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Abstract. Vegetation models based on multiple logistic re- 

gression are of growing interest in environmental studies and 
decision making. The relatively simple sigmoid Gaussian 

optimum curves are most common in current vegetation mod- 
els, although several different other response shapes are known. 
However, improvements in the technical means for handling 
statistical data now facilitate fast and interactive calculation of 
alternative complex, more data-related, non-parametric mod- 
els. The aim in this study was to determine whether, and if so 
how often, a complex response shape could be more adequate 
than a linear or quadratic one. Using the framework of Gener- 
alized Additive Models, both parametric (linear and quad- 
ratic) and non-parametric (smoothed) stepwise multiple logis- 
tic regression techniques were applied to a large data set on 
wetlands and water plants and to six environmental variables: 

pH, chloride, orthophosphate, inorganic nitrogen, thickness of 
the sapropelium layer and depth of the water-body. All mod- 
els were tested for their goodness-of-fit and significance. Of 
all 156 generalized additive models calculated, 77 % were 
found to contain at least one smoothed predictor variable, i.e. 
an environmental variable with a response better fitted by a 

complex, non-parametric, than by a linear or quadratic para- 
metric curve. Chloride was the variable with the highest 
incidence of smoothed responses (48 %). Generally, a 
smoothed curve was preferable in 23 % of all species-vari- 
able correlations calculated, compared to 25 % and 18 % for 

sigmoid and Gaussian shaped curves, respectively. Regres- 
sion models of two plant species are presented in detail to 
illustrate the potential of smoothers to produce good fitting 
and biologically sound response models in comparison to 
linear and polynomial regression models. We found Gener- 
alized Additive Modelling a useful and practical technique 
for improving current regression-based vegetation models 

by allowing for alternative, complex response shapes. 

Keywords: GAM; GLM; Multiple Logistic Regression; 
Smoothing spline; Species response models; Wetland. 

Nomenclature: van der Meijden (1990). 

Abbreviations: GAM = Generalized Additive Model(ling); 
GLM = Generalized Linear Model(ling). 

Introduction 

One of the current approaches in vegetation analysis 
is the statistical fit of correlative models, where plant 

responses are fitted by regression to one or more biotic 

and/or abiotic variables. The present study concentrates 
on the shape of vegetation response in relation to a set of 

environmental variables, assessing if and how often a 

simple linear or symmetric bell-shaped or a more com- 

plex response shape is more adequate in the determina- 
tion. At present, most of the current vegetation theory is 

based on Gauch & Whittaker's continuum concept (1972) 
and its associated ideas of bell-shaped response curves. 

Although there is no knowledge of any mechanistic proc- 
ess that might generate these bell-shaped (Gaussian) re- 

sponses (Austin 1976), they have been widely used in 

regression and ordination-based vegetation response mod- 

els (e.g. Gauch et al. 1974; Austin et al. 1984; ter Braak 

1985, 1987; Margules et al. 1987; Shipley et al. 1991; 

Barendregt et al. 1993; Latour & Reiling 1993; Bootsma 

& Wassen 1996; Oomes et al. 1996; van de Rijt et al. 

1996). Gaussian optimum curves have computational 
advantages. They are easy to handle statistically since 
methods for their fit, analysis and evaluation are well 

described, given the similarities they bear to the normal 
distribution curve. They also allow for easy measure- 

ments of optima and tolerances, features frequently used 

to attribute ecological value to plant species or communi- 

ties (ter Braak 1986; Jongman et al. 1987). 
Increasing evidence of asymmetric and other com- 

plex response curves is fostering a growing interest in 

new approaches to vegetation response modelling, al- 

lowing for alternative curve shapes. Austin reported 
non-normal vegetation response curves as early as 1976. 
Later on, he used models for skewed response curves, 
fitted by a f-function or a third-order cubic polynomial 
(Austin et al. 1984; Austin 1987; Austin & Smith 1989; 
Austin & Gaywood 1994; Austin et al. 1994). He recog- 
nized that allowing for skewness might not always be 

enough for an adequate fit, given the evidence of com- 

plex response shapes and possible bimodal distributions 

(Austin et al. 1990). Huisman et al. (1993) developed 
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and tested a function to model skewed responses, trying 
to find a parametric answer to complex vegetation re- 
sponses. A less restrictive method is the use of response 
histograms, where continuous data are categorized to 
derive the shape of vegetation response (Jongman et al. 
1987; ter Braak & Gremmen 1987; Austin et al. 1990; 
Noest 1994). Recent developments in generalizing meth- 
ods for non-parametric regression -'non-parametric' 
sensu Hastie & Tibshirani (1990), where no regression 
parameters are estimated - and the availability of better 
and faster computers have given way to a new approach: 
data-driven smooth modelling in the context of General- 
ized Additive Modelling (GAM). 

GAMs (Hastie & Tibshirani 1990; Chambers & Hastie 
1993) form an extension of the Generalized Linear Mod- 
els (Nelder & Wedderbur 1972; McCullagh & Nelder 
1989; Dobson 1990). The latter - successfully applied in 
many ecological studies, such as Austin et al. (1984) and 
Margules et al. (1987) - enable ecologists to model 
species response to a wide range of environmental data 
using response models with linear parameters (Yee & 
Mitchell 1991). GAMs are more flexible and less restric- 
tive as they allow for both linear and complex response 
shapes, as well as a combination of the two in one model. 
Besides all the functions of the GLM family, they include 
a variety of smooth functions (or smoothers). Smoothers 
display a trend in data without it being forced into a rigid 
form of dependence. Smoothers can fit any possible 
shape of response curve, estimating the response for each 
abiotic variable - or set of variables - dependent on the 

responses observed for neighbouring values. The response 
curve is hence more data- than model-driven. Smoothed 
curves can be used as an exploratory tool: they visualize 
the shape of the relationship between a plant's response 
and dependent variables, or they can be used directly for 
estimation and prediction of vegetation responses (Hastie 
& Tibshirani 1990; Yee & Mitchell 1991; de Swart et al. 
1994; Huntley et al. 1995; Austin & Meyers 1996). 

In the present study GAM was applied to a large wet 
meadow data set (> 2000 observations) to determine the 
frequency of complex curve shapes in the response of 156 
hydrophyte and phreatophyte plant species to six continu- 
ous abiotic variables. Multiple regression enabled us to 
model the combined effect of the environmental variables 
on each species' occurrence. Each species was subjected 
to a forward stepwise multiple logistic regression analy- 
sis. For each predictor variable, vegetation response was 
allowed to follow a first-order linear (sigmoid), a second- 
order linear (Gaussian), or a smoothed response shape, or 
it was omitted, depending on the statistical significance of 
the resulting model. This procedure resulted in multiple 
logistic models, often combining linear and smoothed 
terms, also called generalized partially additive models 
(McCullagh & Nelder 1989). The resulting models were 

compared to a second set of models, calculated by the same 
stepwise procedure, but restricted to first- and second- 
order linear response shapes. Differences in goodness-of- 
fit and explained deviance were analysed. For two species 
a third type of model is presented, where smoothed re- 
sponses were replaced by polynomes of equivalent order - 
same number of degrees of freedom (d.f.). This illustrates 
the limitations of polynomes in comparison to smoothing 
splines (Hastie & Tibshirani 1990; Trexler & Travis 1993). 

Data sources and Methods 

Data were taken from field work carried out for the 
development of the regional vegetation models of the 
ICHORS series (Barendregt & Nieuwenhuis 1993). Dur- 
ing summer periods between 1984 and 1991 ditches and 
small lakes in the polders of western and central parts of 
The Netherlands were sampled. The extracted data set of 
2090 records in total (Fig. 1) contains records of hydro- 
phytes and phreatophytes (according to Londo 1988) 
and measurements of numerous abiotic variables deter- 
mined per plot. Each sample represents the water sur- 
face area of the largest homogeneous and undisturbed 
zone found: (1) homogeneous in relation to soil, hydrol- 
ogy, type of vegetation, water chemistry and physical 
variables and (2) undisturbed, i.e. without prominent 
hydrological and ecological changes during the last 5 to 
10 yr. Each plot covers an area of 0.5 - 5 ha. 

We used the presence/absence records of 156 plant 
species (App. 1) as response variables, and six continuous 
abiotic environmental variables as candidate predictors: 
pH; chloride, orthophosphate, and inorganic nitrogen 
concentrations; and, thickness of the sapropelium layer 

Fig. 1. Location of the sample points in The Netherlands 
according to Barendregt (1993). 
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Table 1. Measurements of the abiotic predictor variables in 
the data set. 

Measurement 

Variable Code Unit Range Average 

pH pH 4.5 - 10.7 7.7 
Chloride Cl mg/1 1.0 - 12 640.0 296.6 
Orthophosphate oP mg/l 0.0 - 36.2 1.1 
Inorganic N Ninorg. mg/l 0.0 - 19.6 0.6 

Sapropelium layer Sapro. cm 0 - 170 35.4 
Water depth Depth cm 0 - 200 35.6 

(deposition of decomposing organic material and mud) 
at the bottom of the water-body and the depth of the 

water-body (Table 1; Barendregt & Nieuwenhuis 1993). 
The selection of predictor variables was based on their 

importance for Dutch aquatic vegetation, while taking 
into account issues such as acidification, eutrophication 
and desiccation (de Lyon & Roelofs 1986; Barendregt 
& Nieuwenhuis 1993; Latour et al. 1995). The selected 
variables show little correlation with each other (Table 
2). Inorganic nitrogen was calculated summing the ni- 

trogen contained in nitrate and ammonia. The chloride, 
orthophosphate and inorganic nitrogen values were trans- 
formed to their natural logarithm to achieve better distri- 
butions of observations along the gradients (Fig. 2). 

Generalized linear models and generalized additive 
models 

Generalized Linear Models (GLM) as proposed by 
Nelder &Wedderburn (1972) form a computational and 
theoretical framework successfully used to model spe- 
cies response to several types of environmental data 

(Yee & Mitchell 1991). The response variable - as- 
sumed to be independent and following a distribution of 
the exponential family - is modelled in relation to a 

4 6 8 10 12 0 2 4 6 8 10 
pH In(Cl) 

Table 2. Correlation coefficients of abiotic predictor variables 
(as logarithm) of the data set (codes according to Table 1). 

pH ln(Cl) In(oP) ln(Ninorg.) Sapropelium 

ln(Cl) 0.215 
ln(oP) 0.020 0.221 
ln(Ninorg.) - 0.136 0.096 0.186 
Sapropelium - 0.052 0.008 - 0.064 - 0.169 
Depth - 0.028 - 0.066 - 0.127 - 0.132 0.059 

vector of one or more predictor variables by means of a 
link function. We shall concentrate on logistic regres- 
sion, the method most commonly used for binary re- 

sponse variables, such as the presence/absence records in 
the present study (Yee & Mitchell 1991; Huisman et al. 

1993). Here, the link function is the logit. It is used to 

expand the '0 to 1' interval of the dependent variable to a 
- oo to + o interval. In linear modelling the logit of the 

response probability is modelled with predictor effects 
assumed to be linear in their parameters: 

logit[P(X)]= log 
p(x) 

=Xp3 (1) 
I-PX)_ 

where P(X) is the probability of a presence (Y = 11 X) 
and XJ the linear predictor (Hastie & Tibshirani 1990). 
Generalized Additive Models (GAM) form a non-para- 
metric (according to Hastie & Tibshirani 1990) exten- 
sion of GLM. In GAMs the linear predictor is replaced 
by an additive one. The logit becomes: 

log it[P(X)]= log 1P(X =a+ E(x j) 
_1- P(X)_ j= 

(2) 

where theft are arbitrary functions, e.g. smoothfunctions 
(Hastie & Tibshirani 1990). However, in GAM f1 can 
also be replaced by a linear predictor, resulting in a 
linear model. 

I0nP,1.... 0 ln(oP+ 
In(oP+I) 

E 

o 
Ea 

c e 

0 i 2 3 
In(Ninorg.+l) 

100 10o 200 
Depth 

Fig. 2. Frequency histograms in- 
dicating the distribution of sam- 
ples along continuous predictor 
variable gradients - pH; chloride 
(C1), orthophosphate (oP) and in- 
organic nitrogen (Ninorg) in mg/l; 
thickness of the sapropelium layer 
(Sapro.) and depth of the water 
body (Depth), in cm. 
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A smooth function, or smoother, is a powerful ex- 
ploratory tool because it can fit any possible shape of 
response curve visualizing the relationship between an 
observed plant's response and independent variables - 
also allowing for direct estimation and prediction of 
vegetation response (Yee & Mitchell 1991). 

The most commonly used smoothers in ecology are 
probably locally weighted smoothers and smoothing 
splines. Locally weighted smoothers estimate the vegeta- 
tion response for each value of the abiotic variable, de- 
pending on the responses observed for neighbouring val- 
ues. The influence of each neighbouring value on the 
estimate is determined by a weight function, with more 
influence attributed to closer neighbours than to those 
further apart. The degree of smoothing is determined by 
the range of neighbours considered. Smoothing splines 
divide the response range into segments, meeting at dis- 
tinct predictor values called 'knots'. A polynomial func- 
tion is fitted for each segment. In practice, both methods 
yield similar results. In the present study we used the 
cubic smoothing spline, as described by Hastie & 
Tibshirani (1990) and Chambers & Hastie (1993). We 
allowed for two smoothing levels, 'complexities', one 
with ca. 3 d.f. and one with ca. 4 d.f. per predictor. 

Model construction 

The binary (presence/absence) vegetation response 
was fitted to the continuous abiotic predictor variables 
by multiple logistic regression under the Generalized 
Additive Models (GAM) option of the statistical pack- 
age Splus (Becker et al. 1988; Chambers & Hastie 1993; 
Venables & Ripley 1994). Two models were built for 
each plant species: one with four possible response 
shapes (degrees of complexity) per predictor (FPS) and 
a second one restricted to two possible shapes (TPS). 

All models were built by means of a forward stepwise 
selection of variables and response curves with different 
levels of complexity. The least complex response consid- 
ered for the FPS models was the first-order linear one; it 
uses one degree of freedom and shows a sigmoid shape in 
logistic regression. Then we considered a second-order 
(quadratic) response using 2 d.f. and showing a symmet- 
ric bell-shaped (Gaussian) response curve. Cubic smooth- 
ing splines were applied to account for more complex 
responses, one with 3 d.f. and a second one with 4 d.f. 
Starting with the null model (with the intercept only), 
each candidate predictor was added as a first-order term, 
x; as a second-order polynome, x + x2 or p(x, 2); as a 
smoothed term with 3 d.f., s(x, 3), or a smoothed term 
with 4 d.f. s(x, 4). The drop in residual deviance caused 
by the addition of each term was compared to a x2. The 
statistically most significant response - out of the 6 
(variables) x 4 (response shapes) possible ones - was 

then added to the null model, and the procedure repeated 
for the remaining variables (Nicholls 1989; Yee & 
Mitchell 1991; Ferrer-Castan et al. 1995). Selection 
stopped when none of the remaining terms resulted in a 
change in deviance significant at the 0.01 level. This 
procedure is based on adding the term that results in the 
most significant improvement of the model (thus consid- 
ering the difference in residual deviance and degrees of 
freedom simultaneously). It is related to stepwise model 
selection, where the term contributing to the largest change 
in deviance (the most explaining term) is added, provided 
it is significant at a certain (mostly 0.01) level (Austin et 
al. 1990; Birks 1996). In our study the most explaining 
term is almost always a smoothed term. For reasons of 
parsimony, selection of the most significant term is there- 
fore preferable, especially when complex response terms 
are contemplated. 

The simpler TPS models were built analogously, but 
restricting the possible response shapes to the sigmoid 
and Gaussian ones (thus selecting out of 6 x 2 possible 
model elements). Both model series were compared in 
terms of their goodness-of-fit and the percentage of 
explained deviance. 

For the two plant species presented in detail, a third 
four-possible-shapes model was derived from the previ- 
ously calculated FPS model, replacing all the smoothed 
responses by a polynome of equivalent order (same 
number of degrees of freedom used). In this new model 
- subsequently designated as FPSpoly - each predictor 
is thus fitted by a first- (x), second- [poly(x, 2)], third- 
[poly(x, 3)] or fourth-order polynome [poly(x, 4)], or 
omitted from the model. For these two plant species, 
approximate confidence intervals were calculated 
(Chambers & Hastie 1993). 

Assessment of goodness-of-fit 

Goodness-of-fit indicates how well a model describes 
the response variable. To assess the fit of our models, we 
performed a Hosmer and Lemeshow test. This test quan- 
tifies a model's goodness-of-fit, comparing groups of 
observed and predicted responses (Hosmer & Lemeshow 
1989). The predicted values of each model were ar- 
ranged in ascending order previous to grouping them 
into 10 classes, each with the same sum of predicted 
values (although other grouping strategies are possible; 
see Hosmer et al. 1988). For each model the Hosmer- 
Lemeshow goodness-of-fit criterion ( C ) was calculated 
according to the Pearson x2 statistic: 

= (Ok - nkc)2 

k=lnkf'k(1- k) 

where nk is the number of observations, ok the number of 
presences and 7'k the mean estimated probability in the 
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kth class. C is then compared to a x2 with 8 (number of 
classes minus 2) degrees of freedom. 

We also compared the percentage of explained devi- 
ance (% D) of the FPS, FPSPOI, (only for the two selected 
plant species) and TPS models per plant species (Yee & 
Mitchell 1991; McCullagh & Nelder 1989; Smith 1994). 
The deviance depends on the percentage of positive 
observations and % D does not therefore supply a direct 
measure of fit (Yee & Mitchell 1991). It enables us, 
however, to compare models of different complexity 
applied to the same data. 

sponse shape of non-smoothed variables in the same 
model, indicating some interaction between predictors. 

Fig. 4 shows some examples of the different FPS and 
TPS response shapes for the same variable and species. 
The smoothed responses reveal a great variety of shapes. 
Sometimes they do not seem to differ much from a 
sigmoid or Gaussian curve, but most of the time they are 
markedly different, appearing skewed, bimodal and 
sometimes difficult to label. 

Goodness-of-fit 

Results 

All models (FPS, TPS and FPSpolV) are statistically 
significant at 0.0003 (Bonferroni-adjusted 0.05 signifi- 
cance level), with the exception of those fitted for 
Deschampsia cespitosa, which are significant at 0.002. 

Only 23 % of the 156 FPS models calculated contain 
exclusive sigmoid and Gaussian response curves. The 
remaining 77 % have at least one response (environ- 
mental) variable modelled by a more complex, smooth 
function. Abundant species tend to have more smoothed 
response curves in their multiple regression model; there 
is a significant positive correlation between occurrence 
of smoothing and the number of positive observations. 

On average, 23 % of all responses fitted in FPS 
models are smoothed curves, with the same proportion 
of both degrees of complexity (using 3 and 4 d.f., 
respectively). The Gaussian curve is the less frequent 
one, fitting, on average, 18 % of all responses. Ca. 25 % 
of the FPS responses are modelled with a linear sigmoid 
curve, and in 34 % of all cases the variable is omitted. The 
percentages of occurrence for the four possible response 
shapes and percentages of exclusion from the model vary 
with predictor variable (Fig. 3a). Chloride reveals the 
highest incidence of smoothed responses (48 %), most of 
them using a complex smooth (with 4 d.f.). This predictor 
is followed by depth (33 % of smoothed responses) and 
remaining variables (10 to 20 %). 

When using first- and second-order linear (TPS) mod- 
els exclusively, 32 % of the responses follow sigmoid and 
29 % Gaussian optimum curves (Fig. 3b). Predictor vari- 
ables are omitted in 39 % of all responses. Comparing 
both model sets on a species level, we find that most 
(43 %) of the smoothed responses in the FPS models are 
fitted by a Gaussian optimum curve in the simpler TPS 
models; 24 % become sigmoid and 21 % are omitted. 
About 3 % of all responses calculated show a different 
parametric fit for the same variable and species in FPS 
and TPS models. This occurred only in combination with 
at least one smoothed response in FPS. The presence of a 
smoothed predictor variable may thus influence the re- 

The Hosmer-Lemeshow goodness-of-fit test shows 
that the more complex four-possible-shapes (FPS) mod- 
els perform, generally, better than the two-possible- 
shapes (TPS) models. Considering the 120 species in- 
cluding at least one smoothed term in FPS, 88 % of all 
FPS models were found acceptable on an a-level of 0.05, 
in comparison to 74 % of all TPS models. Generally, 
allowing for more model complexity raised the p-value of 

FPS 

pH Ci oP Ninorg. Saplr. Depth 

predictor 

a *4ctf srooth 3dfsni ootlh 3? 2ndorder . 1Ist order Onull 

TPS 

b 

pH CI oP Ni:,t, : SaFpr<). Dept 

no l prdc- 0 c ur 
[ 2nrd order O' st ordcer O null 

Fig. 3. Percentage occurrence of different response shapes in 
the multiple logistic regression models: a. FPS models, b. TPS 
models. Predictor variable: pH, chloride (Cl), orthophosphate 
(oP), inorganic nitrogen (Ni,,,lr), thickness of the sapropelium 
layer (Sapro.) and depth of the water-body (Depth). 
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C by more than 5 %. On a species level, and for the same 

a-level, 21 % of the 120 species considered had an ac- 

ceptable FPS and an unacceptable TPS model, while only 
7 % showed the opposite. Both models are acceptable for 
67 % and rejectable for 5 % of the species. 

The more variables are smoothed, the more deviance 
is explained - a direct consequence of more degrees of 
freedom used. Considering the 120 plant species with 
one or more smoothed terms in FPS, the mean percent- 
ages of explained deviance (%D) are 15 % (ranging from 
3% - 72 %) for FPS and 13% (1% -66%) for TPS 
models. Although the gain in explained deviance through 
complex modelling may seem small, it is frequently 
relevant in view of the generally low rates of %D typical 
for logistic regression. Only for two rather rare species 
(Glaux maritima and Juncus gerardii) > 50 % of the 
deviance is explained in both models. There are, how- 

ever, also models that explain < 5 % of the deviance (11 
of the FPS and 26 of the TPS type models), suggesting 
that the environmental predictor variables chosen may 
have little effect on the species' distribution. For both 
model types, < 5 % of the explained deviance is shown 

by: 
Angelica sylvestris Cirsium palustris 
Epilobium palustre Epilohium parviflorum 
Lychnis flos-cuculi Lysimachia nummularia 
Nymphoides peltata Potamnogeton mucronatus 
Rorippa palustris 

Some species in detail 

As examples we present two plant species with 
marked differences in their FPS and TPS models. Lemna 

gibba is a relatively abundant species with 456 occur- 

rences; Menyanthes trifoliata is rare in our data, with 

only 33 occurrences. For these species we calculated - 
next to FPS and TPS - a third model, obtained by 
replacing all smoothed terms in the FPS models with 

polynomes of the same order (i.e. using the same number 

of degrees of freedom). These FPSpoly models are com- 

pared to the smoothed FPS of equivalent parsimony. 
Allowing for smoothed terms greatly improves the 

response models for both species (Table 3). Comparing 
the TPS and FPS models for L. gibba, we see that an 
additional 7 d.f. result in 40 units of residual deviance 

less; an increase of explained deviance from 20 % (TPS) 
to 22 % (FPS). The TPS and FPS models for M. trifoliata 
differ by 4 d.f. and 13 units of residual deviance, with an 

explained deviance of 26 % and 30 %, respectively. Also 
the goodness-of-fit greatly benefits from increased model 

complexity, with p-values of 0.0093 and 0.9024 for the 
TPS and FPS models of L. gibba, and p-values of 0.1626 
and 0.6989 for the TPS and FPS models of M. trifoliata. 

The parametric FPSpoly models use about as many 
degrees of freedom as the smoothed FPS models, with 
less explained deviance and a poorer goodness-of-fit. 
For M. trifoliata, the FPSpoly model has an even worse 

goodness-of-fit than the simple TPS model. 

Comparing the three L. gibba models graphically, 
we find differences in the responses to chloride, ortho- 

phosphate and inorganic nitrogen (Fig. 5). The TPS 
model displays a bell-shaped response to chloride and 

orthophosphate, while both complex models show nega- 
tively skewed curves for chloride and a plateau for 

orthophosphate. For these two variables we can clearly 
see the edge effect in the fourth-order polynomials of 

FPSpoly. This phenomenon is typical in higher order 

polynomes, where the edges of the response curve are 
waved to fit the points in the centre of the gradient 
(Trexler & Travis 1993). The resulting divergence from 
the data becomes evident in the increased confidence 
intervals. Inorganic nitrogen was omitted from the TPS 

model, displaying a plateau in FPS and FPSpoly, with 
decreased predicted response above 6 mg/l. 

Lemna gibba is a floating hydrophyte, generally 
found in slightly brackish, eutrophic waters. The FPS 
model responses obtained for chloride and nutrients 

Table 3. Comparison of three multiple regression models (FPS, TPS and FPSpoly) for Lemna gibba (Lg) and Menyanthes trifoliata 
(Mt). Predictor variables: pH, chloride (Cl), orthophosphate (oP), inorganic nitrogen (Ninorg.), thickness of the sapropelium layer 
(Sapro.) and depth of the water-body (Depth); Dres = residual deviance; d.f. = degrees of freedom used by the model in addition to 
one for the intercept; p- C = p-value of the Hosmer-Lemeshow goodness-of-fit criterion. 

Model Terms a Dres. d.f. p-C 

Lg-TPS 
Lg-FPS 
Lg-FPSpoly 
Mt-TPS 
Mt-FPS 

Mt-FPSpoly 

pH + p(Cl, 2) + p(oP, 2) + p(Sapro., 2) + Depth 
pH + s(Cl, 4) + s(oP, 4) + s(Ninorg., 3) + p(Sapro., 2) + Depth 
pH + p(Cl, 4) + p(oP, 4) + p(Ninorg., 3) + p(Sapro., 2) + Depth 
pH + Cl + p(Depth, 2) 
pH + Cl + s(Sapro., 4) + p(Depth, 2) 
pH + C1 + p(Sapro., 4) + p(Depth, 2) 

1757 
1717 
1720 
252 
239 
240 

8.0 
14.9 
15.0 
4.0 
8.0 
8.0 

0.0093 
0.9024 
0.8300 
0.1626 
0.6989 
0.1435 

a The number of degrees of freedom used for the fit of polynomes (p) and smooths (s) follow the predictor code in parentheses. For the terms Cl, oP 
and Ninorg. the natural logarithm was used. 
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response curves obtained in FPS models 
(solid line) in comparison to the responses 
in the corresponding TPS models (dashed 
line). Chloride (Cl) and orthophosphate (oP) 
are presented in mg/l. For plotting, all vari- 
ables - except for the plotted one - were set 
at constant values corresponding to the sam- 
ple that originated the highest predicted re- 
sponse in the model data set. The plotted 
predicted probabilities of occurrence are thus, 
given our data, the optimal values. The up- 
per vertical bars indicate presence of the 
plant species, the lower ones absence. The 
number of visible bars in the plots differs 
between variables because some (such as 
depth and sapropelium) have the same value 
at several sampling sites (i.e., overlying bars). 
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(orthophosphate and inorganic nitrogen) are in better 

agreement with field observations than those obtained 
for TPS models. Field data do not suggest chloride to be 

strongly limiting in moderately low concentrations, just 
as there is no indication of a negative effect from high 
concentrations of orthophosphate on the occurrence of 
this species. Inorganic nitrogen - omitted in the TPS 
model - is known to favourL. gibba. The responses fitted 
to the depth and sapropelium layer are as expected. This 

species generally occurs in shallow waters. Greater thick- 
ness of the sapropelium layer probably becomes limiting 
because it is mostly found in deeper waters. We did not 

expect the decreasing sigmoid response to the pH ob- 
served in all models, since L. gibba is not known to prefer 
acid conditions. However, even the removal of the only 
positive observation at a pH of about 5, does not change 
the general response shape. 

Menyanthes trifoliata models (Fig. 6) differ only in 
their response to one predictor variable - the thickness 
of the sapropelium layer. This variable is omitted in 

TPS, but modelled in FPS. Again the polynome of 

FPSpo]y has a wavy shape, pointing at edge effects. M. 

trifoliata is a mesotrophic phreatophyte frequently asso- 
ciated with shallow peat ponds. Its preference for neu- 
tral to acid (peat) conditions, as well as for fresh water is 
well reflected in all models. The correlation with the 

sapropelium layer was not expected. Sapropelium gen- 
erally contains high amounts of nutrients. M. trifoliata is 
known to prefer nutrient-poor situations. It is possible 
that the response obtained is caused by an underlying, 
not modelled, environmental factor associated with the 
thickness of the sapropelium layer. The decrease of 

probability of occurrence at thicker sapropelium layers 
may be due to excess nutrients or to a positive interac- 
tion with the depth of the water-body (the increase in 

response of the FPSpoly model to high values of 

sapropelium does not seem sensible). M. trifoliata may 
occur in deeper waters, but because it is always rooted in 
the sediment, we expected an optimum at a lower depth 
than the estimated 100 cm. 
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Fig. 5. Regression models for Lemna gibba; left column - TPS, centre column - FPS and right column - FPSpoly model. Next to the 
predicted probability of occurrence (solid line) approximate twice standard error bands are displayed (dotted line). Chloride (CI), 
orthophosphate (oP) and inorganic nitrogen (Ninorg.) are presented in mg/I, thickness of the sapropelium layer in cm. For each plot all 
variables - except for the plotted one - were set at constant values corresponding to the sample that originated the highest predicted 
response in the model data set. The vertical bars at the top of each plot indicate species' presence, the bars at the bottom species' 
absence. 

Discussion 
The observed abundance and variety of non-para- 

metric response shapes show that allowing for skewed 
response shapes constitutes a step forward but is not the 
answer to the problem. Generalized additive modelling 
is, in this context, a powerful tool. It enables us to 
choose any possible response shape within a formal 
setting, yet without having to assume any particular 
(functional) relationship between the dependent and 
independent variables (Shipley & Hunt 1996). It is also 
easy to use as there is no need to categorize data (Austin 
et al. 1990; Noest 1994) or to develop distinct, and often 
restrictive, functions to fit different types of response 
shapes. Higher order polynomes are, for instance, known 

Stepwise additive multiple logistic regression often 
results in a complex response model given the chance. 
More than 75 % of our 156 four-possible-shapes re- 
sponse models include at least one smoothed response. 
Ca. 25 % of all (6 x 156) response curves embodied in 
the final multiple models are smoothed. These results, 
along with the variety of response shapes presented in 
Fig. 4, are consistent with those from other studies 
(Austin 1976; Austin et al. 1984; Austin 1987; Austin et 
al. 1990; Austin et al. 1994; Noest 1994), where fre- 
quent departures from Gaussian vegetation responses to 
environmental variables were found. 
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to the predicted probability of occurrence (solid line) approximate twice standard error bands are displayed (dotted line). Chloride 
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at constant values corresponding to the sample that originated the highest predicted response in the model data set. The vertical bars 
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for their inflexibility and tendency to produce spurious 
response shapes (Austin et al. 1990). The ,f-function 
proposed by Austin et al. (1994) and critized by Oksanen 
(1997), might be used to model symmetrical, skewed 
and even bimodal responses, but requires lower and 
upper limits of the response to the environmental gradi- 
ent. It is, therefore, inadequate for sigmoid or plateau- 
shaped responses, or whenever the sample-range is too 
restricted to display the full response shape. Further- 
more, parametric models for skewed relationships be- 
come increasingly difficult to analyse statistically when 
two or more variables are considered simultaneously 
(Huisman et al. 1993). Our results demonstrate that 
smoothers are able to produce statistically valid and 
biologically sensible vegetation response models. 

There are various reasons why vegetation responses 
of species in their natural environment may differ from 
the frequently assumed symmetric bell-shaped opti- 
mum curve. Responses may either themselves be non- 
linear in shape, or influenced by interacting with non- 
linear factors. A vegetation response that follows a 
Gaussian curve will demonstrate this response shape in 
a model only if all underlying, not modelled, processes 
are equally linear in their effect. However, considering 
the enormous number of important causal biotic and 
abiotic variables not modelled, it is obvious that this 
condition is seldom encountered. There are non-linear 
processes such as blocking agents (that affect species' 
distribution abruptly when they reach a certain limit), 
competition, and many other geographical or time-de- 
pendent variables influencing the shape of the response 
of variables they interact with (Austin et al. 1984; ter 

Braak & Looman 1986; Austin 1987; Huisman et al. 
1993; Eckschmitt & Breckling 1994; Smith 1994; 
Leibold 1995). 

The strength of the flexible smooth curve can be 
easily illustrated in this context. Salt tolerance is an 
example of a possible underlying and interacting proc- 
ess. Chloride is not only supplied by salt and brackish 
water, but frequently also by waste water. Complex 
responses to chloride can thus be caused by a combina- 
tion of associated pollution and salinity effects. In our 
FPS models we noticed a frequent 'dip' in predicted 
response for chloride concentrations between 50 and 
150 mg/l (Fig. 4). This may be caused by a limiting 
factor - for instance, associated with pollution - charac- 
teristic for this chloride range in our data. Another 
obvious advantage of smoothed curves, in contrast to 
first- and second-order linear models, lies in the model- 
ling of plateau-shaped responses. Considering, for in- 
stance, a species' response to nutrients, this may be 
characteristic of situations where moderate to rich nutri- 
ent levels are present, such as the response to orthophos- 
phate modelled for our sample species L. gibba (Fig. 5). 
Such a plateau-shaped response cannot be adequately 
modelled by a Gaussian or sigmoid response curve. The 
Gaussian response declines at higher nutrient levels; the 
sigmoid curve steadily increases up to the maximum 
probability of one. 

Unbalanced sample distribution is sometimes named 
as a factor thought to cause spurious, abnormal re- 
sponses (Yee & Mitchell 1991). The present data were, 
however, quite randomly collected, with samples well- 
distributed along the environmental gradients meas- 
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ured. This aspect, associated with the fact that more 
information on a species' distribution (i.e. a less diver- 
gent proportion of presences and absences) in our data is 
linked to more complex response models, points to true 
underlying non-linear processes. 

As expected, smoothed responses perform better than 
polynomes in fitting complex responses. Third and higher- 
order polynomes have serious drawbacks (Burrough 
1986; Austin et al. 1990; Hastie & Tibshirani 1990; 
Huisman et al. 1993; Trexler & Travis 1993; Austin et al. 
1994). Their lack of flexibility and tendency to spurious 
and biologically unrealistic response shapes is con- 
firmed by our results. The fact that polynomes are 
bound to rigid shapes causes higher-order polynomes to 
display strange edge effects. To fit the centre of the 
gradient, they tend to wave their edges. They are also 
quite sensitive to outliers (in contrast to smoothers; 
since smoothers are local interpolators, outliers affect 
only the response to a part of the predictor gradient). 
There is no reason to use higher-order polynomes if 
better methods are available (Trexler & Travis 1993). 

Generally, the more complex FPS models display a 
better goodness-of-fit and more explained deviance than 
the TPS models, an expected result inherent in the more 
data-related approach of smoothed response models. 
The two species presented in detail illustrate how com- 
plex response shapes can greatly improve the goodness- 
of-fit of a multiple regression model. The observed seem- 
ingly low percentages of explained deviance agree with 
those found in other similar studies (e.g. Yee & Mitchell 
1991; Barendregt et al. 1993; Smith 1994). They are low 
due to the binary character of the response variable. The 
predicted probabilities of occurrence (0 < p < 1) will nec- 
essarily diverge from the observations (presences/ab- 
sences, i.e. 1 and 0) (Huisman et al. 1993). 

An important implication of the observed variety of 
smoothed response shapes is the impossibility of pre- 
dicting a species' response for predictor values beyond 
the modelled range of the independent variable. Using 
parametric models it might seem technically possible to 
perform such an extrapolation but caution is advised. 
The fact that the response over a certain predictor range 
is adequately fitted by an equation should not be used to 
justify extrapolations, for example, by considering sig- 
moid curves to be truncated Gaussian curves (ter Braak 
& Looman 1986). Any statistical inference beyond the 
modelled variable range is not valid (James & McCulloch 
1990). 

It is technically impossible and, practically speak- 
ing, not feasible to model all factors affecting vegetation 
response. Allowing for alternative response shapes, we 
are able to develop more adequate models with a small 
number of predictor variables, taking into account non- 
linear causal variables without their explicit inclusion in 

the model. Numerous assumptions are generally made 
for regression-based response models. Samples are as- 
sumed to be randomly collected and independent, thus 
no spatial or temporal autocorrelation is accounted for; 
predictor variables are (often) supposed not to interact; 
and measurements are assumed to be correctly taken 
and representative of the sampled region. Since every 
invalid assumption contributes to the model error, we 
should avoid yet one more: the a priori assumption of a 
fixed response shape (or set of shapes). Using data- 
driven regression techniques, like smoothing, gives the 
best chance of equally distributing the error of the model 
(in a broad sense, i.e. errors and unmodelled variance) 
along the predictor gradients, resulting in more realistic 
predictive models. 

Generalized Additive Modelling, allowing for com- 
plex non-parametric or combined models, forms a great 
improvement in vegetation response modelling. A com- 
plex response shape is clearly preferable to the so-often 
used simple parametric ones as long as the improvement 
in fit and prediction justifies the loss in parsimony. 
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App. 1. The 156 plant species or groups modelled and the number of occurrences (no. occ.) in the 2090 samples. 

Species No. occ. Species No. occ. Species No. occ. 

Achillea ptarmica 
Acorus calamus 
Alisma plantago-aquatica 
Alnus glutinosa 
Alopecurus geniculatus 
Angelica sylvestris 
Apium nodiflorum 
Aster tripolium 
Azolla filiculoides 
Berula erecta 
Bidens cernua 
Bidens connataltripartita 
Bidens connata 
Bidens tripartita 
Butomus umbellatus 
Calamagrostis canescens 
Callitriche obtusangula 
Callitriche platycarpa 
Callitriche spec. 
Caltha palustris 
Cardamine pratensis 
Carex acuta 
Carex acutiformis 
Carex cuprina 
Carex disticha 
Carex nigra 
Carex paniculata 
Carex pseudocyperus 
Carex riparia 
Carex rostrata 
Catabrosa aquatica 
Ceratophyllum demersum 
Chara globularis var. globularis 
Chara vulgaris var. longibracteata 
Chara vulgaris var. papillata 
Chara vulgaris var. vulgaris 
Cicuta virosa 
Cirsium palustris 
Deschampsia cespitosa 
Eleocharis palustrisl 
Eleocharis palustris ssp. palustris 
Eleocharis palustris ssp. uniglumis 
Elodea canadensis 
Elodea nutalli 

Enteromorpha 
Epilobium ciliatum 

Epilobium hirsutum 

Epilobium palustre 
Epilobium parviflorum 
Epilobium tetragonum 
Equisetum fluviatile 
Equisetum palustre 
Eupatorium cannabinum 

99 
341 
744 
250 
851 
125 
160 
29 

108 
550 
656 
556 
171 
381 
762 
128 
120 
54 

660 
169 
985 
198 
137 
53 

354 
222 
197 
154 
179 
45 

145 
847 
162 
47 
51 

182 
300 
225 
68 

729 
655 
106 
317 

1145 
176 
56 

479 
215 
404 
219 
771 
356 
210 

Festuca arundinacea 
Filipendula ulmaria 
Galium palustre 
Glaux maritima 
Glyceria fluitans 
Glyceria maxima 
Groenlandia densa 
Holcus lanatus 
Hottonia palustris 
Hydrocharis morsus-ranae 
Hydrocotyle vulgaris 
Hydrodictyon reticulatum 
Hypericum quadrangulum 
Iris pseudacorus 
Juncus acutiflorus 
Juncus articulatus 
Juncus bufonius 
Juncus conglomeratus 
Juncus effusus 
Juncus gerardii 
Juncus subnodulosus 
Lemna gibba 
Lemna minor 
Lemna trisulca 
Lotus uliginosus 
Lychnis flos-cuculi 
Lycopus europaeus 
Lysimachia nummularia 
Lysimachia thyrsiflora 
Lysimachia vulgaris 
Lythrum salicaria 
Mentha aquatica 
Menyanthes trifoliata 
Myosotis laxa ssp. cespitosa 
Myosotis palustris 
Myosotis spec.1 
Myrica gale 
Myriophyllum spicatum 
Myriophyllum verticillatum 
Nuphar lutea 
Nymphaea alba 
Nymphoides peltata 
Oenanthe aquatica 
Oenanthe fistulosa 
Peucedanum palustre 
Phalaris arundinacea 
Phragmites australis 
Polygonum amphibium 
Polygonum hydropiper 
Potamogeton mucronatus 
Potamogeton acutifolius 
Potamogeton compressus 
Potamogeton crispus 

78 
186 
978 

23 
1437 
1522 

38 
1388 

82 
876 
147 
111 
66 

422 
28 

1106 
354 
163 
695 
43 
82 

456 
1706 
1032 
738 
298 
472 
316 
345 
144 
378 
665 

33 
207 

1411 
1554 

38 
65 
33 

404 
218 
143 
276 
778 
207 
790 
801 

1059 
1100 
127 
25 
26 

114 

Potamogeton lucens 88 
Potamogeton natans 266 
Potamogeton obtusifolius 51 
Potamogeton pectinatus 261 
Potamogeton pusillus 869 
Potamogeton trichoides 293 
Potentilla palustris 92 
Puccinellia distans 32 
Puccinellia maritima 22 
Ranunculus circinatus 442 
Ranunculus fiammula 545 
Ranunculus lingua 30 
Ranunculus repens 688 
Ranunculus sceleratus 1069 
Riccia fluitans 47 
Rorippa microphylla 636 
Rorippa amphibia 856 
Rorippa palustris 140 
Rumex hydrolapathum 630 
Sagittaria sagittifolia 637 
Salix aurita 67 
Salix cinerea 151 
Scirpus lacustris ssp. tabernaemontani 52 
Scirpus lacustris ssp. lacustris 109 
Scirpus maritimus 324 
Scutellaria galericulata 506 
Sium latifolium 189 
Solanum dulcamara 226 
Sparganium emersum 210 
Sparganium erectum 1057 
Spergularia salina 24 
Spirodela polyrhiza 1338 
Stachys palustris 296 
Stellaria palustris 72 
Stellaria uliginosa 390 
Stratiotes aloides 148 
Symphytum officinale 107 
Thelypteris palustris 178 
Tolypella prolifera 29 
Triglochin maritima 22 
Triglochin palustris 378 
Typha angustifolia 196 
Typha latifolia 80 
Utricularia vulgaris 101 
Valeriana officinalis 164 
Vaucheria spec. 248 
Veronica beccabunga 132 
Veronica catenata 69 
Wolffia arrhiza 242 
Zannichellia palustris 271 

'Including observations identified on a lower taxo- 
nomic level. 
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