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Sampling of species interaction networks:
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k containing 305 pollinator species (bees)
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Ination networ
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and 452 plant species.

FLORABEILLES POLLINATION DATASET
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POLLINATION NETWORK AS A MATRIX
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A PAIRWISE MODEL
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‘Learn’ a pairwise function based on observed data:
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such that a high score indicates two species
will interact.
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‘Learn’ a pairwise function based on observed data:

f3%)

such that a high score indicates two species
will interact.

How to describe the species? i




DESCRIBING THE BEES

Traits Phylogeny

0.0293

BBWP080-09|Bombus subterraneus|COI-5P
FBAPC709-11|Bombus lapidarius|COI-5P|KJ336794
FBHAP762-09|Bombus barbutellus|COI-5P|GU705885
FBHAP769-09|Bombus campestris| COI-5P|GU705893
FBAPC707-11|Bombus rupestris|COI-5P|KJ837757
FBHAP765-09|Bombus bohemicus|COI-5P|GU705891
FBAPD627-11|Bombus vestalis|COI-5P|KJ836841

0.0624 0.0132

0.1170

Number of species

0.1246

0.0177

0.0743

— 0.0413 0.0687

. 0.0079

d

0.0856

1]

Walls

Rocks

Groun

0.0203 R
0.0423 - FBHAP824-09|Bombus pratorum|COI-5P|GU705924

FBAPC718-11|Bombus hypnorum|COI-5P|KJ839370
0.0474

nes ti n g ti mes [—— FBAPD943-11|Anthidium oti|COI-5P|K 836898

0.0179 puoedn FBAPD326-11|Anthidium florentinum|COI-5P|KJ837808

2:93%% BCHYM443-13|Anthidium punctatum|COI-5P|KJ837777

o 0.0402 B2 FBAPCE01-11]Lithurgus chrysurus|COI-5PIKJ836731

(wsi’i? BCHYM425-13|Ceratina cucurbitina] COI-5P|KJ837021

0.0221 0472 BCHYM433-13|Ceratina nigrolabiata| COI-5P|KJ838332
0.0130 L 2097%  rBAPB379-09|Xylocopaviolacea|COI-5P|HM401101
BCHYM1518-13|Anthophora plumipes|COI-5P|KJ838956
—— ciani FBACB710-11|Nomada fucatalCOI-5P|KJ837662

ibita 0-093¢ &5 APD748-11]Nomada nobilis|COI-5P|KJ836654

- ———— r n &9

Cawvi

Mice nests

Aboveground
Hollow stems
Dead wood
Belowground
Steep ground
Snailshell
Against walls

0.0255

0.1450

A nAsan

based on Cytochrome c oxidase

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

flight times



DESCRIBING THE PLANTS

Traits
Growth habit Categorical Shrub
Minimum height (cm) Numerical 50
Maximum height (cm) Numerical 200
Mean height (cm) Numerical 125
Blooming period Dummy variables [0,0,0,0,0,1,1,0,0,0,0,0]
Duration Categorical Perennial
Category Categorical Dicot
Flower colour Dummy variables [1,0,0,0,0,0,0,0]
Phyllotaxis Categorical Opposite decussated
Flower symmetry Categorical Versatile symmetrical
Position ovary Categorical Superior
Number of styles Numerical 1
Number of stamens Numerical 2

Phylogeny based on the rcbL gene.



THE KERNEL TRICK

Kernels represent
species by implied
products in high-
dimensional space.




THE KERNEL TRICK
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Kernels represent
species by implied
products in high-
dimensional space.

Kernel matrix
describes similarity
between species 1
and j.

x x x x x x x x x
(] (o] ~ (o] w S w N =

=
o

numerical or StruCtured x1 x2 x3 x4 x5 x6 x7 x8 x9 x10
description of species



TWO-STEP KERNEL RIDGE REGRESSION

Let u and v denote the bees and plants, respectively.

We learn a pairwise function of the form

f(l/t, V) — Z Vvl]k(uv ui)g(va V]) .
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Let u and v denote the bees and plants, respectively.

We learn a pairwise function of the form

f(l/t, V) — Z Vszk(uv ui)g(va V]) .
l,] |

weights kernel over plants

.= F

X
=




TWO-STEP KERNEL RIDGE REGRESSION
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Let u and v denote the bees and plants, respectively.

We learn a pairwise function of the form

flu, vy = ) Wk(u, u)g(v,v).
l,] |

weights kernel over plants

.= F

The weights can be found by computing:

X
=

W=&+ADYG+AD".



FROM OBSERVATIONS TO PREDICTIONS

Applying E L

" the model L
Q
: —> I'l—-'-'
-':
Observed Rescored
Iinteractions interactions

observed interaction

no interaction 0



USING THE SCORED INTERACTIONS

interacting

not interacting

counts

SCOre
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USING THE SCORED INTERACTIONS

interacting

not interacting

~ potential false negatives?
AL e

counts

SCOre
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FOUR SETTINGS FOR PAIRWISE PREDICTION

Setting I: same bees, same plants

bees
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FOUR SETTINGS FOR PAIRWISE PREDICTION

Setting I: same bees, same plants

bees Setting R: new bees, same plants
: same bees, new plants
Setting B: new bees, new plants
new
bees

12



CROSS-VALIDATION IN THE FOUR SETTINGS
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CROSS-VALIDATION IN THE FOUR SETTINGS
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Setting I: leave out individual pairs

Setting R: leave out rows
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(
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CROSS-VALIDATION IN THE FOUR SETTINGS
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Setting I: leave out individual pairs
Setting R: leave out rows

Setting C: leave out columns

Setting B: leave out each pair,
discard other pairs in row and
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withheld for testing
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CROSS-VALIDATION IN THE FOUR SETTINGS

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~

Setting I: leave out individual pairs
Setting R: leave out rows

Setting C: leave out columns

Setting B: leave out each pair,
discard other pairs in row and
column

Exact and efficient formulas

for computing the leave-
one-out values!

- discarded N

withheld for testing




PERFORMANCE PREDICTING THE INTERACTIONS

~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~

0.9

0.8
phylo + traits

0.7 traits

0.6

Area under the ROC curve

0.5
Interactions New bees New plants Both

14



CONCLUSIONS
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1. Supervised network
prediction based on kernels.

2. Two-step kernel ridge
regression: a simple though
powerful method.

e o

3. Different prediction settings:

use structured cross-
validation methods!
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CONCLUSIONS
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1. Supervised network
prediction based on kernels.

2. Two-step kernel ridge
regression: a simple though
powerful method.

3. Different prediction settings:
use structured cross-
validation methods!

xnet: an R-package
for pairwise
learning and cross-

validation - .
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