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A Space-Time Survival Point Process for a Longleaf 
Pine Forest in Southern Georgia 

Stephen L. RATHBUN and Noel CRESSIE* 

A marked spatial point pattern of trees and their diameters is the result of a dynamic biological process that takes place over time as 
well as space. Such patterns can be modeled as realizations of marked space-time survival point processes, where trees are born at 
some random location and time and then live, grow, and produce offspring in a random fashion. A model for a marked space-time 
survival point process is fit to data from a longleaf pine (Pinus palustris) forest in southern Georgia. The space-time survival point 
process is divided into three components: a birth process, a growth process, and a survival process. Each of the component processes 
is analyzed individually, from which conclusions regarding the dynamic ecological processes can be made. By using this reductionist 
approach, questions concerning each individual process can be addressed that might not have been answerable otherwise. 
KEY WORDS: Birth process; Competitive interactions; Cox process; Growth process; Space-time autologistic regression; Space- 

time logistic regression; Survival process. 

1. INTRODUCTION 

Marked point patterns formed by the locations of events 
in a region A C R'd and associated measurements are often 
the result of dynamic processes that occur over time as well 
as space. For example, the marked point pattern of trees and 
their diameters evolves over time as new individuals are born 
and extant trees grow and die. Previous published attempts 
at modeling spatial point patterns have usually had data 
available only at a single instant of time, thus ignoring the 
temporal component. Consequently, these models often suf- 
fer from identifiability problems; widely divergent models 
can generate identical realizations (e.g., Bartlett 1964; Cliff 
and Ord 1981, pp. 90-92; Diggle 1983, pp. 58-59; Gurland 
1957; Westcott 197 1). No statistical analysis can distinguish 
between such models. Dynamic space-time models are less 
susceptible to this problem. Although different models may 
yield identical realizations at a given instant of time, real- 
izations of such models may diverge over time. 

In this article we use a reductionist approach to modeling 
space-time marked point processes. This involves decom- 
posing a marked point pattern into its components and 
modeling each component separately. Assume that the 
marked point pattern is realized from a space-time survival 
point process, a class of marked point processes with com- 
ponents governing births of events, growth of their marks 
over time, and their survival. In ecology, this model can be 
used to describe the birth of trees, diameter-growth of trees, 
and thinning due to tree mortality. By modeling each of 
these individual dynamic processes, we hope to gain an un- 
derstanding of the global process that would not have been 
possible from analyzing the superposition of the three pro- 
cesses. 

Our approach is implemented on data from an old-growth 
longleaf pine (Pinus palustris) forest in southern Georgia. 
A detailed description of these data can be found in Section 
2 and in the article of Platt, Evans, and Rathbun (1988). 
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Sections 3, 4, and 5 model the spatial birth, growth, and 
survival processes. Section 6 presents conclusions. 

2. THE DATA 

The data are from the Wade Tract, an old-growth longleaf 
pine forest in Thomas County, Georgia. From 1979 to 1980, 
the locations of all trees at least 2 cm diameter at breast 
height (dbh) were mapped in a 50 ha region of the Wade 
Tract. Trees were censused annually for mortality between 
1979 and 1987. In 1983 and 1987, recruits (i.e., trees that 
were less than 2 cm dbh in previous censuses but had 
achieved at least 2 cm dbh) were added to the mapped data 
set. Diameters of all mapped trees (?2 cm dbh) were mea- 
sured in 1979, 1983, and 1987. 

In this article, methods for modeling a space-time survival 
point process are illustrated on a 200 X 200 m portion (i.e., 
4 ha) of the mapped forest; let A denote this region. A map 
showing the locations and relative diameters of all pines in 
A is presented in Figure 1; the data have been provided by 
Rathbun (1990). This section of forest was chosen for its 
relatively gentle topography, for its absence of notable dis- 
turbances, and because all sizes of trees are present. To avoid 
edge effects in our analysis, the locations of trees outside A, 
but within 50 m of its border, were also used (when necessary) 
in fitting the models. Let A+ denote the union of A with this 
50 m wide guard region. 

The salvage of dead timber prior to 1979 has resulted in 
the disturbance of the ground cover along paths where logs 
were dragged out of the forest. It was evident that births of 
longleaf pines were positively dependent on these disturbance 
paths. Figure 1 also includes locations of these disturbance 
paths; these data also were provided by Rathbun (1990). 

Platt et al. (1988) divided the trees into three size classes: 
juveniles (trees < 10 cm dbh), subadults (trees 10 to 30 cm 
dbh), and adults (trees ? 30 cm dbh). Trees recruited into 
the population between 1979 and 1987 comprise a fourth 
size class; call these recruits. In what follows, the classification 
of a tree into a given size class is based on its dbh in 1979. 

? 1994 American Statistidal Association 
Journal of the American Statistical Association 

December 1994, Vol. 89, No. 428, Applications & Case Studies 
1164 

This content downloaded from 130.130.37.84 on Thu, 09 Apr 2015 05:56:47 UTC
All use subject to JSTOR Terms and Conditions

http://www.jstor.org/page/info/about/policies/terms.jsp


Rathbun and Cressie: Space-Time Survival Point Process 1165 

oo o A o 4X *. o . 0 

00 00 

CY 
0 0 

0 0000 0 0 00 0 

0.ge. 
0 0 SP0A0 0 

0 0 0 0 0 

Birhsof logla 0ie ocu eiodial;vrag 

0 0 
00 0 00 . 

0 .~~~~~~~~ 

0 0 X 

0 0 o 0 0 0 .000 

0 0 0 0 

00 X 0 0 s 

0 000 
00 0 0 0 0 

0 . 0 o 00 

0 0 
0 0 0 .~~~~~~000 

0 0 ~ ~ ~ 0 
OC 0 0 00 

0 0 0 
00 

0 Q 0 0 0 

0 0 0 b e To 0 0 

0 0 0~0 o 
0 000 

000 0 0 0 
& 0 o 00 

ofigr 1.baMap ofes adll LongeaPies, and disturbance paths inu979ine 
ofthes 200on Xu 20hi 0 m StdoRgofAh circls aorederaw proprtional toe 

treyodiameltersan199 Texdiectio notoifowr the r ight sideem of thelags 

Beirthsg ofe longlatinf pines occu tepreisodically vher large 
nmberse rgofB indvdas arven bon eveury 52 o1.easn 
very fwBirths Poccur boetwelpsds(utik11) e 
Twee 1979ia loandon 197o6freswr recruited iuaulsnto authe pop- 

aulationaunder sptudy. Mosnt ofter these rerits (59sute tof 66)a 
wrealiftound in a 150lXi120imtegsaion pinth northwessIt corner 

apofrtt00 X00 m stude at B dente thi mall 

tvreion.the sproesatia locationseo recruitanosly in Bcwiltbeased to 

mode Ogthebrhprcs.T avoidneur edge5) effectsy,evnso theloain 
ofsubadult trees adult troeses, anecde distubanc paths outsuide 

inocfitting bithi rcsmodl.Adstneoe0.swl 
beyondthe latra extndorentnlye of the rosytyemso theslargbestb 

deicting the77 locatiosto thtreesuinthe arego Blsee and theaga- 

mente reio B+i ie iiue2 
3. Brt Prcs Mode 

thgue models of Brlown,gSlvermaPn,s and Miltrbne (1981) Diggle9i 
and Co0x (1981),ud Deiggl AndTh Mirlnes (193) Isham (1984),nat 
aneediOamtar and179 Tanemuiracio (1985) Cletoarly tevengtsid of the 

sumbadul afndivadualtproese porecd eventsof the recruitan 
perocfess binrtime. rbtwe psde Btrck11 e 

Resionultseo secod-.orde analyeseso rcuthe type described6b 

reipley (1977 suggest thcatioso recruits are clusterbed aned nega 

tively dependent on the spatial locations of subadult and 
adult trees (Rathbun 1990, part II, sec. 5.2). In addition, it 
is apparent that recruits tend to occur close to disturbance 
paths. Therefore, the recruit process is modeled conditional 
on the observed locations of subadults, adults, and distur- 
bance paths. Previous analyses suggest that an inhomoge- 
neous Poisson process model does not adequately describe 
the observed intensity of clustering among recruits (Rathbun 
1991). Such a model predicts a high intensity of recruits in 
forest openings where few or no recruits actually are present. 
This suggests that other unmeasured environmental variables 
(e.g., ground cover vegetation, intensity of controlled burns, 
soil characteristics) may also influence patterns of recruit- 
ment of longleaf pines. In what is to follow, the effects of 
these random and unmeasured sources of variation are 
modeled via a Cox process. 

Assume that subadult and adult trees are fixed at their 
observed locations, and that the locations of recruits are re- 
alized from a nonstationary Cox process (e.g., Cox 1955; 
Diggle 1983, pp. 57-60) on the region B with random in- 
tensity function 
A(u; f,) = exp{f3o + f3id(u) + f22W(u) + I'(U)}; 

u E B, (1) 
where d(u) is the distance between the point u and the nearest 
disturbance path, W(u) measures the intensity of interactions 
with neighboring subadult and adult trees, and the stationary, 
zero mean Gaussian random field T(u) models the effects 
of unknown or random sources of environmental variation. 
Because inhibition of births by adults and subadults should 
be strongest near adult and subadult trees, W( ) should be 
a decreasing function of the distances to those large trees. In 
the following, assume that 

W(u)= l/r (u), (2) 
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where ri (u) is the distance to the ith neighbor (subadult or 
adult) of the point u and the sum is over all subadult and 
adult trees within 30 m of the point u. To avoid edge effects, 
the locations of subadults, adults, and disturbance paths in 
B+ are used to compute (2). 

The random field T(.) is said to be Gaussian if for any 
finite collection of sites { ui E B: i = 1, . . . , m }, the joint 
distribution of { 'I(ui): i = 1, . . ., m } is Gaussian (Adler 
1981). To facilitate parameter estimation, 'I( ) will be ap- 
proximated by a discretized random field I, (* ), defined as 
follows. Partition the rectangular region B into a regular grid 
of contiguous square quadrats of side e. Let { uij: i = 1, .... 
Me; ] = 1 ... , Ne } denote the quadrat centroids and let duij 
denote the set of points in the quadrat containing uij. Then 
T( * ) is approximated by iPe( ), where each realization 1e *(. ) 
of 'I'(.) takes on constant values {J'u(uij)} within the 
quadrats {duij}. There is some precedence for using such 
approximations; Ogata and Katsura (1988) used spline 
functions to represent the first-order intensity of a marked 
inhomogeneous Poisson point process. 

The random field 'I',(*) is modeled through the condi- 
tional distributions; specifically, assume a Gaussian Markov 
random field, 

4/,,,(uij) l{Je(upq): (p, q) 7 ( i j)} 

M, N, 

t ~N 71 I Cijpq?/c(Upj, 'r2J (3) 
p=1 q=1 

1 ,... , Me,]:= 1 ... , Ne, where y is an unknown spatial- 
interaction parameter and 

Cijpq = exp { - 11 uij - Upq 12 }, 

if(p, q) * (i,j) l i-pl ' , and I i-ql < 6 

= 0, if otherwise 

for some integer a > 0 (Besag 1974). The choice of pairwise 
interactions that decay exponentially with squared distance 
was made in an attempt to induce some smoothness in the 
realized intensity function. Although this model does not 
converge to anything reasonable as e -- 0 (Moran 1973), 
there is no inherent need for it to do so. Importantly, its 
conditional specification permits the exploitation of the 
Gibbs sampler for computation of certain required condi- 
tional expectations during parameter estimation (see Sec. 
3.2). The most flexible model is achieved by taking e to be 
as small as possible, but it should not be allowed to be smaller 
than the precision at which locations of events are mapped. 
The choice of a < oo reduces computational costs. 

The joint density of 'I'e(*) is 

M, N, 

f(i ;, T >2 7) = (2wT)-MMNeI2 I H {1 + 7y - 
i=1 j=1 

X exp{l- 2 2 <(( 1 + 'Y)I - ZCx 0 r+} 

(4) 

(D Cy is the Kronecker product of the respective Me X Me 
and N, X N, Toeplitz band matrices, whose ( i, j)th elements 
are equal to exp{-Ii -jle2} when 0 < li-jl <?b and 
equal to zero otherwise. The quantities { (X: i = 1, . . ., Me } 
and { Dj: j = 1, . .. , N, } are the eigenvalues of the matrices 
Cx and Cy. Conditional on Ie( * ) = 4, e( ), the locations of 
events are realized from an inhomogeneous Poisson process 
(Diggle 1983, pp. 52-53) with intensity 

exp{3o + 31d(u) + 32W(u) + ce(U)}. 

Let p(uij) denote the number of events in the quadrat duij. 
Then the conditional probability distribution of the quadrat 
counts is 

M, N, 

h{ (p1 )/e; 13} = exp{ I { Ip(ui)(A(uij) 
J=I j=I 
+ /e(Uij) + 2 log e) - e2exp(A(uij) 

+ ?/e( uij)) - log (P(uij)!}} (5) 

where A(u) 3i0 + 31 d(u) + 32W(u). The joint probability 
distribution of the random field We and the quadrat counts 
So can then be obtained from 

P(4'e (o; 13, T2, -y) = h((e; 3) f(Ie; T2, 5y). (6) 

3.2 Parameter Estimation 

Because the realization of the random field ?te(*) is not 
observable, parameter estimation can be regarded as an 
incomplete-data problem. Therefore, the following modifi- 
cation of the EM algorithm (Dempster, Laird, and Rubin 
1977; Qian and Titterington 1989; Rathbun 1991) was used 
to estimate 0 (3 % T2, -y)'. Here the maximization step of 
the EM algorithm is replaced by a single iteration of the 
Newton-Raphson algorithm using the conditional gradient 
vector and Hessian matrix as described later. Let 0 (k) denote 
the value of the parameter during the kth iterate of the al- 
gorithm, let g(0 (k); (, {Ie) denote the 5 X 1 gradient vector 
whose ith element is 

aj dalog P('+~e, So; 0) 1 @_@O(k), (7) 

and let H(0(k); So, {e) denote the 5 X 5 Hessian matrix 
whose (i, j)th element is 

a2 
ao1- log p(4'e, 5 ; O) I 0=@(k). (8) 

Then the modified EM algorithm is defined by the following 
two steps. 

E Step. Compute the conditional expectations of the 
gradient vector and the Hessian matrix, 

E{g(r (); ko, %T)rO; I ()} = g(k) (9) 

and 

E{H(0(k); So, 'Ie)ko; 0(k)} = H(k), (10) 
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where the expectations are taken over We. In the present 
application, the distribution of We conditional on So is a Mar- 
kov random field. So the Gibbs sampler (Geman and Geman 
1984) can be exploited to compute conditional expectations 
via Monte Carlo integration (e.g., Ripley 1987). 

M Step. Update the parameter estimates by substituting 
the conditional expectations of the gradient vector and Hes- 
sian matrix into the Newton-Raphson equations: 

0(k+1) = @(k) - (H(k))-lg(k). (11) 

Like the ordinary Newton-Raphson algorithm, the mod- 
ified EM algorithm may not converge if the initial value 0 () 
is too far away from the true value for 0. But given a judicious 
choice for 0(0), the estimate 0 (k) converges to the value 0 that 
maximizes the marginal log-likelihood 

L(0) log f P(4e, (p; 0) d4'e (12) 

(Rathbun 1991). Convergence follows, because the condi- 
tional expectation (9) is equal to the gradient vector with 
respect to the marginal log-likelihood (12), and because the 
Hessian (10) is negative definite for all 0 in the parameter 
space. In the present application, convergence rates are very 
slow, especially with respect to estimating T 2. So care should 
be taken to ensure that convergence is achieved. In particular, 
we recommend that the algorithm be carried out under both 
high and low starting values of T 2. Following Louis ( 1982), 
the variances of the parameter estimates were estimated from 

-[E{H(O; (P, WI'e) - g(6; (p, *41e) g(Ot; p, 'e)' kp; 1 

3.3 Results: Spatial Birth Process 

The EM algorithm was used to estimate the parameters 
of the Cox process model with e = 1 m and a = 3. The value 
e = 1 m corresponds to the precision at which trees were 
mapped, and taking a > 3 has negligible influence of final 
parameter estimates. The parameter estimates are presented 
in Table 1. Estimates of i, < 0 indicate that births are pos- 
itively dependent on disturbance paths, and estimates of 
/2 < 0 indicate that births are negatively dependent on lo- 
cations of subadult and adult trees. Thus recruitment tends 
to occur close to distance paths and in forest openings isolated 
from the locations of subadult and adult trees. Note that the 
variance matrix of the Gaussian random field is positive def- 
inite only for values of -y in the interval (-1.0984, .4669). 
The estimate j = .4662 lies close to the upper bound of the 
parameter space, indicating that the random intensity func- 
tion possesses strong positive spatial dependence among 
neighboring regions. 

Consider the interpretation of i1 and 12 Suppose that a 
point uo is located on a disturbance path and another point 
uI is located at a distance d(u1) = Al1 log p away from the 
closest disturbance path, where p E (0, 1] for #I < 0 and p 
? 1 for i1 > 0. If all other terms in (1) are equal, then 
E { A( u1) } = pE { A( uo) } . Thus the expected intensity of the 
recruit process is reduced by approximately 95% when d(u1 ) 
=: 13ji log( .05) = 34.0 m. To interpret 12, consider the effect 
of adding an adult or subadult tree at location Ua on the 

Table 1. Parameter Estimates and Standard Errors for the Cox Process 
Model [Expression (.1)] for the Spatial Birth Process 

Parameter Estimate Standard error 

jBo -5.218 .831 
Oi -.088 m-1 .053 m-r 
02 -1.796 m .459 m 
Ir2 2.359 .024 
y .4665 .0001 

intensity of the birth process at a given point ul. Let Aa(ul) 
and A(ul) denote the intensity with or without the event at 
Ua. If IIuI -Uall = 32/log p; p E (0, 1], then E{Aa(u1)} 
= pE { A(u1 ) }I. Define the influence of an adult or subadult 
tree to be negligible when p = .95. Then, under the fitted 
parameters, the zone of influence of an adult or subadult 
tree extends out to a distance of 35.0 m. 

The goodness of fit of the birth process model was assessed 
by comparing empirical K functions (Ripley 1977), calcu- 
lated from the data using Stoyan and Ohser's (1984) edge- 
corrected estimator Koj( r), to K functions from simulated 
realizations of the model. Here X}koj(r) is interpreted to be 
the average number of type j events within distance r of a 
randomly chosen recruit in the region B, where Xj = nj/lv(B) 
and v(B) is the area of B. The subscript j = 0 represents 
recruits, and the subscript j = 1 represents the superposition 
of subadults and adults. Figure 3, a and b compares plots of 
Lo, (r) and Loo( r) to simulation envelopes from 199 realiza- 
tions of the fitted model, where Loj(r) {Koj(r)/ir} 1/2 
- r. Note that the simulation envelopes are not simultaneous 
confidence bounds, but they are included to show at what 
scales departure from expectation under the model is greatest. 
This figure indicates that the model adequately describes both 
the negative dependence between recruits and large trees (Fig. 
3a), and the strong clustering of recruits (Fig. 3b). The in- 
clusion of the Gaussian random field term T( * ) in expression 
(1) results in wide simulation envelopes. Some simulated 
realizations contained as few as 6 widely scattered events, 
whereas other realizations contained as many as 112 tightly 
clustered events. This pattern closely mimics patterns ob- 
served in the forest as a whole, where large regions may con- 
tain very little recruitment, even in forest openings of suitable 
sizes, while other regions contain large numbers of tightly 
clustered recruits. 

4. SPATIAL GROWTH PROCESS 
The diameters of all living trees were measured in 1979 

and 1987. Define the growth increment of a given tree to be 
equal to its diameter in 1987 minus its diameter in 1979. In 
1983, diameters were measured by a large crew of volunteers, 
but the measurements were found to be unreliable. All di- 
ameter measurements in 1979 and 1987 were made by single 
well-trained individuals. Therefore, only the growth incre- 
ments between 1979 and 1987 were analyzed. The following 
considers some spatial models for the growth increments of 
longleaf pines in the 200 X 200 m study region A (Fig. 1); 
only trees surviving to 1987 are considered. 

Tree growth is a function of tree diameter and of the com- 
petitive influences of its neighbors. Different size classes of 
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Figure 3. Plots of (a) Lo (r), and (b) LOO(r) Against Distance r, Where 
Lo0(r) {K_O(r)/r} 1/2 - r and Ko0(r) is Stoyan and Ohser's (1984) Edge- 
Corrected Estimator for the K Function. The dotted lines give the empirical 
L functions calculated from the data, and the dashed lines give upper and 
lower simulation envelopes for 99 realizations of the fitted Cox process 
model [expression (1)] with parameter (fO, f1, /2, T2, j). Both LO, (r) and 
r are measured in meters. 

trees may respond differently to such interactions. For ex- 
ample, a large tree is likely to have a greater influence on 
the growth of a small tree than a small tree has on a large 
tree. So the increment growth of each size class (i.e., juveniles, 
subadults, and adults) will be analyzed separately. 

4.1 Notation 

For the growth process, let { Sik: k = 1, . . ., mi } denote 
the spatial locations of trees, in the 200 X 200 m study region 
A, that belong to size class i and have survived the interval 
1979-1987, and let {Sik: k = mi + 1, ..., ni I denote the 
locations of trees of type i in A that have died between 1979 
and 1987 plus all trees of type i (extant in 1979) in the guard 
region A+ - A. Let {Zik: k = 1, ..., ni I denote the tree 
diameters in 1979 and let {Yik: k = 1, .. ., mi } denote the 
growth increments of survivors in 1987. 

4.2 Spatial Growth Process 

Assume that, conditional on mi and the locations and 
diameters (in 1979) of trees that have survived to 1987, 

growth increments { Yik: k = 1, . . ., mi } are independent 
random variables. (This assumption will be investigated 
later.) Further, assume that the distribution of Yik depends 
on Zik and {(sjl, Zjl): IISik - sIl 11 < p; I = 1, . . ., nj; j 2 i}; 
that is, on the locations and sizes of neighboring trees in the 
same or larger size classes. 

Let Rk = { Sl 1 ISik -S}l, < p; (i, k) (j, 1);= 1,... 
ni } denote the set of trees of type j that are neighbors of the 
surviving tree located at Sik E A; i = 1, 2, 3, j = i, ..., 3, k 
= 1, . .., mi. Note that R UD may contain trees outside A 
but within distance p of its border. For surviving trees in A, 
assume that 

3 

g(Yik) = a1o + ailZik + I 3ijWij(sik) + Cik, (13) 
j=i 

where 

WiJV(sijk) 4 1i1(Zj1, I|Sik - SilII) (14) 
s, zE=R (")k 

measures the intensity of interactions with neighbors of type 
j (Weiner 1982, 1984), g( * ) and 4)ij( * ) are known functions, 
Eik are independent and identically distributed errors with 
mean 0 and variance T2, and 0i (aio, a 1, fi, 5 5 * * W3) 

is a vector of unknown parameters. The transformation g is 
used to normalize the growth-increment data and to stabilize 
its variance. The parameter ai 1 models the relationship be- 
tween tree growth and tree diameter, and fij models the effects 
of interactions, with the jth size class, on growth of trees in 
the ith size class. 

4.3 Results: Growth Process 

In what follows, the growth increments of trees belonging 
to each size class are modeled separately. The parameters of 
model (13) were estimated using ordinary least squares 
regression. A neighborhood radius of p = 50 m was used in 
each model; this distance should be beyond the range of 
interaction of root systems of any two adult trees, and it 
matches the guard region used to define A,. 

Consider the family of power transformations, g,( y) = (yf 
- 1)/1a (Box and Cox 1964), and the interaction function 
4)ij (z, r) in (14). It would be preferable to find a single trans- 
formation parameter S? and a single function cPij (z, r) that 
can be applied to models for all size classes. The competitive 
influence of a neighboring tree should be a decreasing func- 
tion of the distance to that tree and an increasing function 
of the neighbor's diameter (Weiner 1984). Several functions 
were considered, including 41ij(z, r) = 1 /r, 41ij(z, r) = I /r2 
41ij(z, r) = zlr, 41i1(z, r) = (z/r)2, and 41ij(z, r) = z2/r. 
Preliminary analyses revealed that models including inter- 
actions of the form 4?ij(z, r) = zlr performed well for all 
size classes. Therefore, models with interactions of the form 
41ij(z, r) = zlr are used; in this case, maximum likelihood 
estimates of the power transformation parameter S? were .45, 
.62, and .63 for juveniles, subadults, and adults. In general, 
the square-root transformation performed well; S? = .5 fell 
within a 95% confidence interval for each size class and each 
interaction function. So in what follows, all models for in- 
crement growth will be fit using the square-root transfor- 
mation of increment growth. 
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Table 2 gives least squares estimates of parameters for the 
growth process model (13). Models JG-I, SG-I, and AG-I 
are full models for square-root growth increments of juve- 
niles, subadults, and adults. Each model includes terms for 
diameter effects and interactions with trees belonging to the 
same or larger size classes. For juveniles, it was found that 
the term for interactions within juveniles was not significant. 
Thus Model JG-II is a reduced model that includes only 
terms for diameter effects and interactions with subadults 
and adults. 

From Table 2, we see that for juveniles and subadults, 
growth increment is an increasing function of diameter, but 
for adults, growth decreases with increasing diameter. Neg- 
ative estimates of fij suggest that interactions among trees 
result in reduced growth rates in all size classes. That is, 
growth rates are lower for trees in the proximity of large 
numbers of competitors than for trees that are isolated. No- 
tice that 1i3 increases as size class i increases. This suggests 
that interactions with adults has a greater influence on ju- 
venile growth than on the growth of subadults or adults. 
Likewise, 112 < 22 suggests that interactions with subadults 
has more influence on juvenile growth than on subadult 
growth. 

The model (13) assumes that growth rates are independent. 
But as a result of competitive interactions, a tree located 
near a fast-growing tree may grow more slowly than a tree 
near a slow-growing tree. This dependence structure was in- 
vestigated by estimating the variogram of the studentized 
residuals. Let D(Sik) denote the studentized residual for in- 
dividual k in size class i. Then the variogram is defined to 
be 

2-y?(JJhJJ) = var{D(s)-D(s + h)}, (15) 

where the variance is obtained conditionally on the presence 
of events of type i at s and s + h. If the growth rates of 
neighboring trees are independent random variables, then 
27 9 (r) _ 2, for all r> 0, because var { D (s) 1. Negatively 
(positively) dependent growth rates are indicated by 
2y 9 (r) greater (less) than 2, for some r > 0. Empirical vario- 
grams were computed using Cressie's (1991, p. 716) edge- 
corrected estimator. Figure 4 shows a plot of the estimated 
variograms of studentized residuals for model JG-II. This 
figure and similar figures for models SG-I and AG-I (not 
shown) suggest that growth rates of all size classes are in- 
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Figure 4. Plots of the Variogram 2i 9 (r) of Studentized Residuals Against 
Distance r for Model JG-11. The distance r is measured in meters. 

dependent random variables; variogram estimates are scat- 
tered around 2.0, the expected value under independence. 

5. SPACE-TIME SURVIVAL PROCESS 

Since 1979, the forest has been censused annually for tree 
mortality. In the fall of each year, the status (i.e., dead or 
alive) of each individual tree was recorded. This section con- 
siders the survivorship data for the eight census intervals 
between 1979 and 1987. 

Tree mortality is a function of tree diameter and of the 
competitive influences of its neighbors. Mortality rates are 
highest in the smallest and largest size classes and lowest in 
intermediate size classes. Adult mortality is largely the result 
of either wind storms or lightning, but juveniles usually die 
standing, from no apparent exogenous cause. Thus different 
size classes of trees should show different patterns of mor- 
tality. 

In what follows, the survivorship of each size class will be 
analyzed separately. We shall investigate the relative influ- 
ence of interactions among trees belonging to the same size 
class and interactions with trees belonging to larger size 
classes. The survivorship of each size class is modeled using 
a space-time logistic regression model (e.g., Cox 1972; Myers, 
Hankey, and Mantel 1973) in which survivorship within a 
given year is modeled as a collection-of independent random 

Table 2. Least Squares Estimates for the Parameters of Growth-Process 
Models JG-1, JG-11, SG-1, and AG-I 

Model aio a1 A, 32 /3 R 2 

JG-I 3.12 .0690 -.0107 -.0198 -.0178 .62 
(.23) (.0254) (.0049) (.0023) (.0029) 

JG-II 2.79 .0587 -.0187 -.0159 .59 
(.15) (.0257) (.0023) (.0029) 

SG-I 2.55 .0259 -.0094 -.0122 .47 
(.20) (.0061) (.0014) (.0012) 

AG-I 2.04 -.0063 -.0046 .18 
(.14) (.0024) (.0006) 

NOTE: The last column gives values of R2 (not adjusted) for each model. Each model is a special case of model 
(13), where g(y) = y'12. Standard errors are given in parentheses. The parameter &,0 is measured in (cm)112, &, is 
measured in (cm)-y2, and $3, is measured in m/(cm)1'2. 
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variables. Lightning and wind storms often remove neigh- 
boring adult trees, so the probability that an adult tree dies 
during a given time interval may be associated with mortality 
of its neighbors. Therefore, a space-time autologistic model 
is fit to the data for adult survivorship. The latter model 
extends the spatial autologistic model of Besag (1974) to the 
space-time domain. 

5.1 Notation 

For the survival process, let { sik: k = 1, ..., ni } denote 
the spatial locations of trees in the 200 X 200 m study region 
A (extant in 1979) that belong to size class i and let { Sik: k 
= ni + 1, . . ., Ni } denote the spatial locations of trees in 
the guard region A+ - A (extant in 1979) that belong to size 
class i. Let {Zik: k = 1, . . ., Ni } denote the corresponding 
tree diameters in 1979. Suppose that the spatial point pattern 
is observed at times r = 0, 1, . . ., T. Let Mik(T) equal 1 if 
the event at Sik is alive at time T, and equal zero otherwise. 

5.2 Space-Time Logistic Regression Model 
for Survivorship 

The following treatment is closely related to that of Myers 
et al. (1973), who considered a logistic regression model for 
discrete-time survivorship data, except that we let the hazard 
rate depend on the locations and sizes of events in the neigh- 
borhood of a given event at the beginning of each time in- 
terval. Suppose that { Mik(T): Mik(T - 1) = 1; k = 1, .... 
ni } are independent Bernoulli random variables, where the 
probability that a given tree survives the time interval de- 
pends on its diameter and on the locations and sizes of 
neighboring trees in the same or larger size classes. Because 
Mik(T) depends on the locations and sizes of living neighbors 
at time r - 1, Mik(r) is not independent of Mj&( T), condi- 
tional on Mik(Tr-h) = Mi&(r-h) = 1, forany h 2 2. 

For some fixed p > 0, let 

Rk) (T) {sl: MJl(T - 1) = 1; ISik - SjlI < P; 

(i, k) * (j, 1),1I= 1, Nj}, 

denote the set of events of type j that are neighbors of Sik 

andarealiveattimer-1;j2i,= 1,...,T,k= 1,.... 
ni. Furthermore, let 

Qi(0) {Sik E A: Mik(,r - 1) = 1; k =1, . . .,I ni } 
denote the set of events of type i in the study region A that 
are alive at time r -1; i = 1, 2, 3,=1, ...,T. Note that 
Rk) (Tr) contains events outside the region A but within dis- 
tance p of the border of A; in this section, p = 50 m was 
used (twice the extent of the root systems of the largest trees). 
For Sik E Qi (r), define 

qik(T; Oi)=P(Mik(T) = I Mik(T - 1) = 1, Zik, 

{(Zjl, 11Sik- Si/ ) SElRERk j(T), j = i, . . ., 3}) 
and assume the log odds of surviving during the time interval 
(r- 1, r] is given by 

log 1 - q k(T 601) = ati0 + cxilZik + z f30WTJ(sik); 

i1=1, 2, 3, T =1, . ..,T, (16) 

where 

Wj'(Sik) = 'ij(Zjl, 1Sik - S1i/); j = i, ..., 3 
sjiER('J)( T) 

(17) 

measures the intensity of interactions with neighbors of type 
j (Weiner 1984), 4bij(*) is a known function, and 0i (aio, 
ai1, fii * * d, fi3Y) is an unknown parameter vector. Here 
ai 1 represents the relationship between survivorship and di- 
ameter and 3ij represents the interactions between the ith 
and jth size classes; j ? i. 

Let Mi (Tr) (Mi 1 (-T), . . . , Mini (-r))' denote the vector 
of observations and let Uik(T) = (1, Zik, Wi(Sik), 
WT3 (Sik))'denote the vector of explanatory variables at time 
T; T = 1, . . ., T. Then the likelihood of 0i can be written as 

T exp{IMik(Tr) 0Uik(Tr)} 
l(0i) = '" '" ex{;~i -} , (18) 

T=1 {k: sikEQ (T)} I + exp { i,Uik(T) } 

which, when maximized, yields the maximum likelihood es- 
timator 0i. The statistic 

T 

Vi e 2: 2 Mik(T)Uik(T) (19) 
T=1 {k: sikEQ, (T)} 

is sufficient for 0i, and the Fisher information matrix is 

Ii(01) E0 (VjV E0,(Vj)E0i(Vj)', (20) 

where the expectations above are with respect to the con- 
ditional distribution (18). Under mild regularity conditions 
(Gourieroux and Monfort 1981), the maximum likelihood 
estimator 0, is consistent and (I, (0 ))112(b, - Oj) 4 N(O, 
I), as ni -- oo. 

Maximum likelihood estimation of the parameters of the 
space-time logistic regression model is easily implemented 
using any of the standard logistic regression packages. Con- 
struct a vector M of zeros and ones from the set { Mik( T): 
Sik E Qi (T), r = 1, . . ., T} . For each element of M, let the 
corresponding row of the design matrix X be given by 
(Uik( T)) '. Then the parameter 0i can be estimated by logistic 
regression of M against X. 

5.3 Space-Time Autologistic Model 
for Adult Survivorship 

The independence assumption in the space-time logistic 
regression model is relaxed to account for the possible de- 
pendence between adult trees (due to exogenous sources of 
mortality such as lightning and windthrow). We now con- 
sider a space-time autologistic regression model for the an- 
nual survivorship of adult trees during the time interval 
1979-1987. This extends the spatial autologistic model (Be- 
sag 1974) to the space-time domain. 

Let Q3(T) {S3k E A: M3k(T-1) = 1; k = 1, . . ., n3} 
denote the set of adult trees alive at time r - 1; r = 1,..., 
T. At timeT, the observations { M3k(T): S3k&EQ3 ( T); k= 1, 
... ., n3 } form a binary random field on the irregular spatial 
lattice { S3k&E Q3 ( T): k = 1, ... ., n3 }, which we shall assume 
to be a Markov random field. That is, 
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P3k(T; O) P(M3k(T)= I M3k(T- 1) = 1, 

{M31(r): I k, I= I,-, N3} 

=P(M3k(T)= I I M3k(T- 1) = 1, 

{M31(T): 11S3k-S3l1 ? p,I/k,1= 1,. N3. 

where p > 0 is the neighborhood radius. (In this section, p 
= 50 m was used.) For S3k E A, let Ak {s31 E A: 11S3k 
-S31 11 < p, / $ k, I = 1, .. , n3 } denote the set of neighbors 
of S3k that are in region A and let A* { S31 4 A: || S3k -S31 
< p, / $ k, I = n3 + 1 ... , N3 } denote the set of neighbors 
of S3k that are not in the region A. (Events in A * are included 
for edge correction.) For S3k E Q3( T), assume that the log 
odds of surviving to time r is given by 

log 1 P3k(T; ) = ao + alZ(sk ) 

+ 4 z M3l(T)4( lS3k - S3111), (21) 
S31AkUA*k 

where 0 (ao, a1, 4)' is an unknown vector parameter. 
Here a, represents the effect of adult diameter and 4 repre- 
sents the interactions among the M3k(T) 'S. 

Define the statistics 
n3 n3 

SI(MA(T)) M3k(T) S2(MA(T)) M3k(T)Z3k 
k=l k=l 

and 

S3 (MA (T) I MA(T)) 

n3 1 
e M3k( T ) 2 M31(- A T )4(1 S3k- S3- 1) 
k=1 2s { EE Ak 

+ M A31(r) (1S3k - S311)} 
S31EAk 

The statistic S3 depends on the data in A at time T, MA (T) 
(M31(T). *M3,n3(T))' and the data in A - A at time 

T, Mr(T) = (A3,n3+ (T)r * M3,N3(ir)) . Let 

QT{=IWTI{O, 1} 3:Tk=O, whenever M3k(r- 1)=0}; 

r= 1,...,T, 

denote the set of possible fates of trees in the time interval 
(T - 1, T] and let S(MA(T)IMF(T)) = (SI(MA(T)), 
S2(MA(r)), S3(MA(r)IMp(r)))'. Then the likelihood of 0 
is given by 

1(0) = exp{ T=1 I'S(MA (T) IMA(T))} (22) 
nI T-=I 1.E exp {I OS(( TI M(T) )} 

The maximum likelihood estimator of 0 is obtained by find- 
ing 0 that maximizes (22). Here we adapted Penttinen's 
(1984) Newton-Raphson algorithm for spatial Markov point 
processes and used the stochastic approximation method of 
Ogata (1989) to estimate the normalizing constant in the 
denominator of (22). 

Nothing is known about the asymptotic properties of 
maximum likelihood estimators for the space-time autolo- 

gistic regression model. But one might expect them to be 
similar to those for the spatial autologistic regression model, 
for which some information is available. Pickard (1976, 1977, 
1979) demonstrated that for large lattices, the maximum 
likelihood estimator for the Ising model is approximately 
normally distributed with variance approximately equal to 
the inverse of the Fisher information matrix. For the space- 
time autologistic regression model proposed here, the Fisher 
information matrix is 

I(O) evaro 2: S (MA(-) I M&r()) * S,(MA (-) I M]p(-)) ) 

(23) 

where the variance in (23) is with respect to the distribution 
(22). We estimated the variance of the maximum likelihood 
estimator by var(O) = (I(b))-1. 

5.4 Results: Survival Process 

In what follows, the survivorship of trees belonging to each 
size class is modeled separately using a space-time logistic 
regression model (16), and a space-time autologistic model 
(21) is fit to the adult survivorship data. The models are fit 
to the data for trees in the 200 X 200 m study region A (plus 
a guard region). A neighborhood size of p = 50 m was used 
to fit each model; this distance should be beyond the range 
of interaction of the root systems of any two adult trees. 

Space-time logistic regression model. First, consider the 
form of the function bij(z, r) in (17). Preliminary analyses 
showed that models based on the function 4P(z, r) = 1 /r 
perform well for all size classes, as indicated by high values 
of the maximum log-likelihood. The functions 4P,(z, r) = 1 / 
r2, 4ij(z, r) = zlr, %ij(z, r) = (z/r)2, and 4i(z, r) = Z2/ 

r were also considered, but models based on these functions 
did not perform as well. 

Table 3 gives maximum likelihood estimates and 
-2L (0) for space-time logistic regression models of juvenile 
(JS-I, JS-II), subadult (SS-I, SS-II), and adult (AS-I, AS-Il) 
survivorship, where L(8) is the maximum log-likelihood 
under a given model. Models JS-I, SS-I, and AS-I are full 
models, including terms for diameter effects and interactions 
with trees belonging to the same or larger diameter classes. 
For each size class, one or more terms did not contribute 
significantly to explaining variation in survivorship; these 
terms are not included in Models JS-II, SS-Il, and AS-Il. 

The results of these analyses suggest that survivorship is 
a function of tree diameter. For juveniles and subadults, 
positive 'a and &21 in JS-II and SS-Il indicate that survi- 
vorship increases with increasing diameter. But negative 
a?31 in AS-Il indicates that adult survivorship decreases with 
increasing diameter. Comparing Models JS-I and JS-II shows 
that interactions within juveniles and interactions between 
juveniles and adults are not statistically significant. But /12 
= -.263 in Model JS-II suggests that interactions between 
juveniles and subadults reduce juvenile survivorship. Inter- 
actions within subadults and interactions between subadults 
and adults are also not significant, as indicated by a com- 
parison of Models SS-I and SS-II. Similarly, interactions 
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Table 3. Maximum Likelihood Estimates for the Parameters of Space-Time Logistic Regression Models for Tree Survivorship 

Model a1o ail $,, /12 fl3 -2 L(8) 

JS-I 2.13 .299 .040 -.256 -.483 516.17 
(.65) (.070) (.054) (.098) (.323) 

JS-II 1.87 .249 -.263 520.42 
(.28) (.066) (.092) 

SS-I 1.36 .202 .026 -.133 141.00 
(1.58) (.071) (.200) (.371) 

SS-II 1.25 .198 141.17 
(.99) (.068) 

AS-I 6.18 -.062 .509 274.08 
(1.32) (.019) (.274) 

AS-Il 8.15 -.080 277.64 
(.92) (.017) 

NOTE: The last column gives values of -2 times the log-likelihood for each model. Each model is a special case of (16). Standard errors are given in parentheses. The parameter &,0 is unitless, 

&,, is measured in cm-, and #,B is measured in m. 

within adults were not significant; compare Models AS-I and 
AS-II. 

Figure 5 shows a diagnostic plot of residuals of the type 
suggested by Fowlkes (1987). Plot 

Xlk( T)-{ qlk(T) -qlk(T; }1{) qlk(T)} (24) 

against qlk(T; O1), where qlk(T) is a smoothed nonparametric 
estimator for qIk(T; 01), at I&Ok(T) } is an estimator of its vari- 
ance, and q4k(T; O1) is the predicted value of qlk( T; O1) under 
Model JS-II. This plot shows no strong evidence for depen- 
dence between Xlk(T) and qlk(T; O1), indicating that Model 
JS-II fits the data for juvenile survivorship reasonably well. 
(The apparent heteroscedasticity in the plot is largely a con- 
sequence of the boundedness of Xlk(T) and small number 
of small values of q'lk( T; O1).) Similar plots for Models SS-II 
and AS-IT (not shown) also reveal that those models fit the 
data well. 

Space-Time Autologistic Model for Adult Survivorship. 
First, consider the form of the potential function I(r) in 
(2 1). Two forms- '(r) = 1 / r and I(r) = 1 / r2-were con- 
sidered. Preliminary analyses show that a model including 
I(r) = 1/r has a larger maximum log-likelihood than a 
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Figure 5. Plot of Xlk(r) Against 41k(0) for Juveniles, Where Xlk(T) iS 
Given by (24) and Olk( ) is Obtained From (16) Evaluated at the Maximum 
Likelihood Estimate. 

model including I(r) = 1 / r2. Hence we proceeded with the 
potential function I( r) = 1 / r. 

Table 4 gives maximum likelihood estimates and 
-2L (0) for the space-time autologistic regression model 
for adult survivorship, where L (0) is the maximum log- 
likelihood under the model. Model AS-ITT is the full model, 
including terms for diameter effects and interactions within 
adults. For this model, &Y =-.059 cm', which indicates 
that adult survivorship decreases with increasing adult di- 
ameter. An estimate of 4 = .610 m suggests that mortality 
of adult trees is clustered. That is, the survivorship of a given 
tree is lower if one or more of its neighbors has died than it 
would have been if all its neighbors had survived. 

6. DISCUSSION 

By reducing a space-time survival point process into its 
components and analyzing each component process sepa- 
rately, the importance of competitive interactions in deter- 
mining the population structure of a longleaf pine forest can 
be assessed. This could not have been done from an analysis 
of the superposition of the component processes. Analyses 
of the spatial birth process, the spatial growth process, and 
the space-time survival process explore the contribution of 
competitive interactions to each of these component pro- 
cesses. 

Our analysis of the spatial birth process (Sec. 3) indicates 
that births tend to occur close to disturbance paths and in 
isolation from large adult trees. The latter conclusion suggests 
that interactions with subadults and adults reduce seedling 
survivorship, resulting in a negative association between 
births and subadults and adults. Because births of longleaf 
pines tend to occur in forest openings isolated from subadult 

Table 4. Maximum Likelihood Estimates and Standard Errors for the 
Parameters of Space-Time Autologistic Regression Model (21) 

for Adult Survivorship 

Parameter Estimate Standard error 

ao 5.83 1.29 
a, -.059 ,.019 

.612 .276 

NOTE: The parameter a0 is unitless, a1 is measured in cm-', and t is measured in m. 
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and adult trees (Sec. 3), individual trees will tend to spend 
their lifetimes clustered in single-aged cohorts. Consequently, 
the population dynamics of longleaf pine should be strongly 
influenced by processes occurring within and between 
neighboring cohorts (Platt et al. 1988). May et al. (1974) 
and Tschumy (1982) have suggested that such interactions 
between size classes may result in oscillations in population 
size. 

The results of our analyses suggest that competition with 
larger size classes reduces growth increments of juveniles, 
subadults, and adults, and that interactions within subadults 
and within adults reduces growth increments of those two 
size classes (Sec. 4). Juvenile and subadult growth rates ap- 
pear to be more strongly influenced by such interactions 
than adult growth rates. In addition, interactions between 
juveniles and subadults reduce juvenile survivorship (Sec. 
5), but analogous interactions (e.g., between subadults and 
adults) appear to have little influence on subadult and adult 
survivorship. Smaller trees tend to be weaker and have fewer 
resources to draw on (because of smaller root systems and 
leaf areas) and so will be more vulnerable to competitive 
influences. 

Although growth increments appear to be influenced by 
competitive interactions among trees, some variation in 
growth increment remains unexplained, especially for adult 
trees. Values of R2 ranged from .18 (for adults) to .59 
(for juveniles), which compares favorably with other studies 
of individual plant growth. For example, Eissenstat and 
Caldwell (1988) obtained R2 = .54 for the perennial Arte- 
mesia, and Thomas and Weiner (1989) obtained R2 values 
ranging from .44 to .57 for various herbs and tree species. 
Nevertheless, other factors not considered in the present 
analysis (because such data were not available) may be im- 
portant in determining growth. These may include the ge- 
netic makeup of individual trees and localized microcimatic 
differences. Accidents (e.g., scarring by fire, infection by 
pathogens, wind damage) during the lifetime of a given tree 
may also influence its growth. As a consequence of these 
historical accidents, it is unlikely that a high percentage of 
the variation could be explained by any purely statistical 
analysis. 

Our analyses involved fitting models to a single realization 
of a space-time survival point process where there was no 
experimental manipulation of the forest. Therefore, care 
must be taken when attempting to infer a mechanism from 
the results of our analyses, and alternative hypotheses should 
be considered. For example, our models suggest that com- 
petitive interactions between juveniles and subadults reduce 
juvenile growth and juvenile survivorship, but it is possible 
that juveniles located close to subadults and adults coinci- 
dentally tend to occur on poorer soils. So patterns ofjuvenile 
survivorship and growth might result from environmental 
inhomogeneity and not competitive interactions. Experi- 
mental manipulations might be performed to test these al- 
ternative hypotheses; for example, one might selectively re- 
move individual trees and then test for responses in the 
pattern of births of new trees, or the survival or growth of 
the remaining trees. But because trees are long-lived, the 
results of experimental manipulations may take years to 

come to fruition, and, in this case, removing trees would 
damage one of the few remaining old-growth stands of long- 
leaf pine still in existence. Alternatives to experimental ma- 
nipulation can be considered. Other approaches would be 
to use the model to predict the future and see how closely 
those predictions hold or to use out-of-sample validation to 
test whether the model fits data from other regions of the 
forest. These approaches are currently under investigation. 

[Received August 1990. Revised March 1994j 
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