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Spatial observations of plant occurrences contain a wealth of information on relations among species and on
the relation between species and environmental conditions. Typically, inventory data of this kind are large
co-occurrence matrices, and hence, direct ecological interpretations based on expert knowledge are often
very difficult. Hitherto, ordination approaches have been used to construct a virtual ordination space (repre-
sented as one or multiple scatter plots) in which species that often co-occur are situated close together,
whereas species that hardly co-occur are found far apart. In this study, we investigate a recently proposed or-
dination approach, multiple maps t-SNE, that constructs multiple, independent ordination spaces in order to
reveal and visualize complementary structure in the data. We compare multiple maps t-SNE to several con-
ventional ordination approaches, exploring a large inventory of vascular plant occurrences (FLORKART). Our
results reveal that multiple maps t-SNE is well suited for the analysis of floristic inventories. In particular,
multiple maps t-SNE uncovers the major dependencies of species co-occurrences on climate and soil biogeo-
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chemical preconditions.
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1. Introduction

The construction of large floristic and vegetation databases over
the course of the last century opened novel possibilities for regional,
national, and continental biogeographical assessments (Bekker et
al., 2007; Chytry and Rafajova, 2003; Jalas et al., 1972-1999; Mucina
et al.,, 1993; Myklestad and Birks, 1993). Recent efforts bring together
various sources of observation and allow even for global analyses
(e.g., Scholes et al., 2008, see also the open access “global biodiversity
information facility” http://data.gbif.org). Data collections of this kind
allow scientists to address plant ecological questions across ecosys-
tems (Kiihn et al., 2004; Schmidtlein, 2004). Extracting the underly-
ing environmental patterns from such data collections requires
computationally powerful explorative multivariate tools (Mahecha
and Schmidtlein, 2008). Indeed, the application of such tools has a
long history in vegetation sciences, and a series of influential text-
books were published more than a decade ago (e.g., Gauch, 1982;
Legendre and Legendre, 1998; ter Braak, 1995). Since then, the use
of ordination techniques such as principal component analysis
(PCA), detrended correspondence analysis (DCA), classical multi-
dimensional scaling (CMDS), or non-metric multi-dimensional
scaling (NMDS) has become a standard. Nonetheless, novel
developments in the field of dimensionality reduction and machine
learning in general are largely ignored or only timidly transferred
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from informatics to other fields (Mjolsness and DeCoste, 2001). As a
consequence, scientific progress regarding data exploration tools in
ecology and environmental sciences is partly on halt (Mahecha et
al., 2007). For instance, an important open issue is how large-scale
patterns of plant co-occurrences are related to environmental deter-
minants (Bierman et al., 2010; Kiihn et al., 2006; Tautenhahn et al.,
2008).

In parallel to a growing availability of plant occurrence observa-
tions and ancillary data such as hyperspectral reflectances
(Feilhauer and Schmidtlein, 2011), the science of machine learning
and pattern recognition have progressed substantially. Today, em-
pirical inference via machine learning provides fundamentally
new perspectives. For instance, powerful techniques of non-linear
dimensionality reduction such as Isometric Feature Mapping
(Isomap; de Silva and Tenenbaum, 2003; Tenenbaum et al., 2000)
and Locally Linear Embedding (LLE; Roweis and Saul, 2000) are of
high relevance when being transferred to ecological applications
(Mahecha and Schmidtlein, 2008; Mahecha et al., 2010). The
rationale behind the use of non-linear dimensionality reduction
techniques in the analysis of species data is that they may exploit
non-linear, higher-order relations between the species that are pre-
sent in the data. These ordination techniques construct a “species

map”! in which species that frequently co-occur are depicted close

T Throughout the paper, we refer to the ordination space as a “map” or “species
map”. Note that a species map in this sense is not a geographical map but a two-
dimensional or multi-dimensional representation of species co-occurrences: co-
occurring species are modeled close together in the species map.
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together; species that hardly co-occur are depicted far apart in the
map.

Even advanced non-linear ordination techniques still have issues
that are difficult to resolve. One of the common characteristics of
both linear and non-linear dimensionality reduction techniques is
that they treat the binary vegetation data as points in a high-
dimensional metric space. As a result, these techniques assume that
the similarities between species (i.e., between the points in this
space) are metric (Legendre and Legendre, 1998). The assumption
that similarities between species are metric is problematic, in partic-
ular, because species co-occurrences are likely to violate the triangle
inequality. The triangle inequality states that if a point A and a point
B are close together and points B and C are close together, then also
points A and C have to be close. In general, the triangle inequality
does not hold for species co-occurrences though: in vegetation data
or floristic inventories, species A may co-occur with species B and
species B may co-occur with species C, without species A ever co-
occurring with species C. Because low-dimensional ordination plots
of species (the “species maps”) are designed to satisfy the triangle in-
equality, it is in most cases unlikely (or in the described case even im-
possible) that a given co-occurrence structure is accurately modeled
in the species map.

In this study, we address the problem described earlier by analyz-
ing vegetation survey data using an ordination technique that tries to
faithfully model the non-metric nature of species co-occurrences. In-
stead of constructing a single two-dimensional or multi-dimensional
species map like conventional ordination approaches, the ordination
technique we investigate constructs multiple low-dimensional maps
that visualize complementary similarity structure (Cook et al., 2007;
van der Maaten and Hinton, 2012). Using multiple maps allows for
the visualization of similarities that do not obey the triangle inequal-
ity, such as species co-occurrences. We apply the ordination tech-
nique - called multiple maps t-Distributed Stochastic Neighbor
Embedding (or multiple maps t-SNE) - to construct visualizations of
the inventory of the German flora (FLORKART). The resulting visuali-
zations reveal the merits of our approach; in particular, (1) they are
often better than most conventional methods at revealing the Bray-
Curtis distances between the species and (2) they uncover the depen-
dency of species co-occurrences on climate and soil biogeochemical
conditions.

2. Materials and methods
2.1. The floristic data

The present study investigates the FLORKART database (see http://
netphyd.floraweb.de), which is the outcome of a cumulative mapping
project involving literature reviews and thousands of voluntary sur-
veyors in several organizational subunits (Haeupler and Schonfelder,
1989). FLORKART contains vascular plant species counts for Germany,
which have proved to be of significant value for biogeographical ana-
lyses (e.g., Bierman et al., 2010; Kiihn et al., 2004, 2006; Schmidtlein,
2004; Tautenhahn et al., 2008). The floristic records include species
data at all taxonomic levels, including subspecies and aggregates.
Here we use a revised version of the database, in which records
were considered at the species level only (Mahecha and Schmidtlein,
2008). The resulting database contains presence-absence data for
3917 vascular plant species recorded between 1950 and 2000, yet
the majority of the data were collected between 1980 and 1990. For
our purpose of investigating species co-occurrences, we excluded spe-
cies that occur in a very small number of locations, as well as species
that occur in almost all surveyed locations. Specifically, we only con-
sider species that are found in at least 100 surveyed locations, and in
at most 1000 surveyed locations. This leaves a total of D =850 species
to be considered in our experiments.

The collection of the FLORKART database covers Germany at a geo-
graphical grid resolution of 6’ x10’. For our purposes, cells with less
than 50% of their area within Germany or fewer than 100 records
were considered insufficiently mapped and therefore excluded. The
remaining data contain presence-absence data for N= 2762 locations
in Germany. Mathematically, the data thus consists of N=2762 bina-
ry vectors in a D = 850-dimensional space. In total, the data contains a
total of 1, 794, 758 species recording, so roughly 10% of the bits in the
datais set to 1 (to indicate the presence of a specific species at a spe-
cific location). From the binary vectors, we compute a Dx D species
co-occurrence matrix, i.e. a matrix with elements p;; that represent
the probability that species j occurs at a specific location, given that
species i occurs at that location. The co-occurrences are normalized
in such a way that }_;pj;;=1. Mathematically, each entry pj; is
given by:

N;;/N;i

Zk#i Nik/l\li7 (1)

Dji =

where Nj; represents the number of locations in which species i and j
occur, where N; represents the number of locations in which species i
occurs, and where we define p;; =0 (since we are only interested in
co-occurrences of species).

To be able to interpret the visualizations constructed using various
ordination techniques, we make use of meta-information on the spa-
tial locations in which the species occur. In particular, we computed
the mean (long-term) temperature and precipitation value for each
species by averaging temperature and precipitation values over all
grid cells in which that species occurs. The temperature and precipi-
tation values are estimated from data at the Climate Research Unit
of the University of East Anglia, UK (CRU; New et al.,, 2002), and
were adjusted in order to remove temporal inconsistencies by the
Potsdam Institute for Climate Impact Research (PIK; Osterle et al.,
2003). We also computed minimum and maximum temperatures
for each species, but we found these to be strongly correlated with
mean temperature, which is why we do not consider minimum and
maximum temperatures here.

In addition, we extracted fractions of spatial coverages of the
major substrate types from the digital version of the German geolog-
ical map (BGR, 1993), and computed fractions of substrate types per
species (again, by averaging over each grid cell in which a species oc-
curs). Herein, we interpret these fractions of substrate types as prox-
ies for the biogeochemical preconditions for the FLORKART species;
we differentiate fractions of mud, raised-bogs, other bogs, sandy
soils, loess based soils, lime deficient, lime-stone based, other-
bedrock, and unclassified soils.

In order to coarsely characterize the environmental space of each
FLORKART species, we work with mean values? of each environmental
variable estimated across grid cells in which that species effectively oc-
curs. Species with a universal occurrence are, therefore, associated with
the mean of the environmental space, while a species that occurs only
once is characterized by its specific values on the respective grid cell.

2.2. t-Distributed Stochastic Neighbor Embedding

t-SNE is a recently introduced non-linear ordination technique
(van der Maaten and Hinton, 2008). Its input consists of a collection
of N conditional probability distributions P; with entries pj; that are
proportional to the probability that species j occurs on a location at
which species i occurs. These probabilities are defined in such a way
that >_;p;i=1 and py;;=0, and they can readily be computed from
the raw species data.

2 We note here that species distributions along environmental gradients are rarely
truly Gaussian (Oksanen and Minchin, 2002). Yet, the mean is the most parsimonious
measure of centers of distribution if an entire flora is taken into account.
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The aim of t-SNE is to model each species i by a point y; in a two-
dimensional species map in such a way that the similarities p;; are
modeled as well as possible in the species map. The similarity be-
tween two points in the map is defined to be proportional to the den-
sity under a Student t-distribution with a single degree of freedom,
i.e., to the density under a Cauchy distribution:

(1 + ||y,.—yj||2)7
Poi (14 1y;—y,l?)

i = — forVivj : ij, (2)
where we set g;; = 0. By using a heavy-tailed distribution® to measure
similarities in the low-dimensional map, t-SNE allows points that are
only slightly similar to be visualized much further apart in the map.
This is beneficial, because it helps to resolve a problem that is the re-
sult of the exponential difference between high and low-dimensional
space known as the crowding problem. For more details on how the
use of a heavy-tailed function to measure similarities in the map ad-
dresses the crowding problem, we refer to van der Maaten and
Hinton (2008).

In t-SNE, the error between the species co-occurrences pj; and the
similarities between species in the two-dimensional map gj; is mea-
sured by means of a sum of the natural divergences between the con-
ditional distributions P; and Q;, i.e., by measuring a sum of Kullback-
Leibler divergences:

p)\l

Z KL(Pi[|Qi) = Z Z Pmlog 3)

The asymmetric nature of the Kullback-Leibler divergence leads
the cost function to focus on appropriately modeling the large pair-
wise similarities p;; between the input objects. In other words, similar
input objects really need to be close together in the low-dimensional
map in order to minimize the cost function C(Y). In this respect, t-SNE
is similar to many other non-linear ordination techniques that focus
on preserving small pairwise distances (e.g., Belkin and Niyogi,
2002; Lawrence, 2011; Roweis and Saul, 2000; Sammon, 1969;
Weinberger et al., 2007). As the cost function C(Y) is non-convex,
the minimization of C(Y) is typically performed using a gradient de-
scent method. Code for t-SNE is available from http://homepage.
tudelft.nl/19j49/tsne.

2.3. Multiple maps t-SNE

The probabilistic nature of t-SNE allows for a natural extension to
a multiple maps version (multiple maps t-SNE; van der Maaten and
Hinton, 2012) that can successfully visualize non-metric species co-
occurrences. Multiple maps t-SNE constructs a collection of M two-
dimensional maps,* all of which contain N points (one for each of
the N species). In each map with index m, a point with index i has
an “importance weight” {™ that measures the importance of point
i in map m. Because of the probabilistic nature of multiple maps t-
SNE, the importance weights are constrained in such a way that
Vivm:m{™>0 and Vi:Y nm™ =1. These constraints can be

3 In other studies, distributions with lighter tails (such as the Gaussian distribution)
have been explored to model similarities in the map (Cook et al., 2007; Globerson et al.,
2007; Hinton and Roweis, 2003). However, these were found to produce inferior re-
sults (van der Maaten and Hinton, 2008).

4 Please note that this is not the same as constructing a 2 x M-dimensional represen-
tation, and then plotting these as M two-dimensional maps. In such an approach, two
species need to be mapped close together in all maps in order to represent high species
co-occurrence. In multiple maps t-SNE, two species need to be mapped close together
(with high weight) in only one of the maps in order to represent high species co-
occurrence.

enforced by representing the importance weights 7{™ in terms of
unconstrained weights w{™ as follows:

e
" = — 4)
Zm' e i

Multiple maps t-SNE redefines the conditional probabilities gj;
that represent the similarity between objects i and j in the visualiza-
tion as the weighted sum of the pairwise similarities between the
points corresponding to input objects i and j across all M maps:

nj(m ( +ly™ )||2)7
G = TN for Vivj : i#j, (5)
m m
ki m n,( )n,E ( + ||y1 )—y,E ||2>
where yg"') represents the low-dimensional model of object i in map

m, and where, again, we set g;;=0. The cost function that is mini-
mized by multiple maps t-SNE is still given by Eq. (3), but now, it is
optimized with respect to the locations of the points yﬁm) in all species
maps and with respect to the weights w{™.

Multiple maps t-SNE can successfully visualize non-metric simi-
larities in a two-dimensional visualization. Recall our introductory
example with the three species A, B, and C. If we construct a visualiza-
tion with two maps, multiple maps t-SNE can give species A an im-
portance weight of 1 in the first map, species B an importance
weight of 1 in the second map, and species C an importance weight
of % in both maps, and it can give all three points nearby spatial loca-
tions in both maps (see Fig. 1 for an illustration). In this layout of the
maps, the pairwise similarity between points A and C is roughly equal
to1 x 3 =1 and the pairwise similarity between points B and Cis also
roughly equal to . However, the pairwise similarity between points A
and B is 0, because the points A and B have no importance weight in
each other's maps. This corresponds to what a human analyst would
observe from the maps: points A and B are not close together with
high weight in any of the maps, hence, they are not similar. In this
way, multiple maps t-SNE can construct visualizations that do not sat-
isfy the triangle inequality. This provides multiple maps t-SNE with
an important advantage over conventional ordination approaches
when it is used to visualize non-metric similarities such as the co-
occurrences of species. As a result, different maps constructed by
multiple maps t-SNE often model different “aspects” of the data
(Cook et al., 2007). For instance, when multiple maps t-SNE is used
to construct word maps based on word association data, different
maps tend to represent words that correspond to different “topics”
(van der Maaten and Hinton, 2012). Our hope is that when multiple

Map 1 Map 2

® O
@ C ® C

Fig. 1. lllustration of how multiple maps t-SNE can visualize species co-occurrences
that do not obey the triangle inequality. Maps 1 and 2 are distinct ordination spaces,
where the species A, B, and C are represented. The area of the circles represents the im-
portance weights 7™ (in the range 0<m‘™ <1) that the species have in each map.
Image adopted from van der Maaten and Hinton (2012).
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maps t-SNE is used to model species co-occurrence data, it is also ca-
pable of separating out different “aspects” of the data.

In multiple maps t-SNE, the minimization of the cost function C(Y)
is performed using a gradient descent method. Code that implements
multiple maps t-SNE is available from http://homepage.tudelft.nl/
19j49/multiplemaps.

3. Results

This section first presents the results of visualization experiments
on the FLORKART data set using conventional ordination approaches
(in Section 3.1). Subsequently, it presents the results of our experi-
ments with multiple maps t-SNE on the same data (in Section 3.2).

3.1. Visualization with standard ordination techniques

As a baseline result, we first present the results of experiments in
which we constructed a single two-dimensional map of the FLORKART
database using various conventional ordination approaches. In particu-
lar, we experimented with principal component analysis (PCA, Pearson,
1901), classical multi-dimensional scaling (CMDS; Torgerson, 1952),
non-metric multi-dimensional scaling (NMDS; Kruskal and Wish,
1978), Isomap (Tenenbaum et al., 2000), and correspondence analysis
(CA; Benzécri, 1973). PCA and correspondence analysis are performed
on the raw species occurrence data, whereas classical multi-
dimensional scaling, non-metric multi-dimensional scaling, and Isomap
are performed on one minus the co-occurrence matrix (ie., on the
input distances &; = 1 — p;; with &; = 0). As described earlier, t-SNE is ap-
plied on the species co-occurrence matrix (i.e., on the co-occurrences p;).

In Table 1, we present the correlations between the Bray-Curtis
dissimilarities (Bray and Curtis, 1957) of the species and the Euclide-
an distances in the maps constructed by the ordination approaches.
The results presented in the table reveal that non-linear ordination
techniques (e.g., non-metric multi-dimensional scaling, t-SNE) tend
to outperform linear techniques (e.g., PCA, classical scaling, corre-
spondence analysis). According to the results in the table, NMDS
and t-SNE are the best-performing ordination techniques for this
data set (but note that these performances may vary substantially
with the data set under investigation, cf. results for tropical vegeta-
tion surveys in Mahecha et al., 2007).

In Fig. 2, we visualize the species maps constructed by classical
scaling, Isomap (with k=4), non-metric multi-dimensional scaling,
and t-SNE. These maps can be interpreted in the logic of conventional
ordination methods: each of the points in the low-dimensional map
corresponds to a species, and the pairwise distance between two
points should reflect the co-occurrence between the two correspond-
ing species (a smaller pairwise distance in the map indicates a higher
co-occurrence probability of the corresponding species). Low-
dimensional species maps enable the analyst to draw conclusions
on the underlying data structure (i.e., in the case of t-SNE, the analyst

Table 1

Correlation between Bray-Curtis dissimilarities and Euclidean distances in species
maps constructed by various ordination approaches (higher is better). For multiple
maps t-SNE, the correlation between the Euclidean distances in map 1 and those in
map 2 is —0.0539, suggesting that the maps reveal uncorrelated structure in the
data.

Technique Correlation
Principal component analysis 0.1059
Classical multidimensional scaling 04171
Non-metric multidimensional scaling 0.7238
Isomap 0.4877
Correspondence analysis 0.5763
t-SNE 0.7368
Multiple maps t-SNE, map 1 0.6793
Multiple maps t-SNE, map 2 0.4290

can draw conclusions on the probability of two species co-occurring).
The locations of the points in the visualization appear to be related to
certain environmental variables: coloring each species according to
mean annual temperatures and mean precipitation sums reveals
clear patterns in all ordination spaces, although non-metric multi-
dimensional scaling and t-SNE seem to uncover the gradients more
accurately (at least in two dimensions). More subtle properties of
the environmental drivers are also better revealed by NMDS and t-
SNE (see Figs. 3 and 4). Species color codings according to different
environmental drivers (in particular, according to other soil biogeo-
chemical preconditions) are presented in Appendix A.

Overall, the visualizations constructed by the single map NMDS
and t-SNE reveal the major climatological and geological (and biogeo-
chemical) pre-conditions, despite the fact that the differentiation
according to the multiple-maps principle was not applied.

3.2. Visualization with multiple maps t-SNE

We now turn to experiments in which we used multiple maps t-
SNE with M =2 maps to visualize the species co-occurrence data. In
order to objectively compare the performance of multiple maps t-
SNE with that of the single-map ordination approaches, wepresent
the correlation between the Bray-Curtis dissimilarities of the species
and the Euclidean distances between the species (in each of the two
maps) in Table 1. In the computation of these correlations, the species
were weighted according to their importance weights m{™ in the
maps: species with a higher importance weights thus have a larger
influence on the observed correlation. We also computed the
(weighted) correlation between the Euclidean distances in mapl
and those in map 2: this correlation is —0.0539. Hence, the results in-
dicate that the structure that is modeled in each of the two maps cor-
relates with species similarity, but at the same time, that the structure
in the two maps is completely unrelated (because there is no correla-
tion between the maps). Indeed, this analysis shows that the two
maps constructed by multiple maps t-SNE reveal different aspects of
the data.

In Figs. 5, 6, and 7, we present the species maps constructed by
multiple maps t-SNE). In these maps, the size of a point corresponds
to the importance weight of that point in the map: a larger point cor-
responds to a higher importance weight in the map. Note that two
species have high co-occurrence if there is at least one map in
which both corresponding points have high weight and in which
both corresponding points are close together. As in the plots con-
structed using traditional single-map ordination approaches, the
points are colored according to various environmental and biogeo-
chemical variables.> The multiple species maps can also be explored
using an online, interactive visualization tool that is available on
http://homepage.tudelft.nl/19j49/multiplemaps.

The visualizations constructed by multiple maps t-SNE reveal a va-
riety of fine scale structures that are clearly related to environmental
patterns. The visualizations on the lefthand side of Fig. 5 reveal again
that mean annual temperature and precipitation sums are related to
the floristic gradients. Moreover, the maps on the lefthand side of
Figs. 6 and 7 reveal that biogeochemical preconditions have more
local effects on the species associations in the species maps, they
seem to be more clearly related to the uncovered species gradients
compared to the single map t-SNE (see Appendix A). For instance,
the antipodal gradients in more lime stone based species and those
occurring at sandy soils suggest that the soil pH value (soil acidity)
is a clear feature in FLORKART. Our analysis reveals a variety of such
features. Some very specific conditions like high mean occurrences
of species in moors (bogs) underscore the environmental relevance
of the first level of the multiple maps.

5 Note that the locations of the points in the maps in Figs. 5 to 7 are identical: the on-
ly thing that changes is the color code of the species representations.
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Fig. 2. Two-dimensional embeddings of the FLORKART species occurrence data constructed by CMDS (a, e), Isomap with k=4 (b, f), NMDS (c, g), and t-SNE (d, h). Here, each dot
represents a species in the two-dimensional ordination space (note that CMDS and Isomap have per construction more dimensions, but only the first two are shown). In panels
(a)-(d) each species in the ordination space is color coded by the mean annual temperatures (T)°C averaged over the grid cells of occurrences of the respective species. Panels
(e)-(h) show the same color coding according to the mean annual precipitation sums P mm/year. (For interpretation of the references to color in this figure legend, the reader
is referred to the web version of this article.)

By contrast, the maps on the righthand side of the figures model more complex patterns (indeed, it models a different “aspect” of the
structure that is fairly independent from environmental variables. In- data). In particular, we find that many of the frequently occurring
stead, they appear to model locally varying structures that capture species are grouped together in the center of the righthand side

a CMDS b 1somap
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Fig. 3. Two-dimensional embeddings of the FLORKART species occurrence data constructed by CMDS (a, e, i), Isomap with k=4 (b, f, j), NMDS (c, g, k), and t-SNE (d, h, 1). Here, each
dot represents a species in the two-dimensional ordination space (note that CMDS and Isomap have per construction more dimensions, but only the first two are shown). The color
coding corresponds to (a)-(d) the mean percentage of “lime deficient” underground in the grid cells where the species was found. The corresponding visualizations (e)-(h) show
the mean percentages of “sandy soil” conditions across grid cells; (i)-(1) show the corresponding picture color coded according to the mean percentages of lime stones. (For inter-
pretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 4. Two-dimensional embeddings of the FLORKART species occurrence data constructed by CMDS (a, d), Isomap with k=4 (b, e) and t-SNE (c, f). Here, each dot represents a
species in the two-dimensional ordination space (note that CMDS and Isomap have per construction more dimensions, but only the first two are shown). The color coding corre-
sponds to (a)-(d) the mean percentage of “raised bogs” (here denoted as high-moore) in the grid cells where the species was found. The corresponding visualizations (e)-(h) show
the mean percentages of “other bogs” across grid cells. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

map with low weights (i.e. they have a low importance in the right-
hand side map). Fig. 8 illustrates that these species are placed here
according to their abundance. Widely distributed species simply
have a higher probability of co-occurrence than rare species. This
rather trivial pattern in the data has only minor relevance in the
righthand side maps constructed by multiple maps t-SNE, which al-
lows the lefthand side map to reveal interesting structures in the un-
derlying species co-occurrence data.

a  Map(T)C b Map,(mec

. 9.5 -

7.5

80 .
75
70
65
60
55 L
50 o

Fig. 5. Two-dimensional embeddings of the FLORKART species occurrence data con-
structed by multiple maps t-SNE with two maps. Here, each dot represents a species
in the two-dimensional ordination space, and the color coding corresponds to, (a, b)
the mean annual temperature of the grid cells in which the species was found, and
(b, ¢) the mean of the cumulative annual precipitation sums over the grid cells
where the species was found. (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of this article.)

In Fig. 9, we give an overview of the correlation between Euclidean
distances in the ordination spaces and the differences in environmen-
tal variable. The figure reveals that multiple maps t-SNE is better than
traditional ordination approaches at uncovering the major climate
gradients. Some of the fine-scale soil conditions, however, seem to
be better captured by conventional ordination methods, in particular,
by correspondence analysis.

4. Discussion

The results of our experiments have shown that visualizations
constructed by multiple maps t-SNE reveal a series of detailed rela-
tions of species co-occurrences with environmental determinants.
The results suggest that a technique that tries to appropriately
model non-metric relations between species also satisfies our ecolog-
ical curiosity: multiple maps t-SNE reveals® how the species gradients
within the ordination space are explicable by habitat availability; the
latter being defined by specific environmental constraints. An open
question is whether the relative positions of the species are in line
with an unambiguous geobotanical interpretation.

4.1. Detailed analysis of the results

An in-depth examination of Fig. 10a-d reveals several biogeo-
graphical taxon groups or floristic elements (McLaughlin, 1994). For
instance, the cutout in Fig. 10a shows plants from the oceanic north-
west of Germany, with representatives of the “atlantic” floristic re-
gion of Europe (sensu (Roisin, 1969). Examples are the aquatic
plants Luronium natans and Isolepis fluitans, or plants from adjacent
moorland or heathland (for instance Erica tetralix, Genista anglica,
Narthecium ossifragum, and Myrica gale). All these species are tied to
more or less humid or wet conditions and often to acidic soils. On
the opposite site of the ordination (cutout Fig. 10b) we find species
of calcareous slopes in Southern Germany like Sesleria alba, Buphthal-
mum salicifolium, or Carduus defloratus. To the left of this group spe-
cies of calcareous slopes with a distribution reaching further north
and into continental regions prevail (Anacamptis pyramidalis, Aceras

5 It should be noted here that species distributions do not solely depend on environ-
mental variables. In particular, the current species distribution also depends on climate
fluctuations in the past.
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Fig. 6. Two-dimensional embeddings of the FLORKART species occurrence data con-
structed by multiple maps t-SNE with two maps. Here, each dot represents a species
in the two 2D ordination spaces. The color coding corresponds to (a) and (b) the
mean percentage of “lime deficient” soils in the grid cells where the species was
found. The corresponding visualizations (c) and (d) show the mean percentages of
“lime stone” conditions across grid cells; (e) and (f) show the corresponding picture
color coded according to the mean percentages of sandy soils. (For interpretation of
the references to color in this figure legend, the reader is referred to the web version
of this article.)

anthropophorum, or Pulsatilla vulgaris). On the right side of the graph,
taxa of nutrient-poor wetlands are aggregated. Habitats span from
raised bogs (Carex limosa, Scheuchzeria palustris, or Drosera longifolia)
to calcareous fens (Blysmus compressus, Eleocharis quinqueflora, or
Liparis loeselii). Plants of raised bogs reaching to the northwest (like
Andromeda polifolia or Lycopodiella inundata) link back to the “atlan-
tic” domain at the bottom of the graph. This is only to mention a
few out of many meaningful groupings that are often connected by
taxa with mediating properties.

4.2. Comparing ordination approaches

A disadvantage of multiple maps ordination is that it adds an addi-
tional free parameter that needs to be set by the user, viz. the number
of maps. An approach to automatically set the number of maps is pro-
posed by (van der Maaten and Hinton, 2012): construct ordinations
for increasing number of maps, and monitor the so-called neighbor-
hood preservation ratio. The neighborhood preservation ratio mea-
sures what ratio of the most frequently co-occurring pairs of species
is modeled as nearest neighboring points in the ordination space.

a Map, Highmoore (%) b Map, Highmoore (%)
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C Map, Other bogs (%) d Map, Other bogs (%)

Fig. 7. Two-dimensional embeddings of the FLORKART species occurrence data con-
structed by multiple maps t-SNE with two maps. Here, each dot represents a species
in the two 2D ordination spaces. The color coding corresponds to (a) and (b) the
mean percentage of “high-moore” in the grid cells where the species was found. The
corresponding visualizations (c) and (d) show the mean percentages of “other bogs”.
(For interpretation of the references to color in this figure legend, the reader is referred
to the web version of this article.)

The neighborhood preservation ratio typically stops increasing after
a certain number of maps are used in the multiple maps ordination.
A sensible choice for the number of maps used in the final species or-
dination is the number of maps at which the increase of the neighbor-
hood preservation ratio stops, i.e., the number of maps at which
adding new maps does not significantly change the ordination
anymore.

The results presented in Section 3 (in particular, those in Fig. 9) re-
veal that there is no single ordination approach that outperforms the
other approaches in explaining all of the species correlations with en-
vironmental variables. As a result, there is not only a strong need for
developing new ordination approaches that more appropriately
model the data properties, but is probably at least as important that
data analysts consider an ensemble of approaches. Indeed, our results
suggest that each of the approaches in such an ensemble can reveal
different, relevant information.

4.3. Observational limitations

Despite the convincing results presented earlier, we have to be
aware of possible limitations inherited from data biases. While ideal-
ly, the binomial botanical nomenclature leads to an efficient, non-
redundant encoding of floristic elements, substantial sampling biases
are unavoidable in the construction of national scale faunistic and flo-
ristic databases (Petfika et al., 2010). Spatial data collections often
suffer from slight taxonomic confusions but also from systematic
sampling artifacts. The reason is that such observations depend on ex-
pert knowledge. This expertise is, however, itself organized spatially
and inconsistent depending on the expert's calibration training.
Moreover, the analyzed FLORKART data are influenced by sampling
artifacts, mainly caused by the federal organization of the floristic sur-
vey (Mahecha and Schmidtlein, 2008). Problems of this kind are well
known, but even highly standardized post-processing schemes are
not fully capable of removing errors of this kind (Bierman et al.,
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Fig. 8. The incidence (number of occurrences) of each species as a function of its importance weight (mixing proportion ) in both maps. Often occurring species tend to be repre-

sented in map 1, whereas rare species have higher weights in the second map.

2010). An analysis of the environmentally not interpretable map 2
could mean that sampling bias related patterns in the floristic co-
occurrences might be captured there, but we cannot provide any em-
pirical evidence for that.

4.4. Future implications

There are several reasons letting us expect a revitalization of the
field of botany and vegetation sciences where techniques like multi-
ple maps t-SNE will be valuable tools. First, currently several synthe-
sis efforts seek to synthesize data of regional projects into global data
collections (Kueffer et al., 2011), which implies massive amounts of
data awaiting further exploration in the near future. Second, alterna-
tive species sampling methods are currently being explored and ap-
plied. For instance, rapidly evolving DNA-barcoding techniques are
capable to provide large-scale inventories with unprecedented levels

of accuracy as shown by Lahaye et al. (2008). This study recently
reported a first extensive species inventory sampling of entire “hot-
spots of biodiversity” (geographical areas with extremely high a-
diversity). These tools are also not fully error-free, but Lahaye et al.
(2008) reported a classification error of less than 10%. A different per-
spective is provided by “functional” monitoring data. For instance, the
recently presented global TRY database of “plant traits” (Kattge et al.,
2011) provides an unprecedented collection of plant properties
which are expected to help understanding ecosystem functioning in
relation to environmental factors. This project is intended to further
extend our knowledge of patterns of plant co-occurrences and inter-
actions, where methods as presented in our study may become cru-
cial tools (Kattge et al., 2011). The present conceptual paper shows
that multiple maps t-SNE is a promising tool for performing such ex-
plorations; it may reveal ecological interactions among species from
the non-metric relations between those species.

T T
Mean-temperature ———— B oos |
————————— B VDS
Mean—precloitation eeeeeeeeeeeeee———— 1 Isomap
precip - - C_Jca
- I t-SNE
Unclassified B VM +-SNE [
Mud - 1 g
Highmoor ] ’ |
Other—bogs = " ’ |
Sandy—soils ———————— , ’ |
Loess = g
Granular—soil ==y |
Lime—deficient _ -
Lime—stone _—- i |
Other-bedrock ) -
T Il Il
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
Correlation

Fig. 9. Correlation between distances in the species maps and variations in environmental variables (for various ordination techniques). The maps constructed by multiple maps t-
SNE correlate better with major climatological variables than traditional single-map ordination techniques. Correspondence analysis is better at capturing the relations of species
distribution with some soil types (in particular, with high moor and sandy soils). Multiple maps t-SNE consistently provides better models than single-map t-SNE.
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Fig. 10. Scatter plots of the importance weight of each of the species in both maps, as a function of the incidence of the species.

5. Conclusion

The multiple maps approach is very well suited for analyzing bina-
ry species co-occurrence data, such as floristic inventories or vegeta-
tion monitoring data, because it omits the use of distance measures
that pretend metric species-to-species relationships. Working with
multiple maps may improve our capability to separate effects that op-
erate on different scales, or that are due to different causes. A disad-
vantage of working with multiple maps may be that it is not always
clear how many maps should be used.

Our experiments revealed that multiple maps t-SNE is one of the
best techniques for revealing species co-occurrences and relating
large-scale environmental drivers. Therefore, the method may sub-
stantially contribute to biogeographical data mining. It certainly is a
serious candidate for being included in ensemble approaches of
macroecology, where multiple methods reveal different aspects of a
data set.
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