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18 Abstract

19  Questions: What is the relative importance of our methodological decisions concerning

20 sampling (plot size) and data analysis (data transformation, resemblance coefficient,

21  hierarchical clustering strategy and the number of clusters) in vegetation classification? Are
22 there differences between the conclusions when the full range or only a more practical

23 narrow range of methodological choices is tested? What is the difference between results for

24  actual and random data?
25  Location: Rock grassland in Hungary.

26 Methods: The full procedure of vegetation classification was simulated using actual and
27  random data. Variation in classification results was partitioned using distance-based
28 redundancy analysis. The RDA models were subjected to variation partitioning to determine

29 the relative importance of methodological decisions.
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Results: RDA models explained more variation in classifications of random than in real data.
Classification algorithm, cluster level, data transformation and mean plot size were always
included among the most significant variables, however, the other variables also had

considerable effect in certain situations.

Conclusions: As adjusted R-squared values suggest, the overall effect of methodological
decisions on classifications is larger for randomly structured than actual data, due possibly to
stronger clustering tendency in the latter. The clustering algorithm, cluster level, data
transformation and plot size should be chosen most carefully before classification analyses,
but any of the examined decisions can significantly affect the result. In addition to the mean,
the range of plot sizes should also be carefully delimited during relevé selection for
classification studies. The main decision about the classification algorithm is whether a
chain-forming or group-forming method is used. The data transformation had more significant
effect on real data than on simulations with random variation, thus supporting the ability of
the application of different abundance scales in revealing different facets of biologically
relevant patterns in community composition. The resemblance measure had relatively weak

effect suggesting that it is not as influential as previously thought.
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Relative importance of methodological decisions

Introduction

Classification of vegetation has long been the primary research objective in phytosociology
and still represents an integral part of vegetation science in general (Whittaker 1973; Mucina
1997; Peet & Roberts 2013). It provides a firm reference basis for syntaxonomy, similarly to

the classification of living organisms in biological systematics (or taxonomy). Scientific
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communication would be impossible without a common basis for recognizing, separating,
describing, naming and mapping plant communities, that is, without classification of
vegetation units. In addition to the fact that syntaxonomy is conditioned upon taxonomy,
there is a fundamental difference between these two fields of biology. Whereas the basic
observational units of classification in conventional systematics are natural entities
(individuals), community classification requires the use of — more or less — arbitrarily
delineated tracts from the vegetation continuum. Therefore, one is faced with a multitude of
methodological choices that have to be made in the real topographical space (Podani 1984),
that is, in the field. These include the appropriate selection of sampling criteria, that is, plot
size, shape, number and arrangement (Kenkel et al. 1989). Syntaxonomy and taxonomy
share only the problem of conceptual and methodological decisions which concern the
variables to describe the study objects, measurement scale, resemblance coefficient and
clustering algorithm to be used during data processing (Podani 1989). Tradition, fashion,
practicability, comparability with others’ results, availability of software and similar, more or
less subjective considerations may guide the user in this methodological jungle.
Nevertheless, since no absolute and universally valid criteria are available, all decisions
remain unavoidably arbitrary in every step of the study. An important philosophical
conclusion is that any attempt to find and define unique classifications in vegetation science
will be illusory — which does not mean that the effect of sampling and analysis upon the

results should be disregarded in community analysis.

The importance of such methodological choices in multivariate analysis has long been
recognized by several authors (plot size: Kenkel & Podani 1991; Otypkova & Chytry 2006;
Dengler et al. 2009; measurement scale: Jensen 1978; van der Maarel 1979; Wilson 2012;
resemblance measure: Green 1980; Hajdu 1981; Wolda 1981; Hubalek 1982; clustering
method: Milligan & Cooper 1987; Belbin & McDonald 1993; Dale 1995; Lotter et al. 2013;
cluster number: Milligan 1996; Aho et al. 2008; Tichy et al. 2010). It is fair to say, however,
that vegetation classifications are not equally influenced by the above-mentioned factors, and
that differences are always case-dependent. In this regard, the evaluation of the relative
importance of decisions influencing the classifications may be extremely helpful. Ecological
interpretation of results is greatly enhanced, for example, if we learn that switching from
abundances to presence-absence data is more critical than either changing the plot size or
selecting among various clustering algorithms. In order to draw such conclusions, we need
comparative studies that allow quantifying the amount of variance in the results attributable
to a particular factor changed. One such approach was suggested earlier by Podani (1989) in
which classification results of the same objects, each obtained by a given combination of

choices related to sampling and data analysis, were mapped into an ordination. Then, each
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ordination axis was identified by a given factor and the order of importance of these factors
was determined based on the percentages of variance explained by the associated
ordination dimensions. However, this method has limited applicability, because there is no
guarantee that axes can be unambiguously identified with any of the factors modified.
Furthermore, that approach required the use of all possible combinations of factors, which is
a strong methodological limitation. A more general procedure is necessary which is able to
partition total variation in the results into components which have one to one correspondence

with the modified factors.

In this paper, we use an actual data set from dolomite grasslands and randomly simulated
data to partition variation in the results attributable to plot size, data transformation,
resemblance coefficient, hierarchical clustering strategy and, finally, to the cluster level (i.e.
the number of clusters) obtained from the resulting dendrograms. The method involves
random parametrization of these factors, followed by variation partitioning by distance-based
redundancy analysis of classifications. Our expectation was that methodological decisions
are more influential on classifications of random data than grassland data assuming that
biological pattern involves some robustness thereby diminishing the effect of the changes in
methods upon results. However, we had no a priori expectation about the order of

importance of methodological decisions.

Materials and Methods
Data sets
Actual community data

This data set comes from an extensive study of rock grasslands on the dolomite bedrock of
Sas Hill, lying within the city limits of Budapest, Hungary (Podani 1998). Eighty sample units
were located in the grasslands, representing open rock grassland, closed grassland and
slope steppe. Each sample unit consisted of a series of 8 nested quadrats with a common
corner, the smallest being 0.5 m x 0.5 m, and the largest 4 m x 4 m, with 0.5 m side
increments in between. Percentage cover of vascular plants was recorded within each plot
for each size. The total number of species ranged from 79 (smallest quadrats) to 123 (largest
guadrats). The eight data matrices can be ordered according to plot size, representing a

logical order in the real topographical space, i.e., a spatial series.

Simulated spatial series data
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Artificial data matrices were generated for 80 virtual quadrats containing up to 100 species.
For each quadrat, a probability of occurrence for each species was generated based on the
lognormal distribution (mean = 2, SD = 2 on the In scale). A predefined number of plant
individuals were distributed over the species based on these probabilities. The total number
of individuals in the sample unit was used as a proxy for plot size, assuming that these two
are proportional to each other. Applied virtual ‘plot sizes’ were 25, 100, 225, 400, 625, 900,
1225, 1600 individuals. Individuals were assigned to species such that those occurring in the
smallest ‘quadrat’ were retained in all larger quadrats, thus providing a nested species
composition similarly to the actual grassland data. In summary, simulated spatial series data

were stored in a three-dimensional matrix with 80 locations, 100 species and 8 plot sizes.
Methodological decisions

The basic idea is that both actual and randomized data series serve as input for resampling,
in order to generate 200 new matrices for the 80 quadrats. In each of these matrices,
guadrats have various sizes determined as described below, and each matrix is subjected to
classification based on a random combination of data transformation, resemblance
coefficient, hierarchical clustering algorithm and number of clusters to be derived from the
resulting dendrogram. It means that 200 classifications are obtained for the actual and for the
random data as well. Then, in each case the 200 classifications are compared in every
possible pair to yield a distance matrix which serves as the input for distance-based RDA
(Legendre & Anderson 1999). In this, constraining variables were those reflecting our
decisions on plot size, data transformation etc. The resulting RDA models were subjected to
variation partitioning to determine the relative importance of plot size, data transformation,
resemblance coefficient, hierarchical clustering algorithm and number of clusters upon the

classifications.
Resampling and the matter of plot sizes

The size of each quadrat in each of the sample data matrices was chosen randomly
according to the following design. An 8-point scale corresponding to the sampled plot sizes
was used for random number generation. First, M, a mid-point of the interval from which the
plot sizes would be selected was drawn. Then, it is supplied with a half-range value, d, in
order to control the spread of the plot sizes within the sample. d could take values from 1 to 4
randomly. The actual range from which the plot sizes are selected for each location is the
interval [min(M-d, 1); max(M+d, 8)], 1 referring to the first (smallest) and 8 to the eighth
(largest) plot size. For the ‘full-range’ analysis, M could take values on the range [1; 8], while
it was limited to [1; 4] for the ‘narrow-range’ scenarios. The narrow-range design simulates

the situation when only a limited range of plot sizes is useful only for classification. In the



164  modelling experiments, the mean and the standard deviation of quadrat sizes are used as

165 explanatory variables.
166 Data transformation and resemblance measures

167  After obtaining a data matrix comprising 80 plots of different sizes, abundance values were

168 transformed by Clymo’s function (van der Maarel 1979, Podani 2000) given by
xyy=0—-e“U)/(1-e™c)

169  in which x; is the relative percentage cover value for species i in quadrat j ranging from 0 to
170 1, and c is a parameter falling in the range [-oo, o] such that c=0 is not allowed. This

171  procedure allows for weighting abundances differently by adjusting the c parameter. In cases
172 with high positive c, transformed data approximate the presence/absence situation, thus

173 giving more weight to less abundant species. Large negative values of ¢ lead to

174  overweighting the dominant species. If c is very close to 0, the relative abundance

175  differences of species remain practically unaffected. However, in real situations data

176  transformation is rather used for downweighting dominant species, therefore, we made

177  separate ‘full-range’ analyses and 'narrow-range’ analyses by changing the value of ¢ within
178  [-16; +16] or (0; +16]. Note that ¢ must not equal O.

179 From the transformed data, dissimilarity matrices were calculated. The resemblance

180 measure was randomly chosen from four indices commonly applied in community ecology:
181 Euclidean, Manhattan, Bray-Curtis and Marczewski-Steinhaus indices (Podani 2000), all of
182  them selected with equal frequency, i.e. 50 times out of 200 trials. The Bray-Curtis and

183  Marczewski-Steinhaus indices are the abundance versions of the dissimilarity forms of the
184  Sgrensen and Jaccard coefficients for presence-absence data, respectively. All but one

185 measures, the exception being the Bray-Curtis index, satisfy the metric axioms.
186  Classification algorithm

187 A hierarchical classification was obtained from the dissimilarity matrix by agglomerative

188 clustering. The fusion algorithm was the beta-flexible method because it allows for

189  reproducing classifications of different grouping mechanisms by adjusting its 8 parameter
190  within the interval [-1; 1] (Lance & Williams 1967; see also Podani 2000). Values of 8 close to
191 1 tend to emphasise a chained group structure (similarly to the single link or nearest

192  neighbour method), while negative B values lead to increased grouping tendency (as

193  observed for complete link or farthest neighbour algorithms). In each trial, the value of 8 was
194 chosen randomly from -1 to 1 (‘full range’). However, in practice 'group-forming’ methods are

195  preferred, therefore B values were drawn from [-1; O] for 'narrow-range’ analyses. The cluster
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level (simulating the case of an 'optimal non-hierarchical classification’) was randomly
chosen between 2 and 8. The hierarchical classification was 'cut’ at this level and hereafter

only this non-hierarchical clustering was used.
Data analysis

The 200 trials of the randomization resulted in 200 classifications of the same spatial series.
From each classification, an incidence matrix, C, was calculated in which c; is 1 if objects i
and j in the same cluster and 0 otherwise. Euclidean distances were calculated between all
pairs of incidence matrices. This method is also called ‘PAIRBONDS’ (Arabie & Boorman
1973; Podani 2000). These distances were then summarized into another distance matrix
based on which principal coordinates analysis was computed. In the resulting ordination all
points correspond to a non-hierarchical classification. Then, the following explanatory
variables were fitted to the ordination diagram: mean and standard deviation of plot sizes,
resemblance measure, ¢ of Clymo’s transformation, 8 of the flexible classification and the
number of clusters. Trend surfaces of numerical variables were fitted onto the scatter plots
by generalized additive models, while average scores were calculated for the resemblance
measures. The relative importance of the explanatory variables was tested by constrained
ordination: the Euclidean distances obtained earlier were subjected to a distance-based
redundancy analysis (db-RDA, Legendre & Anderson 1999). When mean plot size, Clymo’s ¢
and B were scaled on full-range, their squared terms were also included in the model as
explanatory variables. Low (<2) values of generalized variance inflation factors (GVIF, Fox &
Monette 1992) indicated negligible collinearity between model terms. The models were
evaluated by comparing F ratios of the model terms vs. residual variation, by calculating
adjusted R-squared measures and by visual observation of fitted explanatory variables on
the PCoA diagrams. During the evaluation of db-RDA models, predictors with F ratios with a
type | error rate of P<0.01 were considered significant.

Our variation partitioning approach relies on the basic assumption that db-RDA models can
properly explain the variation among classifications attributed to the different methodological
decisions. In order to validate our modelling technique, we applied a simulation test. The
above described simulation analysis with narrow-range variables, starting from the sample
selection and ending at calculation of explained variances was repeated many times.
However, instead of the fully random parametrization of the six variables representing
methodological decisions, some of them were ‘fixed’, i.e. they were given zero variance. For
example, if plot size was fixed, only plots of the same size were selected from each location
in all of the 200 classifications that were entered in each db-RDA. Of course, in such cases,
the fixed variable was not included as an explanatory variable of the db-RDA, since it had no

variation. The number of fixed variables was increased from zero to five in six steps and for
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each number of fixed variables, 100 trials were performed. Then, average explained
variation, unexplained and total variation were plotted against the number of fixed variables.
We expected that explained variation would decrease with increases in the number of fixed
variables because reducing the possible outcomes of methodological decisions should also
reduce the variation among classification they account for. If unexplained variation also
decreased with the increased number of fixed variables, we could conclude that variation
caused by methodological decisions was not properly explained by the db-RDA model. On
the contrary, approximately constant unexplained variation obtained for different numbers of
fixed variables would mean that independently from the methodological decisions and the
explanatory variables, there is a certain amount of inherent variation in the compositional
data.

All analyses were performed by the R software environment (version 2.14.1, R Development

Core Team, www.r-project.org) using the packages vegan (Oksanen et al., http://CRAN.R-

project.org/package=vegan, vegdist(), cmdscale(), capscale(), vif.cca(), ordistep(),

anova.cca() and RsquareAdj() functions) and cluster (Maechler et al., http://cran.r-

project.org/web/packages/cluster/, agnes() function).

Results

Distance-based RDA models of simulated and grassland data sets explained different
proportions of the total variation among classifications. The adjusted R? values were higher
for the simulated data sets (full-range: 0.466, narrow-range: 0.258) than the grassland data
(full-range: 0.260, narrow-range: 0.157). In the model of the simulated data set with full-range
variables flexible 8 (F=121.388), cluster level (F=26.437), mean plot size (F=6.592), Clymo’s
¢ (F=5.827) and SD of plot sizes (F=3.455) proved to have a significant effect at p<0.01
(Table 1). Mean plot size, Clymo’s c, flexible 8 and cluster number showed a good fit on the
first two dimensions of the PCoA ordination (P=4.1le-11, P=9.2e-7, P=3.4e-88 and P=1.19e-
14, respectively; Fig. 1). Values of flexible 8 changed gradually along the first PCoA axis
with increasing B values in the positive direction, while mean plot size and Clymo’s ¢ showed
a gradient along the second axis. A non-linear pattern was found for cluster number.

Centroids of classifications with different resemblance measures fell close to each other.

In the narrow-range analyses on the simulated data set, five predictors had significant effect
(Table 2). The flexible 8 and the cluster level again explained the largest variation (F=36.524
and F=24.538, respectively), followed by mean and SD of plot sizes (F=2.984 and F=2.564)
and, finally, Clymo’s ¢ (F=2.300). The four most important variables fitted relatively well to the
first two PCoA axes (P=1.23e-31, P=1.71e-15, P=2.7e-6, P=7.2e-4; Fig. 2). Flexible 8
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increased along the first dimension, while mean plot size correlated positively with the

second axis.

Five predictors had a significant effect on the variation between partitions in the model of the
grassland data set with full-range variables (Table 3). Flexible 8 obtained by far the highest
F-value (F=43.651), while the other model terms showed lower and gradually decreasing
explanatory power, like cluster level (F=9.865), Clymo’s ¢ (F=7.793), Clymo’s ¢ squared
(F=3.678) and mean plot size (F=2.206). The resemblance measure, the SD of plot sizes
and the squared form of the flexible beta showed no significant effect at the pre-set level of
o, but were significant at a=0.05. The B parameter, Clymo’s ¢ and cluster number were fitted
well onto the ordination diagram (P=4e-75, P=3.8e-33, P=5.1e-17, respectively; Fig. 3). The
values of the first correlated positively with Axis 1, while those of Clymo’s ¢ with Axis 2. The
pattern of cluster number on these two dimensions was non-linear again. Different
resemblance measures seemed more separated than in the simulations. The fits of the other

model terms were weak.

After narrowing the range of explanatory variables, five terms had significant effect (Table 4).
Cluster level proved by far the most influential variable (F=28.336). Clymo’s ¢ (F=3.847),
flexible B (F=2.841), mean plot size (F=2.678) and resemblance measure (F=1.391) had
lower but still significant effect. Only the two most important variables showed significant fit
on the ordination diagram (P=1.57e-27, P=2.5e-17; Fig. 4). Cluster number decreased along

the first axis, while Clymo’s ¢ showed a gradient along Axis 2.

In the simulation test to examine the validity of our modelling approach, variation explained
by db-RDA models decreased monotonically and significantly as more variables were fixed,

while unexplained variation showed small changes with no clear trend (Figure 5).

Discussion & Conclusions

At the outset, we put forward the hypothesis that adjusted R-squared values would be higher,
for simulated data with random structure than for actual grassland data. In the first case,
variation among classifications would only be attributed to the differences in the
methodological decisions, as superimposed on random variation, while in the second
robustness of biological pattern would resist changes in methodology. Our findings confirmed

this expectation.

The order of importance of the predictors was not the same in all experiments, while some

general trends did appear. Flexible B, cluster level, Clymo’s ¢ and mean plot size were
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always among the significant model terms, and in many cases they were given the highest
rank. Obvious interpretation is that decisions about clustering process, including the chaining
algorithm and the number of clusters, influence most strongly the outcome of numerical
classification of compositional data. Nevertheless, the other variables were also critical at

least in one of the four scenarios.

The decision of how large sample units should be is an often highlighted problem in the
ecological literature (Kenkel & Podani 1991; Reed et al. 1993). Mean plot size was among
the most influential variables in all trials and the SD of plot size also had a significant effect in
the model in the simulations. Simulated data lacked biological pattern contrary to the
grassland data, thus plot size can be accountable for a false discovery of non-existing
pattern in multivariate data with random structure. During classification of phytosociological
data comprising different plot sizes, it is advised to check the distribution of plot sizes among
clusters a posteriori. Mean plot size had an effect regardless whether ‘full’ or ‘narrow’ range
of parameters was used. In the narrow-range analysis of the grassland data, plot sizes varied
within a range that is typical or even narrower than usual in phytosociological studies of dry
grasslands (2 to 4 m? see recommendation e.g. by van der Maarel 2009 or basic statistics of
databases by Dengler et al. 2011). Although in this trial mean plot size was just the fourth
most important predictor of the model, it was still significant. It implies that the influence of
plot size should not be overlooked even within its recommended standard range. This result
supports the recommendations by Chytry & Otypkovéa (2003) who argued that for a
comprehensive investigation of a vegetation type, analyses should be done separately for
each plot size. The final definition of vegetation types should be elaborated based on this
series of classifications. The difficulties caused by the uneven distribution of relevés in the
space or among vegetation types should be handled by acquiring new data or by appropriate

resampling methods (Knollova et al. 2005; Lengyel et al. 2011).

Through the four scenarios, data transformation affected classifications of the grassland data
set more strongly than the simulated scenarios. This finding is in line with earlier views that
data transformation can reveal significantly different but biologically relevant patterns of the
same data set (van der Maarel 1979; Podani 1989). Since the effect of data transformation
was higher for the grassland data, we conclude that the choice of the optimal abundance
scale is crucial for understanding the multiple facets of biological variation in real data sets.

Thus, much care should be taken before transforming abundance data.

The resemblance measure showed weaker effect than plot size and data transformation,
however, it was still significant in the narrow-range analysis of the grassland data set, and it

was near the pre-set significance level in the full-range trial of the same data. The matter of
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choosing among resemblance measures is more deeply investigated compared to other
methodological decisions, and many papers highlight the differences of the available indices
(Campbell 1978; Legendre & De Caceres 2013). Without questioning that different
resemblance measures can be appropriate for specific purposes, and the choice between
them had to be taken carefully, our results suggest that the importance of this decision may
be over-emphasized in comparison with other decisions. Thus, we consider the importance
of the resemblance measure as a good reference to assess the significance of the other
explanatory variables. Nevertheless, it must be noted that we employed only four indices that

are very popular among vegetation ecologists.

The B parameter of the flexible clustering was the most significant predictor in three cases.
Its value with full range was more influential than with narrow range, which clearly indicates
that decision on the classification method is most critical between chain-forming (8>0) and
group-forming (8<0) methods, while differences within group-forming algorithms are not that
substantial. This difference is the most striking with the grassland data, for which its effect is
dropped from the 1% to the 3" most important model term if compared to the full-range
scenario. In recent works of numerical syntaxonomy (for example, Havlova 2006; Knollova &
Chytry 2004), of the distance-based methods chain-forming algorithms have received much
fewer applications than group-forming ones which include the flexible method with negative 8
values applied here. Much more widespread is Ward’s agglomerative method (more
precisely, incremental sum of squares) which also has a preference for spherical group
shapes. The good performance of flexible method with §=-0.25 and the Ward’s method was
also indicated by Létter et al. (2013) but one is warned that groups show up apparently
clearly in the resulting dendrograms even if in fact they do not exist in the data (Podani
2000). Another very popular hierarchical method is TWINSPAN (Hill 1979; Rolecek et al.
2009), however, its weaknesses are pointed out in several papers (Belbin & McDonald 1993;
Dufrene & Legendre 1997; Lotter et al. 2013). The significant effect of clustering algorithm
implies that during the comparison and revision of existing vegetation classifications the
applied clustering methods should be taken into account carefully. Large differences
between classifications of the same vegetation units of a certain area can be attributed to the
different methods used, and therefore comparison of classification prepared by different

algorithms may even be meaningless.

Cluster level was the second most significant model term in three of the four scenarios and
the most important one for the grassland data set with narrow-range variables. In
classification studies, the number of clusters is usually determined by an expert-based, i.e. a
rather subjective method (but see Botta-Dukat et al. 2005 or lllyés et al. 2007). Cluster

validation, including the choice of the optimal ‘cut level’, is the most data-specific decision
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among those we studied here, therefore the only general recommendation that we could
stress is to investigate and to use quantitative measures for this purpose instead of
subjective assessment (for example, Milligan 1996; Aho et al. 2009; Tichy et al. 2010; Tichy
et al. 2011). The validation tools are so numerous that their comparative study focusing on

specific requirement for numerical syntaxonomy would be timely.

In the modelling approach applied here, two crucial assumptions were made in order to
guantify the effect of methodological decisions on the classifications. The first assumption
was that the PAIRBONDS method expresses appropriately the dissimilarities between pairs
of classifications. This index gives the square-root of the number of pairs of plots in the same
group in one classification but separated in the other classification. This is a Euclidean
measure of distance and its suitability to our variation partitioning approach is also supported
by the R-squared values (ca. 18-48%). In ecological modeling studies, in general, lower
explanatory power is often considered meaningful (Mgller & Jennioins 2002). It is to be noted
that PAIRBONDS is relatively sensitive to cluster structure, i.e. the number and the sizes of
groups. With this measure, two classifications with different numbers of clusters can never be
at zero distance from each other, therefore any differences in cluster number are
immediately mirrored by the distance matrix. In contrast, certain other dissimilarity indices
(e.g. Cramér’s V, Cramér 1946; Goodman-Kruskal's A, Goodman & Kruskal 1954) control for
the numbers of clusters, thus giving standardized measures of similarity between non-
hierarchical classifications. However, we consider these types of indices misleading in our
situation because in practice two classifications of the same data set are rarely interpreted
identically if the numbers of clusters differ. Our preliminary analyses showed that the use of
Cramér’'s V or Goodman-Kruskal's A would attribute lower effect to flexible 8 and cluster

level, nevertheless, it would result in much weaker overall model performance as well.

The second assumption was that the db-RDA model captured relevant information on
variation among classifications. The first part of db-RDA was PCoA known to preserve the
original distance structure of the input matrix. Then, the PCoA axes, as transformed variables
of between-classification distances, were related to the explanatory variables (i.e. the
methodological decisions) by usual RDA method. At this step, even patterns that are non-
linear functions of the explanatory variables are decomposed into separate components for
which the explanatory variables can be linearly related. To account for eventual non-linear
relationships that cannot be revealed by this procedure, we included squared terms into the
models and the distribution of the explanatory variables over the first two PCoA axes were
also mapped by a flexible fitting method (GAM). These trend surfaces revealed that cluster
number can show a non-linear pattern along the first two axes. However, this pattern can

likely to be accounted for by db-RDA because cluster number came out as a highly
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significant predictor in all cases. In our analysis to validate the appropriateness of our
modelling approach, we found that the amount of unexplained variation of our models is not
related to the number of fixed and randomized variables, that is, it is independent from the
methodological decisions. This suggests that the variation caused by the random
parametrization of the classifications is satisfactorily explained by the db-RDA models.
Therefore, we do not suspect a significant amount of unexplained variation due to non-linear
effects or interactions among methodological decisions. The unexplained variation may have
several different origins. The most trivial reason is that the data set has a certain degree of
robustness which explains low sensitivity to methodological changes. Robustness is
obviously higher for the grassland data set that contains biologically interpretable patterns.
Nevertheless, it is also present in the simulated data set since randomized data do not lack
variation completely but this variation is comparable to what is expected by chance. Another
possible source is the individual ‘fate’ of plots in the analysis. Two classifications can be
identically parameterized in terms of the selected plot sizes but the sample to be analysed
can still differ because it is not fixed which plot size should be selected from a certain

location.

The few most important variables identified by the variation partitioning approach using db-
RDA in most cases showed good fit to the first two axes of the PCoA ordination. However,
their pattern was not always linear, therefore they could not be detected by simply checking

the correlation between ordination axes and the tested variables.
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545  Table 1. Predictors of the db-RDA model for the simulated data set on full ranges of the

546  variables. P-values are based on 199 permutations.

Df Var% F P
1 32.569 121.388 0.005
1 7.093 26.437 0.005
mean plot size 1 1.769 6.592 0.005
Clymo's ¢ 1 1.563 5.827 0.005
SD of plot sizes 1 0.927 3.455 0.005

3

1

1

flexible B
cluster level

resemblance measure 0.966 1.200 0.093
Clymo's ¢ squared 0.324 1.208 0.150
flexible B squared 0.274 1.021 0.360
Residual 189 50.709 - -

Total 199  100.000 - -
547  R’=0.493, R?,;=0.466

548



549  Table 2. Predictors of the db-RDA model for the simulated data set on narrow ranges of the

550 variables. P-values are based on 199 permutations.

Df Var% F P

1 13.614  36.524 0.005

cluster level 1 9.146 24.538 0.005

mean plot size 1 1.112 2.984 0.005

SD of plot sizes 1 0.956 2.564 0.005
1
3

flexible B8

Clymo's ¢ 0.857 2.300 0.005
resemblance measure 1.195 1.068 0.265
Residual 191 71.193 - -
Total 199 100.000 - -

551 R®=0.288, R%=0.258

552



553  Table 3. Predictors of the db-RDA model for the grassland data set on full ranges of the

554  variables. P-values are based on 199 permutations.

Df Var% F P
flexible 8 16.232  43.651 0.005
cluster level 3.668 9.865 0.005
Clymo's ¢ 2.898 7.793 0.005

1
1
1
Clymo's ¢ squared 1 1.368 3.678 0.005
mean plot size 1 0.820 2.206 0.005

3

1

1

resemblance measure 1.425 1.278 0.015
SD of plot sizes 0.489 1.314 0.036
flexible B8 squared 0.461 1.241 0.055
Residual 189 70.281 - -

Total 199  100.000 - -
555  R’=0.297, R?,;=0.260

556

557



558 Table 4. Predictors of the db-RDA model for the grassland data set on narrow ranges of the

559  variables. P-values are based on 199 permutations.

Df Var% F P
cluster level 12.011 28.336 0.005
Clymo's ¢ 1.630 3.847 0.005

1
1
flexible 8 1 1.204 2.841 0.005
mean plot size 1 1.135 2.678 0.005
3
1

resemblance measure 1.769 1.391 0.005
SD of plot sizes 0.443 1.045 0.300
Residual 191 80.958 - -

Total 199  100.000 - -
560 R“=0.190, R%,;=0.157

561
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567

Figure 1. Principal coordinates analysis of classifications of the simulated data sets with the
full ranges of predictor variables. Continuous variables are fitted as trend surfaces a
posteriori by GAM, factor variables are fitted by averaging of object scores on the two
ordination axes. Axes 1 and 2 explain 62.5% and 2.6% of the total variation, respectively.
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Figure 2. Principal coordinates analysis of classifications of the simulated data sets with the
narrow ranges of variables. Continuous variables are fitted as trend surfaces a posteriori by
GAM, factor variables are fitted by averaging of object scores on the two ordination axes.
Axes 1 and 2 explain 38.6% and 2.7% of the total variation, respectively.
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574  Figure 3. Principal coordinates analysis of classifications of the grassland data sets with the
575  full ranges of variables. Continuous variables are fitted as trend surfaces a posteriori by

576  GAM, factor variables are fitted by averaging of object scores on the two ordination axes.
577 Axes 1 and 2 explain 29.7% and 2.8% of the total variation, respectively.
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Figure 4. Principal coordinates analysis of classifications of the grassland data sets with the
narrow ranges of variables. Continuous variables are fitted as trend surfaces a posteriori by
GAM, factor variables are fitted by averaging of object scores on the two ordination axes.
Axes 1 and 2 explain 18.5% and 3.4% of the total variation, respectively.
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587  Figure 5. Relationship between average explained, unexplained and total variation and the

588  number of fixed variables out of the six variables in the simulation with narrow-range settings.
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