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A Baseline Category Logit Model for Assessing
Competing Strains of Rhizobium Bacteria
C. B ROPHY, J. C ONNOLLY, I. L. FAGERLI, S. D UODU, and
M. M. S VENNING
In this paper we describe novel methodology for evaluating competition among
strains of Rhizobium bacteria which can be found naturally occurring in or can be introduced into soil. Rhizobia can occupy nodules on the roots of legume plants allowing
the plant to ‘fix’ atmospheric nitrogen. Our model defines competitive outcomes for a
community (the multinomial count of nodules occupied by each strain at the end of a
time period) relative to the past state of the community (the proportion of each strain
present at the beginning of the time period) and incorporates this prior information
in the analysis. Our approach for assessing competition provides an analogy to multivariate methods for continuous responses in competition studies and an alternative
to univariate methods for discrete responses that respects the multivariate nature of the
data. It can also handle zero values in the multinomial response providing an alternative
to compositional data analysis methods, which traditionally have not been able to facilitate zero values. The proposed experimental design is based on the simplex design and
the model is an extension of multinomial baseline category logit models that includes
multiple offsets and random terms to allow for correlation among clustered responses.
Supplemental materials for this article are available from the journal website.
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1. INTRODUCTION
Competition occurs among species when a required resource is limited and the species
‘compete’ to each obtain the resource. Competition has been widely studied experimentally across many organisms (Nicol and Thornton 1941; Connell 1983; Schoener 1983;
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Firbank and Watkinson 1985; Goldberg and Barton 1992; Iwasa, Nakamaru, and Levin
1998). The analytical approaches for assessing effects range from multivariate models for
continuous responses (Connolly and Wayne 2005) to univariate approaches for discrete responses (May 2001) to compositional methods (Aitchison 1986; Aitchison and Ng 2005).
Here we develop a modeling approach for discrete multinomial response data that extends
the current competition literature in three ways: (1) it is analogous to a competition model
derived for continuous responses by Connolly and Wayne (2005) that defines competitive
outcomes relative to the past state of the community and incorporates this prior information
in the analysis, (2) it allows for the multivariate nature of the response data, (3) it will handle zero response values. Our model is a baseline category logit model extended to include
random effects (Hartzel, Agresti, and Caffo 2001) to allow for correlated responses and
multiple offset terms to allow for initial starting values of species. Offsets have previously
been used with models for discrete responses (logistic regression in Agresti 2002) but multiple offsets have not been used with multinomial models or for the purpose of assessing
competition among species.
The models developed in this paper are motivated by a study of competition among
strains of rhizobia bacteria, which are found naturally occurring in soil or can be introduced
deliberately into soil. Rhizobia can occupy nodules on the root of legume plant species
resulting in atmospheric nitrogen fixation and thereby supply the host plant with N and
provide additional N in the legume environment. This natural source of N can be beneficial
to the productivity of grassland systems and can reduce the cost of running the system. It
is possible that some strains of rhizobia are superior at occupying nodules and at fixing N.
Does the proportion of strains of rhizobia present in the soil at a given point in time affect
the proportion of nodules that the strain will occupy at a later time? To answer this question
we applied three strains of rhizobia to the roots of a legume species in a range of initial
proportions and after a period of time counted the number of nodules each strain occupied.
There were a limited number of available sites for nodulation and the strains competed to
occupy them. For each community (root section) we have a vector of initial proportions
and a final multinomial response vector. We modeled the change from initial proportion
applied to final proportion of nodules occupied for each strain.
In a community, a good competitor is one that gains proportionately more over time
than other species (Connolly, Wayne, and Bazzaz 2001). Connolly and Wayne (2005) and
Ramseier, Connolly, and Bazzaz (2005) developed a multivariate modeling approach to
assessing the effects of the species identity, environment and species initial relative abundance on the outcome of competition. The continuous and multivariate response measured
was the relative growth rate of each species in a community over a period of time. The
variable(s) modeled were the differences in relative growth rates between pairs of species
in a community, giving the name RGRD (relative growth rate difference) to the models.
The RGRD model does not currently facilitate discrete responses.
When the response for each species in a community is a discrete whole number each
experimental community provides a multinomial response vector. There is a long history of modeling approaches to community dynamics for such discrete responses (May
2001) and these can been related to a discrete version of the Lotka–Volterra model
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(Leslie 1958). However, these approaches rarely deal with the multivariate nature of these
types of data. Other approaches have been to use compositional data analysis methods
for changing compositions (Aitchison 1986; Aitchison and Ng 2005), but these methods break down when species with zero compositions occur in the response. Some approaches to facilitate zero methods have been developed (e.g. Aitchison and Kay 2003;
Martín-Fernández, Barceló-Vidal, and Pawlowsky-Glahn 2003; Butler and Glasbey 2008)
but these rely on assumptions about the type of zero or are suited only to analysis for
specific hypotheses e.g. to compare compositions of different groups.
In a simplex design (Scheffe 1963; Cornell 2002), the initial relative abundances of
competing species are manipulated so that not all experimental communities have all
species equally present to begin with. This design has been used in a range of multispecies competition studies (e.g. Ramseier, Connolly, and Bazzaz 2005; Kirwan et al. 2007;
Suter et al. 2007) as it allows a broad coverage of the design space and facilitates the
simultaneous assessment of species identity, the effect of species on each other and, if
required, environmental effects (Connolly, Wayne, and Bazzaz 2001). Ideally, in competition studies, the simplex design would comprise a wide range of compositions in the
simplex space at a number of overall densities (Ramseier, Connolly, and Bazzaz 2005;
Kirwan et al. 2007).
In this paper we propose an experimental and analytical framework for assessing competition among species where the outcome is discrete. The experimental response in our
motivating example is the number of nodules acquired by each strain of rhizobia in each
community and this is a multinomial vector. We describe a multinomial modeling framework for discrete responses from this multi-strain competition experiment and the experimental design needed to estimate model parameters, and we detail how to predict and test
predictions from the models. The novel features are the marrying of simplex designs with
multinomial responses in a discrete modeling framework that defines competitive outcomes
for a community of species relative to a previous state of the community and incorporates
this prior information in the analysis.

2. METHODS
We propose a multinomial baseline category logit model (Agresti 2002) to measure
the competition between J species (categories) that will allow the assessment of competitive relationships among species and consequences for community structure. The categorical response vector is (yi1 , . . . , yiJ ) for i = 1, . . . , c (the number of communities) and
j = 1, . . . , J (the number of species) and represents the number of ‘success counts’ for

each species at time t with Jj=1 yij = ni being the total number of success counts for
community i. A multinomial baseline category logit model is a series of J − 1 models
relating the j th to the J th species where the J th species is called the baseline category.
The ordering of the j = 1 to J species and the use of a particular species as the ‘baseline’ is arbitrary and independent of interpretation. We can model the vector of parameters
(πi1 , . . . , πiJ ), the proportion of success counts for each species in the ith community at
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J

j =1 πij

= 1, as


πij
= xi β j
log
πiJ
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for j = 1, . . . , J − 1

(2.1)

where xi denotes the vector of K explanatory variables for the ith community, β j is the
parameter vector of coefficients for the j th model and could include abiotic effects such
π
as an environmental treatment. If β j = 0, then πiJij = 1 and we conclude that species j
and J have the same proportion of success counts at time t. While model (2.1) can assess
proportion of success counts by species relative to the baseline species at a given point in
time (t), it can not address questions of competitive relations or consequences for community dynamics without incorporating information on the proportions of each species in the
community at time 0 (or some other reference time) (Connolly, Wayne, and Bazzaz 2001).
If the proportion of each species initially present in the ith community at time 0 is given
by the vector (pi1 , . . . , piJ ), then we propose the model:


πij /pij
= xi β j for j = 1, . . . , J − 1
(2.2)
log
πiJ /piJ
which can be rewritten as




πij
pij

log
= xi β j + log
for j = 1, . . . , J − 1
πiJ
piJ

(2.3)

p

where log( piJij ) is an offset term, i.e. a regression term with known coefficient equal to 1.
If β j = 0, it indicates no change in relative abundance from time 0 to time t between the
two competing species j and J and implies that the two species are equally competitive.
This model is analogous to the specification of the RGRD model in Connolly and Wayne
(2005, Equation (4)).
We extend this model to include a community specific random effect to allow for variation from community-to-community (Hartzel, Agresti, and Caffo 2001). The model comparing the j th to the J th species is




πij
pij

log
= xi β j + log
+ zi uij for j = 1, . . . , J − 1
(2.4)
πiJ
piJ
where zi denotes the design vector for the random effect for the ith community and uij is
assumed multivariate normal with an unstructured covariance matrix () to keep independence of the choice of baseline category (Hartzel, Agresti, and Caffo 2001).
We can fit model (2.4) using maximum likelihood. Denoting the linear predictor, lpij =
p
xi β j + log( piJij ) + zi uij , the likelihood function for the ith response vector is, integrating
out the random effects and omitting a fixed constant:

 ∞ J
−1
yij 
yiJ
  ∞
exp(lpij )
1
···
 −1
 −1
1 + Jj =1
exp(lpij )
1 + Jj =1
exp(lpij )
−∞
−∞ j
i
× f (uij ; ) duij .

(2.5)
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We predict (denoted by the ˆ symbol, which is also used to denote the maximum likelihood
estimate of model parameters) the proportion of success counts for the j th species from
the model at the median value of the random effect using the equations:
exp xi β̂ j + log piJij
π̂ij =
J −1
1 + j =1 exp xi β̂ j + log
p

pij
piJ

for j = 1, . . . , J − 1,
(2.6)

J −1

π̂iJ = 1 −

π̂ij

for J.

j =1

While this model may be applied to a wide range of count data it is particularly relevant
to data from experiments based on a simplex design (Scheffe 1963; Cornell 2002) in which
the initial pij values and overall initial density of species are deliberately manipulated. The
relative abundance of each species at time 0, (pij , . . . , piJ ), may be important determinants
of species relative competitiveness and hence of the final composition (πij , . . . , πiJ ) of the
ith community. At its simplest, the x matrix in model (2.4) would include the relative
abundances pij , . . . , piJ giving:


πij
=
log
πiJ

J
k=1



pij
+ uij
βj k pik + βj D Di + log
piJ

for j = 1, . . . , J − 1

(2.7)

where pik is the initial proportion of the kth species for k = 1, . . . , J , Di is the total density
of the ith community and uij is a random effect with variance σj2 and may be correlated
with the other J − 2 random effects. Interactions among the pik ’s and between the pik ’s
and other independent variables, such as a treatment factor or community density (D) may
also be included in the model specification.
For model (2.7), if βj k = 0 for all k = 1, . . . , J and βj D = 0, then the relative proportions of the j th and J th species are the same at times 0 and t, and species j and J are
π
p
equally competitive i.e. ( πiJij ) = ( piJij ). When these parameters are not zero and interaction
effects are present, the number of competition coefficients may mean it is difficult to see
their combined impact on community relative composition. To interpret the model the final proportions of success counts for each species can be predicted for a range of initial
communities and these predictions used to determine the outcome of competition. Predictions can be displayed graphically using ternary diagrams (where there are three competing
species), and we distinguish between two numerical comparisons. Compositional change
measure (1): π̂ij /pij compares the predicted proportion of success counts relative to initial proportion present for an individual species. This measure determines how a species
performs relative to its own expectation (pij ) but even a species that performs better than
expected may not be the most competitive species. Compositional change measure (2):
π̂ij /pij
for j = j  , compares two species and determines which is the more competitive of
π̂  /p 
ij

ij

the two.
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3. EXAMPLE ASSESSING COMPETITION BETWEEN
COMPETING STRAINS OF RHIZOBIUM FOR NODULE
OCCUPANCY
3.1. E XPERIMENTAL D ESIGN
When a Rhizobium strain has occupied a nodule on the root of a legume, it normally
has the ability to ‘fix’ nitrogen (N) from the atmosphere and supply the host plant with N
and provide additional N in the legume environment. Competition was investigated among
M. loti strains Ml8, Ml19 and Ml16; named A, B and C, respectively, from here on. For
inoculation, the three strains were mixed in proportions based on a simplex design both for
high (1 × 104 cells ml−1 ) and low (1 × 102 cells ml−1 ) cell densities (Table 2: Density and
Initial proportions columns). Four seedlings of L. corniculatus cultivar Leo (A/S Strand
Brænderi, Norway) were transferred to each jar, and 5 jars (communities) were used as
replicates for each of the seven inoculum mixtures at each density, giving a total of 70
communities. To each jar, 1 ml inoculum was added. The plants were grown for 4 weeks
and rhizobia were re-isolated from nodules as described by Fagerli and Svenning (2005).
Nodule occupancy of the rhizobial strains was determined by ERIC-PCR fingerprinting
(de Bruijn 1992). The number of nodules occupied by each strain in each community
was recorded. Several of the responses for individual species were zero. The raw data
is available in online Appendix A. Further experiment details are in Fagerli (2006).
3.2. M ODEL F ITTING
We fitted a series of multinomial baseline category logit random effects models to the
multinomial data. We used strain C as the baseline category and let j = A, B and J = C.
We modeled the probabilities (πiA , πiB , πiC ) relative to the initial proportion of each strain
present in the inoculum for the ith community (piA , piB , piC ). We maximized the log of
the likelihood function given in (2.5) using the NLMIXED procedure in SAS software
(the code is available in online Appendix B). Explanatory variables included in the linear
predictor were the proportion of each strain present initially in the inoculum and initial cell
density giving the model:


πij
log
= βj A piA + βj B piB + βj C piC + βj D Di
πiC


pij
+ uij for j = A, B.
+ log
(3.1)
piC
where Di is coded 0 and 1 for low and high initial cell density respectively; uiA and uiB
are random effects assumed normally distributed with mean 0 and variance σA2 and σB2 , respectively, and the covariance between them is γAB . We tested for the random components
and for interactions among the fixed effect terms. We predicted from the fitted model for a
range of initial compositions using Equation (2.6). We tested for a difference between the
initial proportion and predicted final probability for each strain: π̂j − pj and also tested
for a difference between π̂j /pj − π̂j  /pj  for each pair-wise comparison (tests of compositional change). The first test assesses each individual strain’s competitive outcome in
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Parameter estimates and standard errors for the fixed terms in the multinomial baseline category multinomial models describing the competition between the three strains of Mesorhizobium loti. The first
model (j = A) compares strains A and C and the second (j = B) compares B and C.
j =A

Model Term
piA
piB
piC
Di
piA ∗ piB
piB ∗ piC

j =B

Coefficient estimate

SE

Coefficient estimate

SE

−0.7
−2.8
−1.0
−1.3
2.1
2.1

0.4
1.1
0.6
0.3
2.6
2.6

−4.4
−5.4
−2.9
−2.2
16.7
16.7

1.2
1.1
1.3
0.3
5.0
5.0

comparison to its expectation while the second test compares the competitive outcomes for
each pair-wise set of strains. Approximate standard errors were generated for these tests
using the Delta method (Billingsley 1986). A Bonferonni correction was incorporated into
the tests to allow for multiple comparisons. Although these tests are carried out on the
difference scale, they are presented on the more intuitive ratio scale.
3.3. R ESULTS
The final model, after extensive model selection using AIC (online Appendix Table C.1), included the initial proportions of each strain and density in the linear predictor. Two interaction terms piA piB and piB piC were also included and these interactions
were found to be of similar strength and so were constrained to be equal. While the inclusion of the random effects to account for variation from community-to-community was
not significant (online Appendix Table C.1), this component was included in the models to
respect the structure in the experimental design. The variance components estimates were
σ̂A2 = 0.021, σ̂B2 = 0.072 and γ̂AB = −0.039. The parameter estimates of fixed terms from
the fitted multinomial baseline category logit models are given in Table 1. The estimates of
the density effect (coefficient of Di ) are negative for j = A and j = B indicating increased
competitiveness for strain C over both strain A and B at high density when compared with
low density conditions. Predicted proportions of nodules occupied by each strain for a
range of initial strain proportions at each density are in Table 2 and Figure 1. Compositional change measures (1) and (2) are also presented for these communities (Table 2).
The ratio of predicted proportion to initial proportion for strain C was always significantly higher than one at high density and some of the time at low density showing that
strain C performed better than would be expected by its initial proportion in general and
particularly at high density (Table 2 compositional change measure 1; Figure 1). Strain C
always out-competed strain A and B at high density and generally out-competed both
strains at low density (Table 2 Compositional change measure 2; Figure 1). Based on these
two compositional change measures, strain C was the most competitive strain, particularly
at high density, while there was no out-right winner between strains A and B.

0.85
0.15
0.13
0.41
0.55
0.52
0.14
0.85
0.15
0.13
0.41
0.55
0.52
0.14

Low

0.07
0.74
0.08
0.26
0.35
0.07
0.39
0.07
0.74
0.08
0.26
0.35
0.07
0.39

pB

0.08
0.11
0.79
0.33
0.10
0.41
0.48
0.08
0.11
0.79
0.33
0.10
0.41
0.48

pC

0.83 (0.040)
0.09 (0.036)
0.06 (0.021)
0.28 (0.039)
0.45 (0.063)
0.35 (0.050)
0.05 (0.014)
0.56 (0.062)
0.04 (0.020)
0.02 (0.007)
0.11 (0.023)
0.32 (0.053)
0.13 (0.027)
0.02 (0.007)

π̂A (s.e.)
0.01 (0.005)
0.48 (0.073)
0.01 (0.010)
0.17 (0.035)
0.34 (0.067)
0.01 (0.006)
0.40 (0.071)
0.00 (0.001)
0.11 (0.036)
0.00 (0.001)
0.03 (0.011)
0.11 (0.035)
0.00 (0.001)
0.07 (0.026)

π̂B (s.e.)
0.17 (0.039)
0.43 (0.067)
0.93 (0.024)
0.55 (0.043)
0.21 (0.038)
0.64 (0.050)
0.55 (0.067)
0.44 (0.061)
0.85 (0.040)
0.98 (0.007)
0.86 (0.025)
0.57 (0.054)
0.87 (0.027)
0.91 (0.027)

π̂C (s.e.)

Predicted proportion of occupied sites

0.97
0.59
0.45
0.67
0.81
0.68
0.37
0.66
0.30
0.12
0.27
0.58
0.24
0.16

π̂A /pA
0.08
0.65
0.15
0.66
0.98
0.10
1.03
0.02
0.14
0.02
0.12
0.30
0.02
0.19

π̂B /pB

2.02
3.75
1.17
1.69
2.14
1.56
1.15
5.26
7.38
1.24
2.63
5.89
2.14
1.89

π̂C /pC

Compositional change
measure (1)

12.5
0.9
3.1
1.0
0.8
6.6
0.4
28.9
2.1
7.1
2.3
1.9
15.2
0.8

π̂A /pA
π̂B /pB

2.1
6.3
2.6
2.5
2.6
2.3
3.1
8.0
24.3
9.9
9.7
10.1
8.8
11.9

π̂C /pC
π̂A /pA

26.0
5.7
7.9
2.5
2.2
15.1
1.1
231.4
51.1
70.5
22.6
19.4
134.5
9.9

π̂C /pC
π̂B /pB

Compositional change
measure (2)
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High

pA

Initial proportion

The initial proportion of each strain present in the inoculum at each density with predicted proportion of occupied sites for strains A, B and C. Two measures of compositional
change in communities are also presented: (1) π̂j /pj and (2) π̂j /pj /π̂j  /pj  for j, j  = A, B and C and j = j  . Measure (1) assesses strain competitive outcome in
comparison to its expectation and a value equal to 1 indicates it matches expectation. Measure (2) compares one strain’s competitive outcome to another strain’s and a value
equal to 1 suggests the two strains are equally competitive. Deviations from 1 are highlighted in bold (at α = 0.05) and are tested as indicated in text.

Density

Table 2.
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Figure 1. Initial compositions of strains (2) and predicted compositions of nodules infected by each strain (×)
for (a) low density and (b) high density. Each symbol represents a proportion of strains A, B and C (either initial
or predicted as given in Table 2). Associated tests of significance of community shifts, from initial to final, are in
Table 2.

4. DISCUSSION
In this paper we present an experimental design and modeling framework for assessing multinomial responses from multiple species competition studies. For experiments we propose a simplex design which manipulates both species initial relative abundance and density. The modeling approach developed combines multinomial baseline
category logit random effects models with multiple offsets that avoids the confounding of initial composition and competitive effects. It provides an analogue to RGRD
methods for assessing continuous response competition (Connolly and Wayne 2005;
Ramseier, Connolly, and Bazzaz 2005). It also provides a multivariate alternative to the univariate methods used for discrete responses based on Lotka–Volterra models (Leslie 1958;
May 2001) that allows for correlation among responses within a community. The method
can handle zero values within the multinomial responses, a problem which has plagued
other approaches such as compositional data analysis methods previously considered for
this type of problem (Aitchison and Bacon-Shone 1984; Aitchison 1986; Billheimer 2001;
Billheimer, Guttorp, and Fagan 2001; Aitchison and Kay 2003; Aitchison and Ng 2005).
The simplex design is an instrumental part of the framework as it allows the estimation
of the parameters in model (2.7) which can identify how competitors react to changing
initial presence of other species in addition to its own changing initial presence and to
environmental change (Ramseier, Connolly, and Bazzaz 2005; Kirwan et al. 2007).
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We applied the methodology to an experiment where three strains of M. loti were competing for nodule occupancy on the legume host L. corniculatus. The methodology was
successful in identifying strain C as the most competitive strain for nodulation among the
three rhizobial strains. Strain C occupied a large number of the nodules even when it was
least represented in the inoculum particularly at high inoculum density, which in general
is an indication of a highly competitive strain (Thies, Benbohlool, and Singleton 1992).
This method has also successfully described competition effects in a similar experiment
(Duodu et al. 2009). Our experimental design and model would be of interest in a wide
range of other competition studies where the response multinomial proportions relative to
proportions at an earlier point in time is of interest.
Success in a competitive environment can be highly dependent on the species’ ability
to compete. If there is no reference point prior in time for comparison, the assessment
at a given time can be grossly biased, confounding competitive effects with differences
in initial proportional composition of communities (Connolly, Wayne, and Bazzaz 2001).
Suppose two species are assessed at a given time and both have occupied the same number
of sites. The interpretation might be that the species are equally competitive; however this
interpretation changes dramatically in favor of the second species if at time 0 there was
90% of the first and only 10% of second species present. Having at least one reference
point prior in time validates conclusions about species competitiveness. The inclusion of
the offsets in the model (2.3) incorporates a reference point into modeling. The focus from
π
p
the model changes from whether πij differs from πiJ to whether πiJij differs from piJij . If
p

π

there is a difference between piJij and πiJij , the fixed effects parameter estimates allow us to
determine the cause of the shift in community composition and test if individual species
initial abundance affects it or if any interactions are occurring between competitors.
Many competition experiments use initial starting points of equal representation of all
species in all communities (e.g. Firbank and Watkinson 1985; Hector et al. 1999; Bell
et al. 2005). While this design can answer several interesting questions, including some
on the effects of changing environment, interpretations are somewhat limited. The βj k
coefficients in model (2.7) can not be estimated in a design containing only communities
with each species equally present (Ramseier, Connolly, and Bazzaz 2005). We have shown
that using an appropriate simplex design allows the fitting of model (2.7) through which
we can assess the relative competitiveness of species, whether species interfere with or
interact with each other, and the outcome of these interspecific relationships on community
composition.
The experimental and analytical framework developed here has been described in the
context of competition. For competition to occur a desired resource must be limited and
thus species compete to acquire it. In the example illustrated here, we assumed a finite
number of sites were available and that when a site was invaded it was no longer available
to the other competitors. In the event that the desired resource is not limited, the framework
described here would still be appropriate but species performance rather than competition
would be assessed, i.e. the ‘winning’ species is not out-competing other species but rather
is quicker at acquiring the desired resource in the available timeframe and, given time,
the other species would be able to acquire any resources they desired. The ‘compositional
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change measures’ described above are still appropriate measures to compute, however their
interpretations should change from a competitive context to a performance context. In the
example here, the total number of sites occupied in each community was similar across all
communities and was not affected by cell density (p = 0.65) providing evidence that our
‘competitive’ interpretations are well founded.
There are many parallels between the analysis carried out here and several other analytical approaches, in particular (i) Compositional data analysis (CDA), (ii) Relative
growth rate difference analysis (RGRD) (as already discussed) and (iii) Lotka–Volterra
differential equations for competing species. Our analysis can be considered to be a
compositional data analysis problem (Aitchison 1986) as it is essentially an extension
of the ‘paired comparison lattice’ example presented in Aitchison and Ng (2005). They
test whether the shift (the perturbation) in community compositions differs between two
treatments. We extend their model to determine the effect of the initial compositions,
initial density and any interactions on the community compositional shift and to include the random effect to allow for clustering within each community. An advantage
to our approach is that is can handle zero values in the multinomial response which
cannot be done using the ‘paired comparison lattice’ approach. Advances have been
made on how to handle zero values in CDA methods; some of these methods rely on
the zero values being rounded zeros rather than true zeros (Aitchison and Kay 2003;
Martín-Fernández, Barceló-Vidal, and Pawlowsky-Glahn 2003), while others are either
work in progress (Aitchison and Kay 2003) or have been developed in the context of
group comparisons (Butler and Glasbey 2008) rather than examining competitive changes
over time. We have chosen the alternative approach of modeling the underlying discrete
multinomial count process and using the models to generate compositions as has also
been done with count data with an underlying Poisson process (Aitchison and Ho 1989;
Bacon-Shone 2008). Our model is also closely related to the Lotka–Volterra differential
equations for competing species. An analogue to the Lotka–Volterra equations to deal with
discrete rather than continuous measures of species performance was developed by Leslie
(1958). It is easy to show that the approach developed above is also a discrete analogue
to the Lotka–Volterra equations. However, previous approaches that respect the discrete
nature of responses rarely deal with the multivariate nature of these types of data (e.g.
Law and Watkinson 1987). The approach outlined here respects the multivariate nature
of the data and also includes the random community term to allow for variability from
community-to-community.

SUPPLEMENTARY MATERIALS
Appendix A: The raw experimental data (excel file)
Appendix B: The SAS code to fit the final model (pdf file)
Appendix C: Model fitting with AIC (pdf file)
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