estimator of g is

. 1 #  ky(r — || X =Y
g(T) == § — eW,T(Xa Y)a
My yeasnw aqrt=t W]

where ky is a suitable kernel function with bandwidth b and ew,,(X,Y") is the edge correction factor.
The estimator is obtained by calling the function pcf in spatstat. The choices correction="translate"
and correction="ripley” correspond to the translation and isotropic edge correction, respectlvely In
case of second-order intensity reweighted stationary point process, 22 is replaced by )\( ))\(Y) in the
denominator of each summand. The computation could be performed by the function pcfinhom.

Another possibility would be to use some estimator of the K-function and approximate its derivative
by numerical methods (e.g. using splines). This is usually demanding because the estimators of K-
function are piecewise constant functions.

Estimation of nearest neighbour distance distribution function

Recall that for a stationary point process we define the nearest neighbour distance distribution function
as

G(r) =P \({p e N : o(bo,7)) >0}), r>0,

where P! is the reduced Palm distribution.

For the computation of the following estimators of G in R we can use the function Gest.
0. uncorrected estimate, correction="none": If we know the nearest neighbour distance for each observed
point of the process, then we can estimate G classically by the empirical distribution function

G(T Z 1 le(X)<r]»

X€<I>FTW

where e(x) = d(z, @\ {z}) is the distance from the point x to its nearest neighbour. From the Campbell-
Mecke theorem it follows that

E Z liex)<r = )\/ / Lig(o,p)<r) Po(d) dz = A[W|G(r).

XeoenWw



Hence, we see that G (r) is so-called ratio-unbiased estimator of G. It means that the ratio of expectations
of numerator and denominator of G(r) gives G(r), i.e

EZXequ l[e(X)ST] _ AWIG(r)
E®(WW) AW

= G(r).

Again, due to the edge effects we are unable to get e(X) for each X € ® N W, see Figure 1 (right). We
can replace e(X) by the distance e*(X) = d(X, (®\ {X})NW) > e(X), which we are able to observe in
the observation window. Then we obtain the naive estimator

A 1
GT(T) = m Z l[e*(X)ST]-

XeenW

Since e*(X) < r implies e(X) < 7, we have G,.(r) < G(r). The estimator G,(r) is not used for practical
purposes. However, it can be obtained by the choice correction=""none" .

1. border estimate, correction="border" or "rs": By restricting to the points X lying in the eroded
window Wg,, the following ratio-unbiased estimator is obtained,

) 1 1
@) = Faven ) Leeo<n = ooy > e

XednWe, or) XednWe,

2. Kaplan-Meier estimate, correction="km": Edge effects could be understood as a type of censoring
(see Subsection 5.1). Therefore, we can introduce Kaplan-Meier type estimator,

) - HX eDNW :e(X) =5,e(X) < (X))}
GKM(T)—l—g(l_ HX € 2NW :e(X) > 5,¢(X) > s} )

where ¢(x) = d(x,0W) is the distance from z to the window boundary. If e(X) < ¢(X), we are sure that
we observe true distance to the nearest neighbour of z. In the opposite case the distance e(X) is censored
by ¢(X). We only know that e(X) is larger than ¢(X). However, we don’t have information about exact
value of e(X). Note that the information contained in the observation window W is sufficient for
evaluating the estimate Grum (r). As opposed to the classical situation of random censoring we may not
expect independence of data and censors. Hence, the optimality of Kaplan-Meier estimator is violated.
Nevertheless, it usually gives better results than the border estimate.

For an absolutely continuous distribution function H (¢) with density h(t), the hazard rate is defined
as A\p(t) = h(t)/(1 — H(t)). The spatial Kaplan-Meier method enables to estimate the hazard rate A\p,(r)
of the distribution function G(r). However, we have to be cautious because G does not necessarily
have a density. In spatstat this estimator can be obtained together with the Kaplan-Meier estimator of
G-function.

3. Hanisch estimate, correction="han"” or "Hanisch”: Another improvement of the border estimate is
obtained by following edge correction:

Leeozeeory

Xednw (Wee(x)| -

where
L) <e(x))

|W@e(X) |

Note that only points with a smaller distance to their neighbour than to the boundary of the observation
window are used to compute this estimator. In Figure 1 (right) the point X is not involved in the
estimator because its distance to the boundary of W is smaller than the distance to its nearest neighbour.
The Hanisch estimator is ratio-unbiased as we can easily verify by the Campbell-Mecke theorem if we

realize that l[e(X)Sc(X)] = l[XGWee(x)]'

>

XednW

It is important to realize that mentioned estimators of G may not have the properties of a distribution
function: Gy is not necessarily monotone, G ks is non-decreasing but its maximal value could be strictly
smaller than 1.



Estimation of contact distribution function
The contact distribution function of a stationary point process ® is defined as
F(r)=P(®((o,r)) >0)=P(D <r), r>0,

where D is the distance from the origin to the nearest point of ®.
Let us choose a regular grid I, in R%:

I, =y+aZ% = {(y1 + a121, ... ,yq + aqzq) € R?: z; € 7},
where y = (y1,...,y4) € R? and a = (a1,...,aq4) € R, ie. a; >0 fori=1,...,d. The R function Fest
can be used for calculation of the following estimators of F.

0. uncorrected estimate, correction="none": For every point of the grid in the window W we find the
nearest point of the process. However, this nearest point may lie outside W. If we only consider points
of the process @ that lie in W, we get

- 1

F, 1. r
(r) = |I AT IEIX;W [d(z,®NW)<r]s

whereA|Ia N W] is the number of points of a finite set I, N W. This estimator is negatively biased,
ie. EF.(r) < F(r), because 1gz.anw)<r] < lig,a)<r and P(d(z,®) < r) = F(r) from stationarity.
The bias is caused by edge effects.

1. border estimate, correction=""border" or "rs": Let d(z) = d(x, ®) be the distance from z to the nearest
point of ®. Then

. 1
F = 1
br) |1, N We,| melzmwer =

is an unbiased estimator of F'(r) because P(d(z) < r) = F(r) by stationarity. The continuous version of
this estimator (as a — o) has the form

- Waor N @,
Fb(r) = | = | ;
|W6T|
where @, = {z € R : d(z,®) <7} = Uxes b(X,7). Again it is an unbiased estimator.
2. Kaplan-Meier estimate, correction=""km" :

. B #{rx e, NW :d(x) = s,d(x) < c(x)}
Ficar (r) 1}1<1 #{x € I, NW :d(x) > s,c(x) > s} ) ’

where ¢(x) = d(x,0W) is the distance from z to the boundary of W. The contact distribution function
F(r) of a stationary point process is absolutely continuous and the hazard rate A, (r) exists. Its estimator
is based on the Kaplan-Meier estimator Fxps(r).

8. Chiu-Stoyan estimate, correction="cs" or "Hanisch”: Using the same correction as in the Hanisch
estimator of G we obtain

~ 1 1 d(x)<c(xz
Fos(r) = & 7|[VE/)7 ( |)] 1ig(z)<
@ pel,nW ed(z)
where 1
c. — jd(x) <e(z)]

vertw Wed)|

The continuous version of this estimator is

; L[ La)<e@)
F, — 71 d
cs (T) / |W@d( )| [d(z)<r] AT,

C— / L@ <e@) 4
|W6d(z)|
We emphasize that the estimators of F' may not have the properties of a distribution function: F,

is not necessarily monotone, Fx s is non-decreasing but its maximal value could be strictly smaller than
1. The border estimator is less efficient than the Kaplan-Meier estimator or the Chiu-Stoyan estimator.

where



Estimation of J-function

In spatstat it is possible to estimate the J-function

_1-G(n)

J(T)—m, 7A>02F‘(7“)<17

using the function Jest.
The estimator of J arises from its definition:

s 1-=G(r)
T =)

We may distinguish the following estimators (depending on the type of estimator of G and F):
e uncorrected (correction="none"),
e border (correction="border" or "rs"),
e Kaplan-Meier (correction="km"),
e Hanisch (correction="Hanisch").

Even if the uncorrected estimators G, and F) are substantially biased, taking their ratio gives
approximately unbiased estimate (at least when the point process is close to the Poisson process). The
advantage of this estimator is that it is insensitive to edge effects. Therefore, it should be used when the
edge effects are severe. Other three estimators are slightly biased (ratio of two approximately unbiased
estimators). The logarithm of Kaplan-Meier estimator is an unbiased estimator of log J.

The package spatstat enables to estimate four basic summary characteristics (functions F, G, J, K)
at the same time by allstats.
Estimation of aggregation index

The expectation of an arbitrary non-negative random variable 7' can be expressed using its distribution
function H(t) as follows (e.g. [6], Lemma 5.7)

ET = /Oou — H(t))dt.
0

Having the estimator G(t) of the nearest neighbour distance distribution function G(t), we can estimate
the Clark-Evans index

dQw)
S
as ~ d(}\wd)l/d 9] s
CE = T /0 (1—G(t))dt.

In spatstat the function clarkevans can be used for the estimation of CE.

1.2 Hypothesis testing

Next statistical task consists in testing the hypothesis that the observed point pattern corresponds to
a given point process model. The most important case is testing the hypothesis of complete spatial ran-
domness. If we do not reject this hypothesis, then the observed data can be modelled by a Poisson point
process and it is not necessary to consider more complicated processes. Complete spatial randomness
test is one of the basic steps of exploratory data analysis.

First, divide the observation window W to k mutually disjoint regions (so-called quadrats) of the
same volume and count the number of points in each of these quadrats. Denote these counts by n1, ..., ng.
Under the null hypothesis, i.e. the data corresponds to a homogeneous Poisson point process, these
counts should form a realization of random sample from Poisson distribution with parameter A|W|/k.
Moreover, all n = ny + - - - + ny, points are i.i.d. and have uniform distribution in W. Hence, we can use
the well-known Pearson’s x? goodness-of-fit test. The test statistic is given as

k

(ni —n/k)
Z n/k

i=1



and it is equal to the dispersion index
(k—1)s?
n

I = 3

where 1 = + S°¥ . ni = n/k is the average number of points per quadrat and s = = S (i —7n)? s
the sample variance. The index I has approximately y2-distribution with & — 1 degrees of freedom. In
order to get reasonable approximation by the asymptotic y2-distribution, the practical recommendation
on the number of points of the investigated point pattern is 7 > 5. Small values of I correspond to smaller
variability than for the Poisson process. Thus, small values of I indicate regularity of the investigated
point pattern. On the other hand, larger values I show bigger variability in the point pattern. This
corresponds to clustering of the observed point pattern. In spatstat this test can be performed using
quadrat.test.

The test based on the dispersion index is one of few cases in spatial statistics where the (asymptotic)
distribution of a test statistic is tractable. The test statistic has often very complicated distribution.
Therefore, simulation (Monte Carlo) tests are used. First we explain their general idea.

Suppose that we want to test the hypothesis Hy that the data correspond to a given model. Consider
a suitable test statistic 7. We perform M independent simulations from the null model Hy and determine
the corresponding test statistics 77,...,Ty;. We rank them from the smallest to the largest and obtain
the ordered sample Ty < --- < T{(57). Under the null hypothesis, 7" and 77, ..., T are i.i.d. and hence
by symmetry every ranking has the same probability. For simplicity assume that there are no ties in
T,Ty,...,Ty almost surely. Then the probability that 7 is smaller than T{, equals ¢/(M +1). We
want to test Hy on the significance level . If we consider a two-sided test (both small and large values
of test statistic serve against the null hypothesis), we determine ¢ such that

_ 2%
Oz—M+1.

Then the hypothesis is rejected if 7' ¢ [T(q),T(M_qH)]. This test is referred to as the pointwise Monte
Carlo test. We can also determine the p-value of the test, p = 2min(p4,p—), where

L YT > T

1+ 300, YT, < T}
M+1 ’

M+1

jon and p_ =
We reject Hy if p < a.

In point processes we rather work with functional than numerical characteristics. Let T'(r) be some
functional test statistic. Often, T'(r) = S(r) is an estimate of some summary characteristics S(r). For
fixed r, chosen in advance independently on data, we may carry out the above mentioned Monte Carlo
test with 7' = T'(r). However, then we only use part of the information given by T'(r).

Consider an estimator of the summary characteristics S(r) evaluated on the interval [so, s1], where
0 < s < s; are prescribed real constants. Denote by S(r) the estimator of S(r) computed from data
and by S1(r),..., Sy (r) the estimators computed from M simulations. For each r we would be able to
determine §(q) (r) and g(M,qH)(r). By joining the values §(q) (r) for different r we get so-called lower
envelope, while values S(quﬂ) (r) form upper envelope. In spatstat we can draw them by envelope with
parameter global=FALSE. We have to realize that these are pointwise envelopes. They could be useful to
reveal the deviations from the null hypothesis. However, it would be incorrect to use them for testing.
We are dealing with the problem of multiple testing. When the curve S (r) reaches outside the envelopes
for some r, it doesn’t mean that Hy has to be rejected.

On the other hand, a global envelope test rejects the null hypothesis Hy if S’(r) is not completely
inside the envelope, i.e. if S(r) ¢ [Siow(r), Supp(r)] for some 7 € [sg,s1]. The functions Sjoy(r) and
Supp(r) define lower and upper envelopes, respectively. In order to get the exact envelope test assume
that we know theoretical form of S(r) = So(r) under the null hypothesis. Let us determine the maximal
absolute differences from the theoretical function:

D= sup |S(r)=So(r)l, Di= sup [5i(r)—So(r)],i=1,..., M.

so<r<si so<r<si

Ordering the values D1, ..., Djys we obtain rank statistics D@y < Dy < -+ < Doyy. Now we have a
one-sided test, only large values of the deviations give evidence against the null hypothesis. We reject

10



the null hypothesis if D > Dy_441), where g is chosen according to the required significance level,

a = The testing procedure could be represented in the following way. Construct a band of

q
MA1-
width 2D(p;_¢41) around the function So(r). If S(r) lies outside of this band (outside envelopes) for
some 7 € [so, s1], the hypothesis is rejected. It means that we have Siow(r) = So(r) — D(ar—q+1) and
Supp() = So(r) + D(ar—g4+1)- The probability that S(r) wanders outside the envelopes is exactly a.
These envelopes are called simultaneous, in spatstat they could be obtained by the function envelope
with global=TRUE. The corresponding test is known as maximum absolute deviation test and can be
performed by the function mad.test.

Another possibility is to consider integral deviation measure instead of the supremum one. For data
and for each simulation we determine the integral square deviations from the theoretical function,

D= /51(5*(7«) — So(r))*dr, D; = /SI(S’i(T) ~ So(r)2dr, i=1,..., M.

The null hypothesis is rejected if D > D(5;_q41), where q is chosen according to the required significance
level, a = ﬁ_ﬂ. In this case we speak about the integral deviation test. It can be performed by the
function dclf.test.

In order to test complete spatial randomness we can use any of the simulation tests. As a character-
istic S(r) usually F, G, J, K or L-function is used. In the same way we can test arbitrary model from
which we are able to simulate.

1.3 Estimation of model parameters

Another statistical problem is to find a suitable model that describes our data well. Consider that the
distribution of a point process ® is specified except for a vector 6 of unknown parameters. We write Py
for the corresponding distribution of ® and Ey for the expectation with respect to Py. Our aim is to find
an estimate of 6 based on the realization of ® in a bounded window W C R?.

Method of moments

We consider statistics 71,...,T%. Let t;9 = E¢T}; be the theoretical expected value of T} for given 6.
Suppose that 0 is a k-dimensional vector and we have an analytic expression of ¢; ¢ as a function of 6 for
each y = 1,..., k. Then the estimate 0 by the method of moments is given as the solution (if it exists
and is unique) of the equations

Tj:tj,g, jzl,,k/’

That is, the observed values T; coincide with the theoretical expected values.

Ezample: Let ® be a stationary point process with intensity A\. We choose T1 = ®(W). Then ¢1 9 = A\|W|
and we obtain the natural estimator A = Phi(W)/|W]|.

Minimum contrast method

For point processes we often deal with functional summary characteristics. Let S(r) be a chosen func-
tional statistic and S(r) be its estimator. Assume that the theoretical form of S(r) is known and can
be expressed as a function of model parameters, say Sp(r). Then we may consider the estimator eval-
uated for at least & distinct values 7q,...,7; and apply the method of moments with T = g(rj) and
tio = Se(r;), 7 =1,..., k. Here, the relation t; 9 = E¢T} holds only if the estimator S(r) is unbiased.

The theoretical form of S(r) is known in several cases. Examples include statistics of a Poisson
process or pair correlation function of a stationary Neyman-Scott process, which is given by

g(z) =1+ /\ip /p(y)p(y —z)dy, z€eR

where ), is the intensity of parent point process and p is the density of the displacement vector of
a daughter point from a parent point. If p has a parametric form (as for Thomas or Matérn cluster
process), then g(x) is expressed as a function of the model parameters.

11



We may try to exploit more information given by the estimator S (r). We look for 6 that minimizes
the deviation of S(r) from Sy(r) over some interval [a, b]. Define

D(G):/ab

where 0 < a < b and p,q > 0 are given constants and w(r) is a weight function. The estimator of 6 is
attained by minimizing the function D(#). This method is called the method of minimum contrast. When
the analytic expression of Sg(r) is unknown we can approximate Sy(r) for fixed 6 by many simulations
from the model. To compute the parameter estimate by the method of minimum contrast (with weight
function identically 1) we can use the function mincontrast in the package spatstat. There, the default
choice of parameters p and ¢ is p = 2 and ¢ = 1/4. If S(r) is the K-function, spatstat enables to find the
estimators for some particular models of point processes using special functions Igcp.estK (log-Gaussian
Cox process), matclust.estK (Matérn cluster process) and thomas.estK (Thomas point process). Similar
functions Igcp.estpcf, matclust.estpcf and thomas.estpcf exist for S(r) being the pair correlation function.

S(r)q — Sp(r)? : w(r)dr,

Ezample: Let ® be a Thomas point process with parameters A, (intensity of parent Poisson process), A.
(mean number of cluster points) and o2 (variance of the normal distribution describing the displacement
of a cluster point from a parent point). Then the pair correlation function is

1 r?
g(T)1+W€Xp{r‘2}, r>0.

We can estimate g(r) by the kernel estimator with some edge correction factor. Having such estimator
§(r) defined on the interval [a, b], we can define the contrast function as

D(\,,0%) = /ab (g(r) —1- W exp {—%})2 dr.

The method of minimum contrast requires the minimization of this integral which has to be done by
numerical methods. Notice that the parameter ). is not appearing in the contrast function so we have
to estimate it by other approaches. The most natural approach would rely on the relation A = A\, and
estimation of the intensity A.

Maximum likelihood method

Another approach for estimation of model parameters is based on the maximum likelihood. Assume that
® is a finite point process with density p w.r.t. the distribution II of unit Poisson process on the bounded
Borel set B C R?. The density is parameterized by the vector 6 of unknown parameters, p(¢) = py(p).
For simplicity we consider that the observation window W coincides with B. The maximum likelihood
estimator of # is obtained by maximizing the likelihood function L(0) = pg(p), where ¢ is observed
realization of the process ®. Often it is more advantageous to maximize the log-likelihood function,
1(0) =log L(#). The log-likelihood function is known for the Poisson process with intensity function Ag:

1(0) = |W| — /W Ao(z) da + ) log Ag(x).

TEP

As we already mentioned in Subsection 1.1, in homogeneous case (Ag(z) = A) the argument of maxima
is A = (W)/|W|. For inhomogeneous Poisson point process the maximum likelihood estimator is not
analytically tractable and we have to use numerical algorithms (e.g. the Newton-Raphson method) for
maximization of the log-likelihood function.

For other processes than Poisson the normalizing constant is typically given by complicated integral
which is impossible to compute explicitly. In that case we can use Monte Carlo methods. Let the density
of the point process have the form pg(p) = hg(p)/co, where hy is a known function and ¢y = Ehy(Pp)
is the unknown normalizing constant (®p is the Poisson point process on B with unit intensity). Then
1(0) = loghe(¢) — logcyg. It will be more advantageous to maximize likelihood ratio w.r.t. some fixed
parameter value 6, ) )

Polyp he(¢ Co
HO) =180 =log ) = B b (@) B,
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For the first term we have an analytic expression while the second term may be approximated by MCMC
(Markov Chain Monte Carlo) methods. The ratio of normalizing constants could be written as

@~ [heymay) = [ 7282000 gy

Chy heo(cp) o,
-t )>p90(@)n(d@ — [ 72, ap) = B0 2

where Iy, is the distribution of ® with density pg, (i.e. true parameter is 6y) and Eg, is the expectation
w.r.t. this distribution. Here we assume that hg,(¢) = 0 implies hy(¢) = 0 and use the convention
0/0 = 1. There exist different MCMC algorithms for generating the process with distribution ITp,. They
are based on the construction of a Markov chain {®(} whose limiting distribution is given by the density
Do, w.r.t. the distribution II of point process ®p. Replacing the expectation E% by its sample mean

we get the approximation of the log-likelihood ratio
ho( Z ho( <I>(1
h@ (P hGo

This approximation is called importance sampling approzimation. Maximization of lg, ,,(6) gives MCMC

lgy.n(0) = log

approximation #,, of maximum likelihood estimator # of parameter 6. This approximation is usable if 6
is close to 6. As 6y we usually take some rough estimator obtained by a simpler and less efficient method.
The whole procedure can be iteratively repeated. There are alternative approximations, the details can
be found in [7], Subsections 8.2.4. and 8.2.5.

Maximum pseudolikelihood method

Since the likelihood function is often complicated, another strategy to estimate the model parameters is
based on approximation of the likelihood function by some simpler variant.

Definition 1. Let ® be a finite point process on a bounded Borel set B with Papangelou conditional
intensity Aj(z,¢), where 6 is the vector of unknown parameters. A realization ¢ of ® is observed in the
window W. We assume that W coincides with B. We define the pseudolikelihood by the relation

PLO) = exp { W1~ [ Nyt dr ) [T Nitoo (o))

TEP

The estimator § that maximizes PL(0) is called the mazimum pseudolikelihood estimator of 6.

Remark 1. For Poisson point process A\*(x,p) = A(x) and thus the pseudolikelihood coincides with
the likelihood.

Ezample: Strauss point process has the Papangelou conditional intensity

A" (wa 90) = BVtR(ZW)z

where tr(z, ) = >, c, lo<|z—y|<r- Unknown parameters are 8 > 0, 0 <y < 1 and R > 0. The
logarithm of pseudolikelihood is

log PL(3,7, R) = W] - / Bym9) dz + 3 (log B+ talr, o \ {2})log)

TEP

— W) - / By @9 Az 1 (W) log B + 25 () log 7,
w

where Sg(p) = Z{x,y}gg@ Ljo<|jo—y||<r]- If we put the derivatives w.r.t. 5 and v equal to zero, we get

the equations
= /8/ rth( @) dx
ZSR 6/ tR tRI(p)dl‘.
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The parameter R is considered to be known and we search for the solution numerically. In this way the
estimators of 8 and ~ are obtained. We realize that tg(z, ¢) takes only non-negative integer values and
denote

mg = / l[t(x,tp):k] dr, k € Np.
w

Then our system of equations has the form

(W) =8+,
k=0

2Sr(p) =P Z kyFmy,.
k=0

The advantage of assuming R to be known is that the Papangelou conditional intensity has a log-linear
form. We can choose several different values Ry, ..., Rk of a parameter R. For each value we calculate
maximum pseudolikelihood estimates of S and . Then we determine such R;, ¢ = 1,..., K, for which
the pseudolikelihood is the largest. This value is taken as the estimate of R.

Second-order composite likelihood

The maximum pseudolikelihood method belongs to a more general class of statistical methods that are
based on so-called composite likelihood. These methods are used when the maximum likelihood method
is computationally very demanding or inaccessible. Composite likelihood is a function obtained by
multiplying a collection of likelihoods of simpler components. These components may not be independent.
The particular form depends on the context. In the setting of point processes it was suggested to consider
the product over the contributions of individual points or pairs of points.

)

Let ® be a stationary point process on R? with second-order product density )\§2 that is parame-

terized by vector #. From stationarity it follows that )\gf) (z,y) = )\gf) (r —y). Again we assume that ®
is observed in the window W. Then the density of pairs of points in W is
_ M (@ - y)

Jw Jw AéQ)(u —v)dudv

Of course, the distinct pairs of points are not independent. However, we consider the product of the
densities fy(x,y) over all observed pairs. After taking the logarithm, we have

log CL(0) = 27& {log AP (X —v)—1log /W /W AP (u = v) dudv

X, Y ednNW

fe(:r?y) Y $7y€W

For practical purposes we disregard pairs at larger distances because for them the interactions are typi-
cally weak. Therefore we do not lose much information if we omit them. Moreover, in this way we reduce
computational complexity and variability of the resulting estimator. Let us choose R > 0 and work with
pairs of points in the distance smaller than R. We get the density

2
A (@ — ) 1{ | — yl| < R}
Jor Jir AP (w0 = 0)1{|Ju — v|| < R} dudo
and the logarithm of the composite likelihood

log CL(0) = Z;é {log)\éQ)(X -Y)- log/ / Aé2)(u —0){||lu —v|| < R} dudv
X, YEPNW:||X—Y||<R wJw

f@(‘ray): ) CU,yEW,

The estimator of 6 is obtained by maximizing this function. Note that in the expression of fy or log CL(9)
we are allowed to replace the product density )\((,2) by the pair correlation function gy = )\((,2) /A2, where
A is the intensity of ®.

As opposed to previous two subsections we are now working with stationary point processes. The
composite likelihood method is used mainly for Cox point processes where we often have an analytic
form of the second-order product density. If ® is a stationary Cox point process with driving intensity
function Z having the distribution depending on 6, then )\éQ) (x —y) =EZ(x)Z(y). Next we will demon-
strate another method suitable for Cox point processes. This method is based on another second-order
characteristics.

14



Palm likelihood

Let ® be a stationary point process on R% with intensity A and second-order product density A(?). Then
we can write () (y —x) = A\, (y — ), where )\, is called the Palm intensity. The second-order factorial
moment measure can be expressed from the Campbell theorem as

o?(Ax B) = EZ Lixcayven = //)\(2 z)dydz = X // u) du dz.
B—x

X, Yeo

On the other hand, by the Campbell-Mecke theorem we have

a®(AxB)=E > B\{X}f/\// P! (dy) dz.

XednA

Comparing these two expression we find out that
E'®(B) = / No(u)du, B € B,
B

i.e. X, is the intensity function of the reduced Palm distribution of ®. Now it is also clearer why )\, is
called the Palm intensity. Realize that it is a second-order characteristics. For a Poisson point process
this function is constant. However, generally A, is not constant.
We will consider the point process of differences of observed points of ® in W with the distance
smaller than R, i.e.
Pr={Y - X:X#£YednW,|Y - X| <R}

Obviously it is a point process in the ball b(o, R). Its intensity measure is (by Campbell’s theorem)

#
E®p(A)=E 37 Ly xea = /W /Wl[y,meA]My—x)dydx

X,Yeonw
= [ [tcmasscmtuean® ) drdu = [ W 007 =)o) du
A
Therefore, the intensity function of ®p is
Ar(u) = @) WN (W —u)|, ué€b(o,R).

We assume that a parametric form \’(u) of the Palm intensity is given. We want to estimate the
vector 6 of unknown parameters. To do this we consider ®x as an inhomogeneous Poisson process with
the intensity function Ag(u) which is approximated so that the unknown true intensity is replaced by
the observed intensity ®(W)/|W| and the term |W N (W — w)| is replaced by |W|, which is a reasonable
approximation for R substantially smaller than the window side. Altogether we approximate Ag(u) as
®(W)Ao(u). The likelihood function is approximated by the likelihood function for the Poisson process
with this approximated intensity function. Such likelihood function is referred to as the Palm likelihood.
It means that the logarithm of the Palm likelihood is

#
logLp(0) = > " lyy_xj<rlog @)Y — X) + [b(o, R)| — ®(W) / Ao (u) du.
XY eanw b(o,R)
Alternative way how to get the Palm likelihood is to consider the point processes
ox={Y -X:X#£Y ed}, XecdnW,

which are inhomogeneous point processes with intensity function A,. We ignore interactions in the
processes ® x Nb(o, R) and approximate them by inhomogeneous Poisson processes whose log-likelihoods
are

3 Locix-vi<mog XY = X)+ o, B) = [ Nifu)du.
Yed b(o,R)

Now we regard ®x, X € & N W, as independent identically distributed point processes, and we ignore
edge effects. Then the logarithmic Palm likelihood has the form

logLp(0) = > locjx—y|<rlog\o(Y — X) + &(W)|b(o, R)| — ‘I’(W)/ Ag(u) du,
X,Yednw (o,R)

which differs from the previous expression only by a constant.
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Takacs-Fiksel method

In order to find the maximum likelihood estimate one solves the equation I'(§) = 0. The method of
moments is based on the relation Sp(r) — S(r) = 0. Both of these approaches could be included in the
framework of estimating equations.

Definition 2. Let ® be a point process with distribution Qg depending on an unknown parameter
6 € ©. Consider a function 9 : © x A/ — R such that Ey(6, ®) = 0 for each § € ©. Here, Ey denotes the
expectation w.r.t. Q. For a given realization ¢ the equation ¥(6, ¢) = 0 is called an unbiased estimating
equation. By different choices of 1 we obtain a system of equations. Its solution 6 is used as an estimate
of 6 based on ¢.

Besides the method of moments and maximum likelihood (or pseudolikelihood) method, another
example of estimating equations for point process models is given by the Takacs-Fiksel method. This
method is based on the Georgii-Nguyen-Zessin identity

E Y WX, 2\ {X})= /}R Eh(z, ®)\*(z, ®) d, (3)

Xed

where \* is the conditional intensity of ®.

In the case of a finite point process ® with density p w.r.t. the distribution of unit Poisson point
process ®p on the bounded Borel set B, \* is the Papangelou conditional intensity. If ® is the Poisson
point process on R? with intensity function )\, then \*(z, ®) = \(z).

Assume that we know the parametric form of the conditional intensity A}(x, ). We define

on00) = 3 b\ {z}) - / (@ )N (@ 0) da

h
TEENW w

for arbitrary function h. Then the Georgii-Nguyen-Zessin identity implies Egi, (6, @) = 0. The estimator
of 0 is obtained as the solution of the unbiased estimating equation ¢, (6,¢) = 0. Similarly as in the
method of minimum contrast, we can choose more functions h than the number of unknown parameters.
For example, if we have k function hq, ..., hi, we may search for # which minimizes

k

Z Un, (97 @)2'

i=1

Remark 2. When we obtain the estimator 6 as the solution of an unbiased estimating equation, it
doesn’t mean that it is an unbiased estimator of 6.

For some natural choices of h it may be impossible to determine ¢y, (6, ¢) only from the observation
© in a bounded window W. The problems with edge effects may arise. Then instead of (60, p) we
can take the estimate z/;h (0, p) which considers corrections of edge effects. For example, in the case of
a stationary point process put h(z, ) = ¢(b(z,7))1zew)/|W|. Then the expectation of the first term
in 15, (0,®), i.e. the left-hand side in (3), is equal to A>K(r). However, we are not able to determine
the first term in v, (6, ¢) only from the information inside W. The solution is to replace it by some
edge-corrected estimator of A2K (), e.g. the estimator with translation edge correction.

Ezxample: Consider a Strauss point process and assume that the parameter R is known. Our goal is to
estimate 6 = (8,7). The choice hy(z,¢) =1 gives

whl (97 (P) = (P(W) — ﬁ/ ,th(z,z,a) dz.
w
Taking h2({r7 ()0) = tR(:C7 90) we get
Una(0,0) = 25r(¢) = B / tr(z, @)y 9 da.
w

Note that we have obtained the same two equations with two unknown parameters as in the case of the
maximum pseudolikelihood method.
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1.4 Model diagnostics

In order to verify that the fitted parametric model is appropriate we can exploit the idea of Monte Carlo
tests. If we are able to simulate from our fitted model, then we can determine some summary character-
istics for each simulated realization of the model. The results from simulations could be compared with
the characteristics estimated from the data. This comparison should not show any substantial deviations
when the parameters of the model are determined correctly. The problems with this approach will begin
to exhibit for more general inhomogeneous point processes where we would need appropriate summary
characteristics.

Now let us examine how we can use the generalization of residuals from the classical linear regression
models in the context of point processes. Generally, the residuals are differences between the observed
and fitted values. If the fitted model is correct, the residuals should fluctuate around zero. On the
contrary, large deviations from zero may indicate what is wrong with the fitted model (e.g. incorrectly
estimated trend or interactions).

Definition 3. Let ® be a point process with the conditional intensity A*. For some non-negative
measurable function h we define h-weighted innovation as the signed random measure

I(B,h,X")= > h(X,®2\{X})- / h(z, @)\ (z, ®) dz.

XedénB

According to the Georgii-Nguyen-Zessin identity (3) we have EI(B, h, \*) = 0 for any B € B.

Ezxample: Let ® be the Poisson point process with intensity function A and consider the following three

choices of h: h(z,¢) =1, h(z,p) = 1/ *(z,¢) and h(z, ) = 1//A*(x, ). Since \*(z,¢) = A(z), we
get

I(B,1,)\) = ®(B) —/ A(z) dz,
I(B,1/A",\) = Y 6S) B,

I(B,1/VA*,)\) = Z\/_ /\/ ) da.

It is easy to verify that EI(B,h,\) = 0 by direct computation using the Campbell theorem. For the
variances we have

va,rI(B,l,)\):/ Az) dz,
B
1
varI(B,1/X*, A :/ ——dx,
(B, 1/A",2) )
varI[(B,1/VA*,\) = |B|.

These relations follow directly from the following lemma.

Lemma 1. Let ® be the Poisson point process on R? with intensity measure A. Then for an arbitrary
non-negative measurable function f,

var 3° () = [ f(@)? A(do)

Xed

Proof: From the Campbell theorem,

B Y F(0) = [ fo)A(ds

Xed
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The second moment could be rewritten using the second-order Campbell theorem. Moreover, we make
use of the fact that the second-order factorial moment measure of the Poisson point process is A x A,

E (Z f(X)> —E Y fX)f0)=EY fx)2+E S fx)f(v

Xed X,Yeod Xed X,Yed

/f A(dx) //f A(dz) A(dy) = /f )—l—(/f(ﬂc)A(dx))2

From this we already obtain the assertion.

O

Assume that the conditional intensity Aj(x, ) depends on the parameter 6. Furthermore, suppose
that we found the estimator 6 (e.g. by one of the methods from Subsection 1.3) based on the observation
of ® in the bounded window W. Then the estimator of the conditional intensity is A\*(x, ) = A; (x,¥).

In the definition of innovation we admit that i depends on 6. Put h(z,¢) = hy(z, 9).

Definition 4. A random signed measure

R(B,h,0) = I(B,h,X*) = > hg(X,@\{X})f/Bh (z, @)\ (z, @) dz

XebnB

is called the h-weighted residual measure.

Since EI(B,h, \*) = 0, we expect that R(B, h, @) is around zero when the model with 6 is correct.
Note that the expectation ER(B, h 9) does not have to be zero but it should be approximately zero when
the model is true. Regions B with extreme values of R(B, h, 9) may indicate regions of irregularity. The
usual choices for h include h = 1 (raw residuals), h = 1/\* (inverse-lambda residuals) and h = 1/v/A*
(Pearson residuals). Residuals for these three choices may be computed by residuals.ppm in package
spatstat. For h = 1 we have

R(B,1,6) = ®(B) — /B )\g(x,@) dz.
It means that the raw residual measure is given as the difference of an atomic measure with atoms in
the observed points and the measure with density A7 (z,®) w.r.t. the Lebesgue measure.
Ezxample: Consider the stationary Poisson point process ® with intensity A, which could be estimated as

A = ®(W)/|W|. Then (provided that ®(W) > 0)

B

R(B,1,\) = &(B) — @(W)W,

R(B,1/N ) = W 2B) gy

(W)
35— IWI ew)

It can be shown that the expectations of these three h-weighted residual measures are 0. We can also
notice that R(W,1,\) = R(W,1/X*,A) = R(W,1/VA*,X) = 0. This corresponds to the situation in the
classical linear regression where the sum of all residuals is 0.

For the graphical representation of the residuals it is convenient to perform kernel smoothing.

Definition 5. Let k be a probability density on R%. The realization of a point process @ is observed
in a bounded window W. We have constructed the estimator 6 of . Define the smoothed residual field
by the relation

S(x) = e(a) /W k(x — y) R(dy, h,d),
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where

is the edge correction.

Remark 3. For h =1 we have

S(z) = e(x) Z k(x-Y) — e(z)/ k(x —y)A;(y, @) dy.

Yeanw w

2. Marked point processes

Let ®,, be a marked point process on R? with the mark space M. The corresponding unmarked point
process is denoted by .

2.1 Estimation of summary characteristics

We will assume that a stationary marked point process ®,, is observed in a bounded window W. The
estimators of summary characteristics are mostly either straightforward from the definition or it is enough
to suitably modify the estimators that were defined for point processes (Subsection 1.1).

First consider the case of qualitative marks M = {1,...,k}. It means that ®,, is a k-dimensional
point process (®1,...,®;). Then for the cross G-function G;;(r) = P!(D;(0) < r) and the condensed

G-function G;.(r) = P!(D(0) <), r > 0, we may use, for example, the Kaplan-Meier estimator:

o (1_ #{X €@, : e;(X) = 5,;(X) gcx)})
#{X € ®;:¢;(X) >s,¢(X) > s} ’
<

@(T):l—H(l_#{Xe(bi:e(X): 7e()()

s<r

where c¢(x) = d(z,0W) is the distance of z from the window boundary, e;(x) = d(z, ®; \ {x}) is the
distance of x from the nearest point of ®; and e(x) = d(x, ® \ {z}) is the distance of = from the nearest
point of the process (regardless of the mark). In spatstat we can obtain these estimates using Gcross and
Gdot.

The cross K-function K;; is defined by the relation

AiKij(r) = Eg®;(b(o, 7))
and the condensed K-function K;. by the relation
MK, (r) = Ei®(b(o,r)).
Here ); is the intensity of ®; and its natural estimator is A; = ®;(W)/|W|. We mention the estimators

of the cross (Kcross) and condensed (Kdot) K-function in the form with translation correction (other
edge corrections could be considered as well):

= 1 # Ljx-vj<r
Kij(T) = == Z — R
Aidj X ed, AWy ed;nw WnW+X-Y)|
= 1 # Ljx-vj<r
Ki. = == — .
) I9) WN(W+X-—Y)

XE®;NW,Y €PNW

Notice that this estimator of the cross K-function satisfies a(r) = Kj;(r).
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For marked point processes with quantitative marks we first deal with the estimation of a non-

@,
normalized f-mark correlation function. It is defined as k¢(r) = i\\{TET;’ where )\502)(7") is the density of
the second-order f-weighted factorial moment measure
#
CYS?)(Bl X Bg) =FE Z l[XleBl,X2€B2]f(MlaM2)a B1, Bs EBd.

(X1,M1),(X2,M2)EPm

Here, the process ®,, is assumed to be motion-invariant. The kernel estimator of )\502)(7’) is

;fz\)(r): 275 SIM(X), M(Y)) k(| X — Y]l —7)

xieorw CrTIWAW+X -V

while an analogous estimator of the second-order product density A(®)(r) is

—

# k([ X =Y —7)
@) (r) =
ARr) Z ogri-wn (W + X —Y)|’

X, Y ednW

where kj, is a kernel function with bandwidth b. In both cases we have used the translation correction of
the edge effects. Then the non-normalized f-mark correlation function can be estimated as

—

(2)

Ay (r

mi(r) = /f\—() r> 0.
A@)(7)

The function £ (r) can be also expressed using the two-point mark distribution,
Hf(r) = Eorf(M(O)a M(T))

This conditional expectation could be estimated by arithmetic mean of f-values for marks corresponding
to the points at distance r. The number of pairs exactly at distance r will be usually small. Therefore,
we take € > 0 and put

() = ﬁ 37 F(M(X), M(Y)),

€
X, YeonW:||| X-Y||—-r|<e/2

where Ny(e) =#{X, Y e DNW : || X = Y| —r| < e/2}.
Furthermore, we estimate the f-mark correlation function ks (r) = LAG) by

=50 sy,
cr
where {
T sarE O [OM0.M(v))

X, Y ednW

is the estimator of ¢; = [ [ f(m1, m2) Q(dm1) Q(dmz). Denote = EMy = [ m Q(dm) the mean typical
mark. Then for f(mi,ms) = mims we have ¢y = p? and ky is denoted kym. For f(mi,mz2) = mq,
¢y = p and ky is denoted ky,.. The values k(1) or kp,.(r) larger than 1 indicate mutual stimulation
in the distance r. On the other hand, the values smaller than 1 correspond to inhibition. The estimates
of k¢(r) and ks(r) could be calculated using the function markcorr in the package spatstat.

The functions ky(r) and ks(r) are examples of non-cumulative summary characteristics. A cumu-
lative analogue is the f-weighted K-function K ;(r) which generalizes K-function for point processes in
the following way:

1
AKf(r) = —E, Z f(M(0), M(X))L[xeb(o,r))s
FxoM(x))edm
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where )\ is the intensity of a stationary process ®,,. In particular, for f(mi, ma) = mims we get the
function Ky, (1), for f(mq,ma) = mq the function K,,.(r) and for f(m,ma) = mq the function K.,,(r).
An unbiased estimator of A2c; K ¢(r) using translation correction has the form

) o M(X) M{X - Y] <1}
ek = 3 WoxX)nwor)

X, Y ednW

In order to estimate K¢(r) we have to divide by estimators of A? and c;.

As a representative of numerical characteristics we consider the non-normalized nearest-neighbour
correlation index defined as 7y = E! f(M (o), M(Z1)), where Z; is the point of the process that is the
closest to the origin and M (Z7) is the mark at Z;. This index can be naturally estimated by

—~ 1
vy = (W) ngf(M(X)aM(ZX))v

where Zy € ® is the nearest neighbour of X. A natural estimator of the normalized nearest-neighbour
correlation index ny = %}f is obtained as

P

ng = Tf
cf
For f(m1,m2) = mimg the values iy > 1 indicate mutual stimulation between neighbours. In spatstat
the commands nncorr (f(my1,ma) = mims), nnmean (f(mi,m2) = my) and nnvario (f(mq,mz2) =
(m1 —m2)?/2) may be used.

2.2 Tests of independence

Statistical analysis of a marked point process mostly starts with the test of the hypothesis of independent
marks. If the marks may be considered to be independent, then we can use the methods developed for
independent data. First we will deal with test of independent marks. Afterwards we mention some
approaches for testing independence of marks and locations. We pursue non-parametric approach and
use simulation tests whose principle was explained in Subsection 1.2.

Testing independent marking

First consider a two-dimensional point process @, = (1, P2). The null hypothesis of independent marks
may have two different interpretations:

1. independent marking (random labelling) — to the points of ® independently randomly either mark

1 or mark 2 is assigned,

2. random superposition — two independent point processes ®; and ®5 form a bivariate point process.
The first situation is an example of posterior marking — we describe how the marks were created con-
ditionally on given locations of points. This is an appropriate model when the points are tree locations
and the trees could be affected by some disease or catastrophe (mark 1) or not (mark 2). In the second
situation we have prior marking — a marked point process is formed by certain mechanism, namely union
of two independent populations.

For testing the hypothesis that ®,, is independently marked point process the method of random
allocation is used. We fix the locations and create new marks by random permutation of observed marks
(rlabel in spatstat). We generate M such permutations and carry out the corresponding Monte Carlo
test. Under the hypothesis of independent marking,

K(r) = Ku1(r) = Kaa(r) = Kia(r) = K1.(r),
g(r) = g11(r) = ga2(r) = g12(7),

G(r) = G1.(r),

J(r) = Ji.(r),

where K (1), g(r), G(r) and J(r) are functional characteristics of the unmarked point process ®. There-
fore, a useful test statistic could be e.g. S(r) = Ki.(r) — K(r), which is equal to So(r) = 0 if the null
hypothesis is true.
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When we want to test the hypothesis of random superposition of point processes ®; and ®,, we
can use the method of random shift. The locations of points with mark 1 are fixed. We generate M
realizations of the subprocess @2 so that all its points are simultaneously shifted (rshift) by a vector with
prescribed length R > 0. For each of M realizations of a bivariate point process we calculate estimator of
S(r) and apply simultaneous Monte Carlo test. As a function S(r) we may use one of the cross functional
characteristics. Under the hypothesis of random superposition the following relations hold:

Kia(r) = war?,
g12(r) =1,
012(7‘) = FQ(T),
J12(7‘) =1.

In the case of process with quantitative marks we can again test the hypothesis of independent
marking by the method of random allocation. It means that the locations are kept fixed and the marks
are assigned by permuting the observed marks (sampling without replacement). In this way all M
simulations lead to the same empirical mark distribution. Another possibility is to generate marks from
the empirical mark distribution (sampling with replacement). The test statistic could be one of the
f-mark correlation functions or the f-weighted K-function. For motion-invariant independently marked
point processes we have ky(r) = 1 and K, = K(r), where K (r) is the K-function of the corresponding
unmarked point process.

Independence of marks and locations

We are going to present three methods for testing independence of marks and locations in marked point
processes with quantitative marks. If the marks and locations are independent we may investigate
both components separately, which simplifies the statistical inference. The geostatistical marking is an
appropriate marking model where the marks and independent of locations.

The first method is based on the summary characteristics K¢(r), in particular special cases Kp,.(r)
and K., (r). Both these functions are equal to the K-function K (r) of the unmarked point process
® if the process is geostatistically marked. The test works conditionally on the locations and it is
based on the random allocation. We will generate M realizations by random permutations of marks (or
by random sample from empirical mark distribution). Since the locations are fixed, the estimators of
K (r) will be the same for all M simulations as well as for data. We use this estimator of K (r) as the
statistics Sp(r) in Monte Carlo test. Further, we estimate K,,.(r) or K.,,(r) from data and also from M
simulations. Under the null hypothesis all these M + 1 functions should look approximately like So(r).
By simultaneous or integral Monte Carlo test we find out whether the estimate from data significantly
differs. This approach ignores correlations among marks, this can cause that the hypothesis is rejected
not because of dependence between marks and locations but because of dependencies within marks.

The second method originates from the paper [12]. It is based on the fact that the functions
E(r) = EoM(r) and V(r) = E,.(M(0) — E(r))? are constant for motion-invariant geostatistically
marked point process. If the estimates of these functions from the data significantly differ from a constant
function, it gives evidence against the null hypothesis. Defining E(0) = EMy and V(0) = var My, we
can perform simultaneous Monte Carlo test with the choice S(r) = E(r) — E(0) or S(r) = V(r) — V(0).
Under the null hypothesis, Sy(r) = 0.

Also the third test is based on the principle of simultaneous tests. It was proposed in the paper

[3]. Let om = {(x1,m1),...,(zn, my)} be a realization of a motion-invariant marked point process
®,,, observed in the window W. Assume that the data are recorded in some fixed order. Let 6(z;) =
d(zi,{xit1,...,xn}), i =1,...,n, denote the distance of point z; to the nearest point of the process with

a larger index. For given r > 0 we choose those points with §(x;) < r. The number of selected points will
be n,. It is recommended to choose r small in comparison with distance of nearest neighbours. Since the
selection of points does not depend on marks, the mean of marks of n,. points should be under the null
hypothesis close to the mean of marks of arbitrary randomly selected n, points out of n points. On the
other hand, if a mark is dependent on the presence of other points in the vicinity of its location, then the
means of marks selected according to the proposed criterion and the means of randomly selected marks
should differ significantly. We generate M different random samples of marks and for each such sample
of size n, we compute its mean. The test itself works in the same way as the classical Monte Carlo test
described in Subsection 1.2 (T is the mean of n, marks).
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3. Geostatistics

Geostatistics is a part of spatial statistics dealing with data formed by finitely many observations of
a given variable in some fixed spatial locations.

The geostatistical data are modeled by a random field {Z(z) : z € D}, where D C R? has positive
d-dimensional Lebesgue measure. Recall that an intrinsically stationary random field satisfies the condi-
tions E(Z(z)—Z(y)) = 0 and var(Z(z)—Z(y)) = 2y(z—y). The function 2v(h) = var(Z(z+h)—Z(z)) =
E(Z(x + h) — Z(z))? is called the variogram. Our first aim is to estimate the variogram from the obser-
vations Z(z1),...,Z(xy), where x1,...,z, € D are fixed deterministic points.

3.1 Variogram estimation

Non-parametric estimators

To get the first impression about the variogram we can plot squares of differences of observed values
(Z(z;) — Z(z;))? against x; —x; or ||z; — x;||. Such graph is called empirical variogram cloud and can be
obtained in the package geoR [10] by variog with option="cloud". This graph often does not give a clear
picture because the number of possible pairs {z;, z; } of distinct points could be quite large, specifically, it
is (g) More useful information is obtained by averaging the values corresponding to the same difference
x; —xj. Then we have the following unbiased estimator of the variogram,

(Z(i) = Z(=;))*, (4)

where N(h) = {(z;,z;) : & —x; = h,4,j =1,...,n} and |[N(h)| is the cardinality of N(h). It is in fact
the estimator obtained by the method of moments. The following properties of the estimator can be
easily seen: 4(h) > 0, (o) = 0 and %(h) = 4(—h). Thus, the estimator preserves the basic theoretical
properties of the variogram. Note that N(h) and N(—h) could be different sets but they have the same
cardinality and (z;,z;) € N(h) if and only if (x;, z;) € N(—h). Therefore, the symmetry of the estimator
follows. For small sample size or irregularly scattered points z1,...,x,, where the measurements are
taken, the number of pairs in N (h) will be very small and the estimator of 2+(h) will have large variance.
The practical recommendation is to use h for which |N(h)| > 30. If we are unable to assure this condition,
we divide (similarly as in the construction of histogram) pairs of points into several groups with similar
differences x; — z;. We calculate the mean of variables (Z(z;) — Z(z;))? in each group. In the package
RandomFields we can perform this by calling the function EmpiricalVariogram, in the package gstat [9] by
variogram. Another possibility is to use kernel smoothing with a kernel function k; and bandwidth b:

i (Z(i) — Z(x5)) ko (i — x5 — h)
Zi;ﬁj ky(zi — 2 — h) '

Both smoothed and histogram-based estimator can be computed in the package geoR using variog.

The estimates based on the squared differences (Z(z;) — Z(x;))? are very semsitive to outlying
observations because for them large values are squared making them even larger. Assume that {Z(x) :
x € D} is a Gaussian random field. Then (Z(x + h) — Z(z))? has distribution 2v(h) - x%, which is very
skewed. The fourth root is a suitable transformation that creates a distribution “close” to the normal
distribution, see Figure 2. Instead of (Z(x;) — Z(w;))? we can thus work with |Z(x;) — Z(z;)|'/2. This
leads us to the robust version of the variogram estimator:

25(h) =

4

25(0) = | gy 2o 1200 - ()2 /B<h>,

N(h)

where B(h) = 0.457 4+ 0.494/|N(h)|. The fourth power is there to preserve the proper scale. This
transformation breaks the unbiasedness of the estimator, and so the term B(h) is added. This term
represents the bias correction and ensures approximately unbiased estimator. The robust estimator is
computed in the package geoR by the choice estimator.type="modulus" in variog. Except of reducing the
influence of outliers another advantage of the robust estimator is that the summands are less correlated
than in the case of the classical estimator (4).
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Figure 2. The density of a random variable X with y?-distribution (left) and the density of a random
variable X/4 (right).

If we assume that the random field is weakly stationary, we may also work with the autocovariance
function C(h) = cov(Z(x), Z(x + h)). In geostatistics, the term covariogram is usually used for the
autocovariance function. Then there exists a relation between the semivariogram and covariogram,

v(h) = C(o) — C(h). (5)
The classical empirical estimator of the autocovariance function is

~ 1 _

) = oo S (2(w) - 2)(Z () - 2), (6)
® 2

IN(h

where the sample mean Z = + 2?21 Z(xj) estimates the mean p. The disadvantage is that we have to
estimate p which causes bias of the estimator (6). For this reason the variogram seems to provide better
characterization of dependence than the autocovariance function. However, the autocovariance function

is much more widely used. The estimator of the autocovariance function is symmetric (C(h) = C(—h))
and for h = o we have the estimator of variance:

Rewriting (4) so that we add and subtract Z in each summand, we get

_ ~

2(h) = m ]%) (Z(w) — 2)2 + (Z(25) — 2)] — 2C ().

Therefore, 29(h) # 2(C(0) — C(h)), and so the relation (5) is not preserved if we switch to the moment
estimates. It would be unreasonable to estimate variogram by 2(C(0) — C(h)), i.e. by plugging the
sample covariances into (5) because negative values could be obtained.

Often we assume that the random field is also isotropic. Then the variogram is a function of
distance ||h||. We can exploit this in the construction of estimators. In the histogram-based estimator
we can consider groups of pairs of points with similar mutual distances. In the kernel estimator we use
ky(||zi — x;|| — ||h]]), where ks is a one-dimensional kernel function.

The disadvantage of non-parametric estimates is their larger variance and also the resulting es-
timators do not have to be valid variograms or covariograms. We know that every variogram must
be conditionally negative definite and every covariogram must be positive semidefinite. However, the
estimators 4 and C' do not necessarily have these properties. Therefore, we are now going to study
parametric methods for estimation of variogram and autocovariance function.
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Parametric methods

We select a parametric model for the variogram 2vg(h) or the covariogram Cg(h), where 6 € © is the
vector of unknown parameters. For example, we may consider power model for variogram,

270(h’) :co+th’Haa 0:(007b5a)T5
where ¢y > 0 is the nugget, b > 0 and 0 < a < 2. Our aim is to estimate 6 from data.

Least squares

The first possibility is a curve-fitting method of some non-parametric estimator computed in several

values hg, k =1,..., K. The simplest approach would be to minimize
K 2
> (23() — 2yg(hi))”
k=1

This is the ordinary least squares method. It disregards the correlations among the estimates 25 (hy
and their unequal variances. Put h = (h1,...,hx)", 29(h) = (25(h1),...,29(hk))T and 2vg(h) =
(279(h1),...,27g(hk))T, and consider the statistical model in the form

24(h) = 27g(h) + e(h),

where we assume that e(h) = (e(h1),...,e(hk))T has zero mean and variance matrix V(0), which may
depend on 6. Now we can apply the method of generalized least squares and minimize

(29(h) — 299(h)) "V (0) ' (29(h) — 279 (h))

w.r.t. @ € ©. The problem is how to obtain the matrix V().
Let {Z(z) : « € D} be a Gaussian random field. Then

E(Z(x1 + h1) — Z(21))? =2vy(h1) and  var(Z(xy + h1) — Z(x1))? = 2(2v(h1))?.

In order to express the covariance we use that cov(X?2,Y?) = 202 holds for a random vector (X,Y)7
with bivariate normal distribution such that var X = varY =1 and cov(X,Y) = . Hence,

cov((Z (w1 +h1) = Z(21))?, (Z(x2 + ha) = Z(2))?) = 2(y(21 — @2 + h1) +v(21 — 22 — ho)
—y(x1 —x2+ hy — ha) — (21 — 132))2.
The variance of the estimator (4) is

o) —71 var x;) — Z(x;))?
var 29(hy) = N ()2 N%;)(Z( i) — Z(x;))

1
= NG DD cov((Z(wi) = Z(x;)), (Z(x1) = Z(wm))?).
2,7 l,m
A simple approximation of this variance is

2(27g(hx))?

var 29(hy) ~ N ()]

(7)

This approximation is precise if (Z(z;) — Z(z;))? are uncorrelated. We replace the matrix V'(0) by the

diagonal matrix A(@) with elements given by the relation (7). Then we obtain the weighted sum of
squares

(24(h) — 2y (M) AB)(23(h) — 29p(h) = 3 Q'VNJ(—’;’G))' (3() — g (hi))*
k=1

The estimator of @ by the method of weighted least squares is obtained by the minimization of this sum.
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Mazimum likelthood

The second possibility is to look for an estimator by the maximum likelihood method. For Gaussian
random field with mean p and autocovariance function Cg, the log-likelihood based on data z, =
(2(z1),...,2(x,))T has after multiplying by —2 this form:

—2log L(11,0) = nlog 27 + logdet(C,(0)) + (2, — 1) C(8) (2, — pl,),

where 1,, = (1,...,1)T and C,,(0);; = Cg(x; — ;) depends on the vector € of covariance parameters.
For given 6, L(u,0) is maximized for

fi=(1,C.(0)"'1,)7"1,Cn(6) "z, (3)

It is the generalized least squares estimator. Plugging i into L(u, 8) we get the function of 8 (so-called
profile likelihood), which has to be maximized (mostly by numerical methods). The estimator of p is
then given by (8) with the estimate of 6 inserted.

A popular variant of maximum likelihood is REML — estimator by the method of residual /restricted
mazximal likelihood. This method does not apply the likelihood directly to data but to the residuals. It
relies on finding an appropriate matrix A which linearly transforms data Z,, = (Z(z1),...,Z(z,))" to
Z* = AZ, so that the distribution of Z* does not depend on . The parameter 0 is then estimated
by the maximum likelihood method applied to the transformed data Z*. The choice of matrix A is
not unique. For example, for matrix A of type (n — 1) x n with entries a;; = 1j—; — 1/n, we get
AZ, = (Z(x1)—~Z,...,Z(xn_1) — Z)T the vector of n — 1 differences from the sample mean Z. In this
way we get rid of dependence on p. The estimator of & minimizes the function

logdet(AC,(0)A") + 2 AT(AC,(0)AT) 1 Az,.
Plugging this estimator into (8) we get the estimator of u. In practice, the estimators may be determined
by the functions likfit and variofit in the package geoR or fitvario in the package RandomFields.
Composite likelihood

Composite likelihood method was already mentioned when dealing with parameter estimation in point
processes. Similarly, it can be used for estimation of variogram parameters. Assume that the differences
Z(x;)—Z(x;) have normal distribution. Summing the contributions of log-likelihood over pairs of distinct
points we get the logarithm of composite likelihood:

1
log CL(0) = 27& |:_§ log 477"70(,%1' — ;)

i,j=1,...,n

1 2
- m(z(%) — 2(z;))

We are looking for 6 that maximizes CL(6). So we differentiate w.r.t. components 6, and put equal to
Zero:

D D0 8) L () — a(e))? — 2l — )] = 0.

00, dyg(zs — x5)?

Model validation

Once we have chosen a parametric model of variogram and estimated its parameters, we are interested
how well the obtained model 279 describes the data. In the next subsection we will see how to obtain the

prediction Z(x) of Z (o) together with the prediction error o2(z¢). It depends on the fitted variogram,
data and the locations xg,z1,...,2,. If we are able to get Z(zg), e.g. by additional measurement or
from remaining data that we left for model validation, we may compare the difference between Z(xg)
and Z (z0). These values should be close to each other if the variogram is chosen correctly.

If all data were used for variogram fitting and it is impossible to perform additional measurement, we
can accomplish the cross-validation. We omit the location z; and calculate the prediction Z_ j(x;) from
the n — 1 remaining observations and the fitted variogram 279(11). The corresponding prediction error

is denoted by o2 ;j(x;). We perform this procedure for each j = 1,...,n and calculate the standardized
residuals .
Z(xj) = Z4(x))
o-j(z;)

Their arithmetic mean has to be around 0 and their sample second moment around 1. From the histogram
of standardized residuals we can detect possible extreme values of residuals.
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3.2 Kriging

Again we assume that the observed geostatistical data form a vector Z,, = (Z(z1),...,Z(z,))T. Our
aim is to find the prediction Z(zo) of the value Z(x) that the random field attains at some further
location xy € D. For the methods of spatial prediction based on the minimization of mean squared error
the term kriging is used. It is named after the South African mining engineer D. G. Krige. His paper
[5] dealing with mineral resources is a pioneering paper for the field of geostatistics.

Simple kriging
It is well-known that the mean squared error E[Z(z0) — Z(20)]? is under the assumption of finite second
moments minimized by the conditional expectation E[Z(z¢) | Z,] and the minimum value is E[Z(z0) —
Z(20))? = Evar[Z(z0) | Z,], see e.g. [6], Theorem 7.15. It means that E[Z(z0) | Z,] is the best predictor.
The prediction error can be written as
E[Z(x0) — Z(20)]? = var Z(zo) — var Z ().

In practice the conditional expectation is difficult to determine. Therefore, for simplicity we consider
only linear predictors of the form Z(z¢) = o + B*Z,. Our aim is to determine o € R and B € R” so
that the mean squared error is minimal. From the theory of linear models we know that the solution is

By =Cylen, o= p(x0) = Bj
where 1, = EZ, = (u(e1), .-, i) T, i(0) = BZ(0),
Cn = (cov(Z(xi), Z(25)))ij=1,...n
is the variance matrix of Z,, and ¢,, = (C(zo,%1),...,C(70,z,))T. Hence,
Z(x0) = nlxo) + €1 CL (Zn — )
and the prediction error is
o®(x0) = E(Z(x0) — Z(w0))? = var Z(z0) — cp C,, ey
The technique for obtaining this spatial prediction is called the simple kriging. Even if we haven’t required
it, the prediction Z (o) is unbiased in the sense that EZ(xo) = EZ(z¢). Notice that the prediction error
does not depend on the data. If xg is one of the locations z1,...,2,, then Z(xg) = Z(xo), i.e. spatial
prediction interpolates the data. To make sure that it holds, note that
Z(wj) = plag) + (Clj, 1), Clag, o) CLH(Zn — ), G=1,....m,
which, rewritten for the vectors, becomes
(Z(x1), ..., Z(x,))T =, + CLC N Z0 — ) = Z,.
The simple kriging predictor is optimal for Gaussian random fields.
Lemma 2. Let {Z(z) : © € D} be a Gaussian random field. The best linear predictor Z(x¢) =
w(zo) + erC, (Z,, — m,,) is the best predictor of Z(xo) and
Z(x0) | Zn ~ N(Z(0), E(Z(w0) — Z(0))?),
where E(Z(x0) — Z(20))? = var Z(20) — €FC;, ey,
Proof: The joint distribution of (Z(zo), Z,)T is (n + 1)-variate normal. Conditional distributions in
a multivariate normal distribution are again normal. In our case the conditional distribution of Z(zg) |
Z,, is normal with mean p(zo) 4+ crC;,*(Z,, — p,,) and variance var Z(zo) — cLC;, *¢c,. The best (not
necessarily linear) predictor of Z(xz¢) is the conditional expectation E[Z(zg) | Z,].

O

The best linear predictor is optimal in case of Gaussian model. However, it may have bad properties
when the assumption of normal distribution is violated. In statistics this problem is often settled up
with a transformation of data leading to normal distribution. An example is the so-called Boz-Coz

transformation
22 =1
g (z) = { o A0

logz, A=0.
There exist different methods to select the parameter A. It is also possible to follow the Bayesian approach
and consider A to be random.
We have expressed the best linear predictor. However, it depends on the values p,,, p(zo), ¢, and
C,,, which are unknown in practice. In general we have (n +1) + n + ("‘2"1) unknown parameters that

would have to be estimated from n observations. Therefore, we add some further assumptions.

27



Ordinary kriging

Assume now that the random field has constant and finite mean pu. We look for the linear predictor in
the form

n
Z(wo) =A"Z,, where Y X =AT1,=1,
j=1

where the components A1, ..., \, of the vector A are unknown real coeflicients. The condition that their
sum is one ensures that the predictor is unbiased: EZ(zo) = ATpl,, = u = EZ(x0). The method for
finding the spatial prediction under these assumptions is named ordinary kriging.

For intrinsically stationary random field with semivariogram v we can express the variance of a linear
combination with zero sum of coefficients as follows:

E(Z(x0) — Z(x0))? = B(Z(x0) — ATZ,,)? = var(Z(x0) — AT Z,,)

4,3 i=1

It means that we don’t need to know  in order to determine the predictor Z(zo). To find the minimum
of (9) under the condition A™1, = 1 we can apply the method of Lagrange multipliers. For simpler
notation we multiply the multiplier by 2 and minimize

Q =var(Z(zo) — AT Z,) —2m(AT1, — 1) = - ATC A + 22Ty, — 2m(AT1, — 1),

_____ nand v, = (y(r1 — x0),...,v(zn — 70))T. Differentiate Q w.r.t. A and
m, set the derivatives equal to zero, and obtain

oQ
— = 2T, A+ 2+, —2ml,, =0,
B\ +27, —2m
oQ T
— =-2A"1,—-1)=0.
o ( )
The solution is
1-170',\ "
T ntn Tn —1
1Ir;'1,
Hence, the predictor has the form
T

1- 131—‘;1771

5 -1

Z(xo) = <7n +1, T, ) L. Z,=MZ(x1) + 4+ MZ ().

The coefficients A; are components of the vector (10) and they are called prediction weights. The
prediction weights are typically large for points close to xg. Nevertheless, their precise value depends on
the locations x; and the covariance structure of the data. It can happen that ); is negative or larger
than 1. The prediction error is

(1 — lgrillyn)z

n

0 (o) = E(Z(x0) — Z(20))* = 2T, — AL, A = 47T, 1y, —

" 1Ir;'1,
Similarly we can rewrite Z (z9) for weakly stationary random field using the autocovariance function:
T
A 1-17C e 1
Z(xo)=|en +1,—2—""| C, " Z,.
(an) = ( o)

The prediction error is
(1- 13051%)2
17c;'1,

We see that this error is larger than in the case of simple kriging because the last term is positive. The
larger error is caused by the fact that we don’t know the mean p.

o?(x0) = var Z(zo) — cXC; e, +
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Universal kriging

In this part we deal with the situation when the mean p(x) = EZ(x) is not constant. The simplest
approach is to use a linear model

u(x) =Y Bifi(x),
j=0

where fo(x),..., fp(x) are known observed values of functions f; in points € D and fo,...,[3, are
unknown real parameters. A usual choice for fy is the constant function equal to 1, then [y is an
absolute term. For f;(z) one can consider a polynomial of spatial coordinates of the location x. In this
way it is possible to model for example the linear trend. Another possibility is that f;(x) represents some
covariate. Denote f = (fo(zo),..., fp(20))" and let F' be the matrix of type n x (p + 1) with elements
fi(zi),i=1,...,n,7=0,...,p. If we require the predictor in the form

Z(x0) =ATZ,, where \TF = fT,

we speak about universal kriging. The condition ATF = f' ensures that this predictor is unbiased

because .
EZ(z0) =ATEZ, = ATFB = 18 = u(xo) = EZ(20).

The optimal predictor (minimizing the mean squared error) can be again found by applying the method
of Lagrange multipliers. Analogously as in the case of ordinary kriging we can show that the optimal
prediction weights have the form

AT = (v, + F(F'T;'F)"\(f — F'T;'y,)) T

The corresponding prediction error is
731-‘71771 + (f - FTI‘gl’Yn)T(FTI‘;lF)_l(f - FTF;LYn)

Using covariance the prediction weights could be written as
AT = (e, + F(FTC;'F) M (f - F'C}'e,))” €
and the prediction error as
0?(z9) = Clo) — cXCre, + (f — FTCre )Y (FTC'F) L (f — FTCle,).
By the generalized least squares we can also estimate the parameter 3:
B=(FT'c,'F)"'F'C;'Z,.
The predictor could be also written as
Z(wo) = f'B+ ¢, C. N (Z, ~ FP).

If Z(x0) is uncorrelated with the data, the predictor Z(zo) coincides with the best linear unbiased
estimator of the mean, which is equal to f*3. However, generally the predictor of Z (z0) and the
estimator of EZ(z) are distinct.

Other possibilities

Assume that instead of the prediction of Z(z() we are interested in the prediction of the average value
in some region (block) B,

Z(B) = |Ta/BZ(ac)dyc.

An analogy of ordinary kriging leads to the so-called block kriging. We look for the predictor in the form
Z(B)=>_ NiZ(x),
i=1
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where Y1 | A; = 1. The optimal prediction weights have the form

T 1-17C,"ep ' -1
A <CB +1, lgcglln ) Cn ,
where cg = (cov(Z(B), Z(x1)),...,cov(Z(B), Z(z,)))T. The expression using variogram would look
analogously.

Similarly we may be interested in predicting g(Z(z¢)), where ¢ is a given function. The best
prediction is E[g(Z(x¢)) | Zn]-

Another frequent case is the task of estimating probabilities P(Z(xo) < y | Z,,), where y is a given
real number. We speak about the indicator kriging.

To perform the kriging techniques in R we can use krige.conv in the package geoR or krige in the
package gstat.

3.3 Influence of covariance parameters estimation

The formulas for spatial prediction derived in the previous subsection depend on the values of a covari-
ogram or a variogram that are typically unknown in practice and so they must be somehow estimated. We
have already mentioned basic approaches for the estimation of parameters for variogram or covariogram.
We put the estimates of the parameters into the parametric formula of the corresponding function. In
this way we obtain the so-called plug-in estimators. The procedure goes in the following steps:

1. we select a parametric model for variogram vg(h) or covariogram Cg(h),

2. we estimate the parameter 0,

3. we adjust the statistical inference to take into account that instead of the constant 8 we work with

the random variable 6.

The plug-in predictor for ordinary kriging has the form

5 AT
A p 1-17C,(0) tc,(6) p
Z(x0) = | cn(0) + 1, o C.(0)7'Z,.

(o) ( (6) o (6)
It is no longer the best linear unbiased predictor (BLUP) of Z(zo). It is just the estimator of this
predictor (i.e. EBLUP = estimated best linear unbiased predictor). While the prediction error of Z(xg)
is

(1- lgcn(a)_lcn(e)y
1Tc,.(0)-1, ’

C(0) — cn(0)TC,(0) e, (8) + (11)

the prediction error of Z (z0) is unknown. If we plug 6 into (11), we get the estimate of the prediction
error of Z(xg), i.e. of different predictor than we in fact use. This estimated prediction error has tendency

to underestimate the true prediction error of Z (z0) because we neglect the fact that random 6 introduces
further variability into the EBLUP.

Return back to the case of universal kriging, where we consider the model Z(z) = F(z)T3 + e(x),
where F(z) = (fo(x),..., fp(z))" and {e(z) : € D} is intrinsically stationary random field with the
variogram parameterized by 6. It would be unreasonable to use empirical estimate of 8 from the data
Z, = (Z(z1),...,Z(x,))T because it is substantially biased. The bias of (4) is caused by the fact that
Z(x) does not have constant mean. Therefore, E(Z(x;)—Z(x;))? = var(Z(z;)—Z(z;))+ (p(z;) — pu(z;))%
We would need a variogram estimator for {e(z) : € D}, but the error random field {e(z) : = € D}
is unobservable. If 3 was known, then e(z) = Z(x) — F(2)T3 and we would be able to estimate
from e, = (e(z1),...,e(z,))T. However, the parameter 3 is unknown. If the field {e(x) : © € D} is
weakly stationary with autocovariance function Cg(h), we get the estimator of 3 using the method of
generalized least squares,

B=FTC,0) 'F)'F'C,(0)'Z,. (12)

Nevertheless, this estimator requires knowledge of the parameter 6. It means that we are not able to
reasonably estimate 8 without knowledge of 3 and on the other hand to estimate 3 we need an estimator
of 0. This situation is referred to as the cat-and-mouse-game of universal kriging.

A possible solution is the iteratively re-weighted generalized least squares method. It is defined by
the following steps.
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1. obtain an initial estimator of 3, independent of 8, e.g. by ordinary least squares method: B =
(F*F)'F'z,,
calculate the residuals r = — FB,
estimate a parametric model of the variogram or covarlogram of residuals and obtain 0
determine the new estimator 3 as 3 = (F'C,(0)"*F)'F'C,(6)"'Z,,
5. repeat steps 2.—4. until relative changes of the estimators 3 and 6 are small.

The estimator of variogram is biased though the bias is not caused by non-constant mean but by esti-
mating the variogram of residuals and not the variogram of {e(x) : € D}.

A theoretical study of this procedure is intricate. It is not assured that the estimates converge to
the theoretical parameters.

Another possibility is to use the maximum likelihood method to estimate both 8 and € simultane-
ously. For example, for a Gaussian random field {Z(z) : « € D} the log-likelihood has the form

=N

log L(3,0) = —g log 27 — %log det C,,(0) — %(zn —~FB)'C,.(0)" (2, — FB).

For a fixed 0 this function is maximized for 3 given by (12) with the vector Z,, replaced by the observed
data z,. Substituting this to log L(3,60) we get a function of @ (profile likelihood), which has to be
maximized numerically.

3.4 Bayesian approach

In the classical approach the best prediction based on the observed data z,, is E[Z(xo) | Z,, = z,] and its
error is Evar[Z(x¢) | Z,]. Often we are rather interested in the whole conditional distribution of Z(zo)
given Z, = z, than only in its mean and variance. This distribution is known as predictive distribution.
In the Bayesian approach the predictive distribution is equal to the posterior distribution of Z(zg).

Recall that in Bayesian statistics parameters are considered to be random. It means that there is no
difference between prediction and parameter estimation. The Bayesian approach is based on the com-
bination of historical information about the unknown parameters 8 and observed data z,. Information
about the parameters is given in the so-called prior distribution with density p(0) w.r.t. o-finite measure
v on the parametric space ©. Let Z,, given 0 have a density f(z, | 8). Then the posterior distribution
of @ given Z,, = z,, is given by the Bayes theorem

f(zn | 0)p(6)
Jo f(zn | 0)p(6) v(d6)’

provided that the denominator is positive. This relation is shortly written as

p(0 | zn) < f(2zn | 0)p(0). (13)

PO | zn) =

The symbol « denotes equality up to a multiplicative constant.
Spatial prediction using Bayesian approach is denoted as Bayesian kriging. For the prediction of
Z(xo) we get the predictive density by integrating over :

F(z0 | 2a) = /@ F(20,0 | z) 1(d6) = /@ F(20 | 20, @)p(0 | 1) v(d6). (14)

For known 6 the result is the same as in the classical approach. The advantage of the Bayesian approach
is that it takes the uncertainty about model parameters into consideration. The form (14) of predictive
density is mostly quite complicated. Therefore, the MCMC method are used. They enable to generate
a sequence 0(1), cee 0" from the posterior distribution with density p(6 | z,). Then the average

T
Feo | 20) = 5 7 flao | 2,607)
i=1

gives an approximation of the predictive density f(zo | z,). In practice the calculation of this approxima-
tion is usually accomplished in the following way. For each 2 generate zéz) from the distribution with

density f(zo | zn, O(i)). Then zél), cey z((,T) is a sample from the predictive distribution and depiction of
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the corresponding histogram or the kernel density estimator gives approximate shape of the predictive
density. Another possible approach for the determination of the predictive density is at hand when we
are able to calculate the posterior density p(0 | z,) and p(0 | z,, 29). Then we can exploit the relation

NS (CAE N
f(z0| zn) = f(20 | ”’0)p(0|zn,2’0).

Ezample: Consider the linear model
Z(x) = F(x)"B +e(x), €D,

where F(z) = (fo(z),..., fo(x))T is the vector of covariates, 8 = (Bo, ..., 3,)T is the vector of regression
parameters with prior distribution N,41(m, Q) and {e(z) : * € D} is a weakly stationary zero mean
Gaussian random field with autocovariance function C(h). Assume that we know the vector m, matrix Q
and function C. Our aim is the spatial prediction of Z(z) based on the data Z,, = (Z(z1),..., Z(z,))".
Denote C, the matrix with elements C(z; —x;), 4, j = 1,...,n, and F' the matrix of type n x (p+1) with
elements f;(x;), i =1,...,n,j =0,...,p. Further assume that both @ and FTCT:lF have full rank.
Since the normal distribution is a conjugate prior for a normally distributed data, the posterior distri-
bution is multivariate distribution. More precisely, 3 | Z,, is distributed according to N,+1(m*, Q"),
where

m' =(Q 7+ FICF)N(FIC,'Z, +Q'm), Q" =(Q T+ FCF).

The joint distribution of (Z,,, Z(70))T is multivariate normal N,,;1(F 03, Cro), where

7o~ (i)

and
Cn cn
Cn()(CE C(O)),
cn = (C(xg —x1),...,0(x0 — 2,))". The predictive density may be obtained from the expression

f(z0 | 2n) = / f(z20 | 20 B)P(B | 2n) dB,

where p(B | z,) is the density of Npi1(m*, Q") and f(zo | zn,) is the normal density with mean
F(z0)"B+crC; (2, — FB) and variance C(0) — cL C; ‘¢, as we know from Lemma 2. After straight-
forward (though somewhat lengthy) calculation we find out that the predictive distribution is normal
with mean

(F(z0)" — et C'F)Q*Q 'm + [} Ct + (F(20)T — crC,'F)Q*F'C, '] Z,

and variance

C(o) — cECglcn + (F(aco)T — CEC;lF)Q*(F(l‘o)T — cnglF)T.

In practice we don’t know the function C. However, we may use some of the parametric models
(e.g. Whittle-Matérn). Then we specify an appropriate prior distribution for parameters of the autoco-
variance function and derive the corresponding posterior distribution.

Geostatistical models that we have considered could be understood as two-stage hierarchical models.
In the first stage of hierarchy we model the dependence of the data on random effects. Specifically,
a random field Z = {Z(z) : € D} is prescribed conditionally on e = {e(z) : « € D}. In the second
stage of hierarchy we model the distribution of random effect, i.e. the unobserved random field e.

In the Bayesian approach we have three basic random objects, apart from Z and e it is also the
vector @ of unknown parameters. We get a three-stage hierarchical model:

1. Z|8,e,
2. el6,
3. 6.
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A particular example is the model described at the universal kriging and used also in the previous
example:

Z(x) = F(2)T 8 + e(w).

Assume that the residual random field {e(x) : € D} is a centred stationary Gaussian random field and
it can be written as the sum of a spatial component and a white noise:

e(z) = W(x) + e(z),

where W = {W(x) : ¢ € D} is a centred stationary Gaussian random field with the autocovariance
function Cyy (h; 02, ¢) = 0?p(h; ¢) and {e(z) : © € D} are uncorrelated random variables having normal
distribution with zero mean and variance 72. It means that the semivariogram of the random field e is

76(h’; 025 T25 ¢) - 7_21[}1750] + 02 (1 - p(h’a ¢)) :

It is parameterized by nugget 72, partial sill 02 and correlation parameter ¢ which appears in the
autocorrelation function p(h;¢) of the random field W. The vector of unknown parameters is thus
0 = (8Y,0%,72,¢)T. Then Z given 6 and W is a Gaussian random field with mean F(z)T8 + W (z)
and autocovariance function Cyzy (h; 72) = T21[h:0]. Notice that Z | 8, W does not depend on ¢? and
¢ at all. In the second stage of hierarchy we specify W that conditionally on 6 has a centred stationary
Gaussian random field with the autocovariance function Cy (h;0?,¢), i.e. W does not depend on 3
and 72. The third stage requires determination of a suitable prior distribution for 8. The graphical
illustration of this hierarchical model is shown in Figure 3. Usually the components of 6 are taken to be
a priori independent, i.e. the prior density is

Appropriate candidates for the choice of marginal prior distributions are multivariate normal distribution
for 3, inverse I'-distribution for 02 and 72 (i.e. 1/02 and 1/72 have I-distribution). The choice for ¢
certainly depends on the form of the variogram, e.g. for the exponential model p(h; ¢) = exp{—¢||h||)}
a prior distribution for ¢ is often taken to be I'. The described model may be also formulated as two-
stage. We utilize that Z | 6 is a Gaussian random field with mean F(z)*3 and the autocovariance
function

CZ(h’a 027 7_27 ¢) = 7_21[}7,:0] =+ O—zp(h7 ¢)

Figure 3. Representation of the three-stage hierarchical model.

Assume that we observe the vector z,, = (z(71),...,2(z,))T. The Bayesian estimate of the param-
eter is then obtained from the posterior density p(@ | z,) given by (13), where in this case f(z, | 0) is
the density of n-variate normal distribution with mean F*3 and variance matrix 721,, + 0> H(¢). Here,
F = (fj(xi)):,; is the matrix of type n x (p + 1), I,, is the identity matrix of size n and H(¢) is the
matrix of type n x n with elements p(z; — x;;¢), 4,5 = 1,...,n. We may as well use the three-stage
hierarchical model and express the posterior density as

p(0,wy, | zn)  f(24 | 0, w,)p(w, | 0)p(0),

where f(z, | 6,w,) is the density of n-variate distribution with mean F’ 3 + w,, and variance matrix
721, and p(w, | 0) is the density of n-variate normal distribution with zero mean and the variance
matrix 02H (¢). However, in this way the number of parameters increases by n components of the
vector w, = (w(x1),...,w(r,))T. In practice MCMC methods (in particular, Gibbs sampler) are used.
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The form (13) is preferable because the variance matrix 721,, + 02 H (¢) behaves better than the variance
matrix 02 H(¢). This could be illustrated on the situation when the points z; and z; are close together.
Then the matrix o2 H () is close to a singular matrix while 72I,, + 02 H(¢) is not.

Estimation of the parameters w,, corresponds to the reconstruction of the spatial surface W in the
measurement points x1,...,x,. Similarly, we can be interested in the prediction of W (xg) for distinct
choices of xy. According to the relation

p(wn | 2n) = / / p(wn | 0%, 8)p(0?, & | 2a) do® dg,

we may obtain the posterior distribution of W,, = (W (x1),..., W(x,))T from the posterior distribution
of (02, ). Recall that in our case, p(w,, | 02, ) is the density of n-variate centred normal distribution
with variance matrix o2 H($). Let ((02)®),¢®) be the output of MCMC algorithm which generates
samples from the distribution with the posterior density p(c2?,¢ | z). Then it suffices to generate
vector w!! from the distribution with the density p(w, | (02)®,¢®) which gives us output from the
distribution with the density p(w,, | z,).

4. Lattice data

4.1 Modelling and estimation for areal data

By areal data we mean that values associated with some geographical region (county, district, country,
etc.) are recorded. It is convenient to model these data using random fields on a lattice. The sites of
lattice L correspond to individual regions. The neighbourhood relation ~ may be defined in such a way
that two regions are in the relation ~ if and only if they share the common boundary. The data are
often formed by counts of certain event (e.g. number of infected people, number of criminal acts). The
modelling of discrete spatial data may be based on generalized linear models.

Let Z = {Z; : i € L} and W = {W; : i € L} be random fields on lattice L. Assume that
conditionally on W, the Z; are independent random variables with mean E(Z; | W) = p;. Next consider
function h (so-called link function) and assume that

h(wi) = F{ B+ W,

where F; = (foi,..., fpi)T is the vector of region-specific covariates and 8 = (8o, ..., [,)" is the vector
of regression parameters. This enables non-linear relationships between data and covariates. For binary
data the usual choice of h is the logit function h(u) = log T_‘“—H Random field W models spatial variation.
It captures spatial dependence present in the data. We can use e.g. one of the Gaussian models (CAR,
SAR, SMA, SARMA).

The most common approach when modelling the number of events is to use the Poisson model.
Assume that Z; | W has Poisson distribution with parameter E;0;, i € L. Here, E; is supposed to be
known and it represents the expected number of events in the region i. As a link function we use the
logarithm and we obtain the linear model for 6;:

logt; = —log E; + F} B+ W;.

Spatial epidemiology is one of the main fields where this model is used. In this case Z; represents
the observed number of cases of some disease in region ¢ and FE; is the expected number of cases, which
can be known from some additional information about the problem or may be some known function of
n; people at risk of the disease. For example, we can have F; = rn; where r is the overall infection rate
in the whole population. It can be estimated by the ratio

ZieL Zi
Dier M

This choice means that we expect the same infection rate in all regions. The value 6; is the region-
specific relative risk. It gives the true relative risk of the infection in region i. As a covariate we can
imagine e.g. the level of air pollution which will have an important contribution when studying respiratory
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diseases. We can also view the whole situation as the hierarchical model and use Bayesian methods to
make the statistical inference.

Now we consider a different model that specifies the joint distribution. Let {Z; : i € L} be a Markov
random field with density p(z;0) parameterized by finite-dimensional vector 6. For discrete data the
density is equal to the joint probabilities P(Z; = z;,i € L), z = (2,4 € L). For continuous data it is the
joint density w.r.t. n-dimensional Lebesgue measure.

The maximum likelihood method is one of the most popular statistical methods for estimating the
parameters of a model. We find a value @ at which the likelihood function L(8) = p(z;6) attains its
maximum. Here z = (z;,4 € L) are observed data.

If we have a Markov random field with Gibbs distribution then

} _ exp {_ >cec.ozp Polze, 0)}
[ exp {— Y cecior0 ®olzo, 9)} J(d2) :

L(0) = p(z;0) = exp {— Z De(z0,0)

ceC

where C is the system of cliques (subsets of L for which any two sites are neighbours). The problem is that
the normalizing constant depends on 8 and it usually has very complicated form. There exist methods
for approximation of the normalizing constant by means of simulations (mostly MCMC methods). Then
we maximize this approximated likelihood function.

More similar procedure is to consider so-called pseudolikelihood

—Yceccroicc olze, 0)}
C(Zai, 0) ’

Lp(0) = [ [ p(zi | z0::6) = [ | Xp{

i€L i€l

The normalizing constant ¢(zg;,0) is often easier to express (in the discrete case it is the sum of |5
terms, where S is the state space of the random field). If we enumerate the elements of L by 1,...,n,
then the likelihood can be written as

L(6) = p(z1 | 22, -, 2n;0)p(22 | 23, ., 203 0) -+ p(2n—1 | 2n; 0)P(20; 6).

Replacing the conditional densities p(zx | zk+1,--.,2,;0) by full conditional densities p(zx | z_x;0),
which are equal to p(zx | zox; @) thanks to the Markov property, we obtain the pseudolikelihood Lp(8).

The maximum pseudolikelihood estimator belongs to the class of estimators that are known in
statistics as M-estimators. Generally, an M-estimator of 6 is obtained as the maximum of contrast
function o(Z,0). In the classical situation of the maximum likelihood estimation for the sequence of
i.i.d. random variables we have

0(z,0) = logp(z:;0).
=1

In our case we get
0(,0) =Y logp(zi | z0i;0).
1€L
4.2 Testing of spatial autocorrelation

Recall that for a random field Z = {Z; : i € L} with constant mean EZ; = p and constant variance
var Z; = 02 we have defined Moran’s I by the relation

n ZieL Z_jeL wij (Z; — Z)(Zj - Z)

I frd —
w ZieL(Zi - Z)?

and Geary’s c as
_n—1 Dier 2ojer Wi (Zi — Z;)?
2w ZiEL(Zi - Z)z ’
where w;; are spatial proximity weights (i.e. we require w;; = 0ifi = jori o~ j)andw =, ZJEL Wij.
For the computation of Moran and Geary index one can use functions moran and geary, respectively, in
the R package spdep.
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These characteristics can be used as test statistics for testing the hypothesis of no spatial autocor-
relation in data. Denote by M one of these test statistics (either Moran’s I and Geary’s ¢) and by M
this test statistic computed from data.

Let us consider two different assumptions that correspond to the null hypothesis:

a) randomness assumption: all n! permutations of observed values at n sites of L have equal probability
1/nl,

b) Gaussianity assumption: random field Z is formed by independent random variables with normal
distribution N (u,0?).

One of the following three approaches is usually used for testing under the randomness assumption.

1. permutation test: The null hypothesis Hy means that the observed values Z;, ¢+ € L, are assigned
completely at random. For n sites we have n! possible assignments. If we compute M for all n!
possibilities, we obtain the distribution of M under Hy. Then we can determine the probability that
the value M, is exceeded. Both large and small values of this probability indicate against Hy (if
we consider two-sided test).

2. Monte Carlo test: Even if n is not very large the corresponding number of permutations could be
huge. Instead of calculating M for all permutations we can generate k random permutations and
construct the empirical distribution of M under Hy. Larger k means better approximation of the
true distribution under Hy. We take together M,;s with k values of M from generated permutations
and order them from the smallest to the largest. For extreme rank values of M5 the null hypothesis
should be rejected. For example, if k& = 999 we reject Hy on the level 5% when the rank of M is
between 1 and 25 or between 976 and 1000.

3. asymptotic test: Denote by E,.M and var, M the expectation and variance of M under Hy and
randomness assumption, respectively. These first two moments can be determined analytically.
Since one can often show the asymptotic normality of M, it suffices to compare

Mobs - E’I‘M
v/var, M

with quantiles of the standard normal distribution N(0,1).
Under the assumption of Gaussianity it is not difficult to express the expectation and variance of M
when Hy holds. Denote these moments by E,M and vary M, respectively. Again we can consider the
asymptotic test and compare
Mops — EgM

\/varg M

with quantiles of the standard normal distribution N (0, 1).

It can be shown that E,/ =E, ] = fﬁ and Eg;c = E,.c = 1. The expectations are the same when
assuming randomness and Gaussianity. However, the formulas for variances differ (see [2]). Moran’s and
Geary’s statistic can be interpreted as follows: if I > EI or ¢ < Ec, then the lattice site has the tendency
to be connected to the site with similar value of the random field. It corresponds to positive spatial
autocorrelation. On the contrary, if I < EI or ¢ > Ec, the values at neighbouring sites have tendency to
be dissimilar. Therefore, we can also consider one-sided variants of the test against the alternative that
the spatial autocorrelation is positive (or negative).

5. Appendix

5.1 Random censoring

Assume that T3, ...,T,, are independent and identically distributed non-negative random variables with
distribution function F. Our aim is to estimate F. If we observe all values of T1,...,7,, the most
natural estimator of F' is the empirical distribution function

. 1 <&
Fu(t) = ~ Zlmgt], t>0.
=1

However, in some situations we don’t have information about all T;. In particular, T; could represent the
times to some event and their observation is prematurely interrupted. A typical example is the medical
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study of the influence of some treatment to the survival of a group of patients. Some of the observations
are incomplete because the patient moved away or the time reserved for the study expired. Another
example comes from the reliability theory where we measure the times to the breakdown of some product.
Except of the random variables T; (so-called survival times or life times) we also consider random
variables C1, ..., C, (so-called censoring times). We observe the random sample (Tl, Dy),..., (Tn, D,),
where TZ = min(7;, C;) are censored survival times and D; = l[TiSC'L] are indicators of non-censoring.
For D; = 1 we observe the true time 7;. while for D; = 0 the censoring happened and we have only
partial information about T}, namely T; > T;. In the case of random censoring we assume that Cy,...,C,
are i.i.d. random variables, independent of T7,...,T,. Then the non-parametric maximum likelihood
estimator of F' is the Kaplan-Meier estimator introduced in [4] and defined as

FKM(f):l—H<1—#{i:Ti:S,Di:1}>.

o<t #{i:T;, > s}

The product effectively consists only of finitely many terms that correspond to the times s at which some
life time is realized. The estimator Fxs(t) is always a non-decreasing and right-continuous function.
Its limit as ¢ — oo could be strictly smaller than 1. This happens when the largest observed value is
censored.

The intuitive explanation of the Kaplan-Meier estimator is the following. Divide the interval [0, )
into smaller intervals [0,¢1), [t1,%2),. .., [tk,t). Then
1—F(t) :]P)(Tl >t) :P(Tl >t | T ka)-P(Tl >ty |T1 > tk_l)---]P)(Tl > to | T Ztl) -P(Tl > tl),
where the conditional probabilities

P(Ty 2t [Ty > tj1) =1 =P (Ty € [tj—1,8;) | T1 = tj-1)

could be estimated by

#{i: Ty € [tj—1,t;), Di =1}
#{Z . Tl Z tjfl} '

Making the intervals [t;_1,t;) smaller we get in the limit the expression g (t).

1—
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