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To address critical threats such as: 3. Soil biodiversity is likely in decline, but it is key to
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. Desertification v S ! —E ,
opeN
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Introduction and Objectives, ~ CE€S
- o

Main goal of our study: To predict the abundance of 51 soil trophic groups in the French Alps
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Main goal of our study: To predict the abundance of 51 soil trophic groups in the French Alps

Challenges when building

= How to overcome them in this study?
predictive models:

;- ﬁThe largely unknown Built efficient ML
| diversity of soil — models for predicting
organismes. soil trophic abundance. O
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CE¢s (esa

Main goal of our study: To predict the abundance of 51 soil trophic groups in the French Alps

Challenges when building

= How to overcome them in this study?
predictive models:

largely unknown Built efficient ML

diversity of soil — models for predicting
organismes. soil trophic abundance. O
Ta>_<or?om.ic an.d techlfncal Use eDNA metabarcoding
limitations in species — to estimate soil trophic
identification.

group abundances.
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Main goal of our study: To predict the abundance of 51 soil trophic groups in the French Alps

Challenges when building
predictive models:

How to overcome them in this study?

diversity of soil
organismes.

Taxonomic and technical
%2 limitations in species
identification.

The lack of large and

- -
high-resolution ¢ %
)

Built efficient ML
models for predicting
soil trophic abundance. O

Use eDNA metabarcoding
to estimate soil trophic
group abundances.

DOFA % Leverage pretrained Earth

Pritp . 7
. . Vi . o
environmental (soil - Observation Foundation models
datasets. to extract belowground features.
6
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Main goal of our study: To predict the abundance of 51 soil trophic groups in the French Alps

Challenges when building
predictive models:

How to overcome them in this study?

” g-E largely unknown
£ diversity of soil
organisms.

Taxonomic and technical
%2 limitations in species
identification.
The lack of large and I_.--
high-resolution ¢ %
environmental (soil)

datasets.

The difficulty of 3,

integrating diverse ¢ >

data types for soil
prediction.

Built efficient ML
models for predicting
soil trophic abundance. O

Use eDNA metabarcoding
to estimate soil trophic
group abundances.

DOFA

o Wk, Leverage pretrained Earth
Fithy;

q Observation Foundation models

SatDINO to extract belowground features.

'cﬁnate - . Integrate tabular data

Soil
te 0 with remote sensing
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Phenology Landscape featu res.
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Main goal of our study: To predict the abundance of 51 soil trophic groups in the French Alps

Challenges when building
predictive models:

How to overcome them in this study?

largely unknown
}  diversity of soil
organismes.

Taxonomic and technical
Aﬁg limitations in species
identification.
The lack of large and ?.%
high-resolution =
environmental (soil) ﬁ

datasets.

The difficulty of 3,

integrating diverse ¢ 2

data types for soil
prediction.

Built efficient ML
models for predicting
soil trophic abundance. O

Use eDNA metabarcoding
to estimate soil trophic
group abundances.

DOFA

o Wk, Leverage pretrained Earth
Fithy;

q Observation Foundation models

SatDINO to extract belowground features.

'cﬁnate . . Integrate tabular data

Soil
te 0 with remote sensing

Our specific objectives:

Comparative analysis of ML techniques
and data configurations for soil trophic
prediction.

Evaluate orthophoto features
(embeddings).

Identify the environmental drivers.
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Data Collection

UGA

Université
Grenoble Alpes

(\ Observatoire spatio-temporel de la biodiversité
- et du fonctionnement des socio-écosystémes
de montagne

Py —
@ romeon 0z

@ ot 2020

Y © wtsason 200
. @ vustwon 2018

T —.

@ oo s

Trophic group abundance
(soil biodiversity)

5000

Index - tg_name
0 B_chemolithoautatroph
1 B_copiotroph

2 B_copiotropholigatroph
3 B_oligotroph

4 B_osmotroph

5 B_photolithoautotroph
6 B_phytoparasite

7 B_saprotroph

4 8_zooparasite

9 C_Epigeicanimalandmicre
10 C_Epigeicplantandmicroc
11 C_Euedaphicmicrcorgani
12 C_Hemiedaphicmitroorg:
13 F_animalparasite

14 F_arbusculanmyoorrhizal
15 F_ectomycorrhizal

16 F _lichenized

17 F_lichenparasite

18 F_littersaprotroph

19 F_mycoparasite

20 F_othersaprotroph

21 F plantpathagen

22 F_rootendophyte

23 F_sollsaprotroph

24 F_woodsaprotroph

25 |_detritivor

26 |_fungivor

27 |_omnivar

28 |_parasite

i 7 Photosynthetic

Decomposers

Mycorrhizas

Phytophages or
Plant parasites

Bacterivores

Fungivores

Omnivores

Predators

29 |_phytophage Prodatry iea |
20 1 nradarne

| 3 Animal parasites

i st Prosts |

Number of reads (og10}

"y
*

At
S A
e X

DNA extraction Next-generation  Bioinformatics

and a g and
assignment

Metabarcoding of Environmental DNA

Environmental Tabular Data Orthophotos

Climate
RGB

Interpolated rasters CH ELSA

Seasonal temperature
Total solar radiation

Total precipitation per year
Seasonal radiation

Mean annual temperature
Seasonal precipitation

In-situ data SAFRAN-Crocus
Daily minimum temperature  Daily maximum temperature  Daily mean temperature  Daily sum of precipitation
Surface Incident Longwave Radiation Surface Incident Diffuse Shortwave Radiation ~ Wind speed
Surface Pressure  Relative Humidity — Saturated water vapor pressure  Temperature of 1st cm of soil...

Soil

EEEECTT]
IS[)ILGRHDS a4

Interpolated rasters |

Nitrogen Clay content ~ Silt content  Sand content
Soil organic carbon content  Scil pH in H20

In-situ data Q -

Acidity of the sail
Cation-exchange capacity

Soil nitrogen
Sand content

Carbon to nitrogen ratio  Soil moisture
Clay content Silt content

Phenology (Copernicus - Vegetation)
Interpolated rasters
Seasonal productivity

Landscape (THEIA OSO Lancover Map) @The|g

Interpolated rasters

GDQ! niIcUs

Season length Amplitude

IGN

INSTITUT NATIONAL
Roads DE LINFORMATION
GEOGRAPHIQUE
ET FORESTIERE

Meadow
Mineral surfaces
Sparse built up
Industrial zone

Hardwood forest
Coniferous forest
Grassland
Shrubs

Dense builtup
Water bodies
Rivers, streams

Resulting dataset size: Aprox. 1000 samples
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Methodology: Levarage EOF. Mo € -
O

SatDINO Foundation Model by META Al Research:

Source: https://github.com/facebookresearch/HighResCanopyHeight
Paper: https://arxiv.org/abs/2304.07213 (Tolan et al.)

Why SatDINO?

= Model architecture: ViT.

» Training strategy: DINOv2 technique (self-supervised learning).

= Dataset: forests, mountainous terrains, and high degree of tree
biodiversity (high-resolution RGB images).

Overview of SatDINO approach for predicting canopy height.
Author: Tolan et al.

Challenge: Lack of soil trophic data
for building models from scratch
(small dataset — aprox. 1000 samples)

Proposed solution: Leverage
pretrained EOF models to extr
features (embeddings)

ct soil

|
s = : :
. * @I * E Dynamlc one-For-A" (DOFA) Foundatlon MOdeI: (2) Before Change ;Multl-modal Dynamic Transformer After Change
hoph i el
Orthophoto  EOF model Embddlngs Source: https://huggingface.co/XShadow/DOFA U
Paper: https://arxiv.org/abs/2403.15356 (Xiong et al.) o

NPt )

New Modality: w
-------- 1 e eights for Sentinel 2
Why DOFA? - b — 0
- i | & 1«‘_— s
* Model architecture: ViT. = i =

* Training strategy: Masked modeling, wavelength-conditioned DOFA's architecture emulating the neuroplasticity mechanism for
dynamic patch embedding, and multimodal distillation pretraining. processing multimodal EO data. Author: Xiong et al.
= Dataset: Setninel-1 (SAR), Sentinel-2 (multispectral), NAIP (RGB),
EnMAP (hyperspectral).
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https://github.com/facebookresearch/HighResCanopyHeight
https://arxiv.org/abs/2304.07213
https://huggingface.co/XShadow/DOFA
https://arxiv.org/abs/2403.15356

UGA

Université
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Transform Predictions of the Relative Abundance
of 51 Trophic Groups

Seven Taxa:
YT T T T TS TS TTTT T TTT ST T T T T T \ ) . . Bacteria - Oligochaete - Metazoa
i C1 ! Soil Trophic Group . Fungi . Insect . Collembola
! | Abundance Regressor . Protist
|
: - - - | Bayesian hyperparameter tuning
! Climate Soil Phenology |
= ¥ * ¥ : [m— I
\\ J cross-validation
_____________________________________________________________________________ |
\ |
|
|
» |
E - - - :— ML Techniques
- Phenology 1 Phytoparasio 19.05 { L U L H
; % dh E 4k 4 | ssosting T Can embeddings match or
RN ’ HehteEm S ‘ improve the performance of
: ________________________________________ -
8 e mmm e - Bagging: - - LR R .
‘E I c3 @%@ * Random Forest {':F;f@ Pl mOde|S based on In-SItU
a ! . ' 2 Grenoble : vy
Embedd | : . Tionx Srenoble
: @ arr = | tabular data?
1
| EOF Model [ ! .
! Orthophotos =
| RGB IRC  |EP % D = |
| ® 8 |
| |
\ | /

1
Embeddings :
m '

! .y

FOFMedel @ (T Ty (D ! e
Orthophotos % = Climat 1 Phenol i
p imate Soil enology | .

RGB IRC @ » = + (inter. raster) + (inter. raster) + (inter. raster) :
=] '

____________________________________________________________________
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Al '
Results: Performance of ML modelsg”

ML techniques: ) o ) S
e LGBM and Random Forest showed the Bacteria. % D e
best performances. ’
* LGBM is the fastest in all data Fungi’ E T
configurations. e e |
o i
EOIigochaetef A : +—
Insect El ¥ +—
Collembola-i «

Average execution time in sec:

| LGBM ->ClandC2=0.71, C3andC4=6.37 |
RF ->Cland C2=2.43, (C3andC4=35.61
ATT-MLP -> Cl and C2 = 273.85,C3 and C4 = 354.83
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Results: Performance of M. modelsg” ) == ccopen

ML Methods
[ ATT-MLP

ML techniques:

C3 @k ca ®%

» LGBM and Random Forest showed the factoria. ° _E
best performances. °

e LGBM is the fastest in all data Fungi E

configurations. o ﬂ]j’ o o o

Protist o

Taxa . E Oligochaete 1 :#}— ’ 1 ﬁ 1 @
HEllk

* Bacteria, Fungi, and Protist show Insect

consistently higher Spearman’s Rho — B —
correlation. Metazoa1 i ' I'_ 1° ﬁ ' OI
* Oligochaete and Insect perform poorly. — I I | EE _ iﬁ

00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 1.0 00 02 04 06 08 10

Spearman's Rho Spearman's Rho Spearman's Rho Spearman's Rho

Average execution time in sec:

LGBM ->ClandC2=0.71, C3andC4=6.37

RF ->Cland C2=2.43, (3andC4=35.61
ATT-MLP -> Cl and C2 = 273.85, C3 and C4 = 354.83
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UGA

Université

Results: Performance of M. modelsg” ) == ccopen

ML techniques: e R ArEmie
c3 @k ca C@%
* LGBM and Random Forest showed the Bacteria ] . @_: 5 F
best performances. ° °
* LGBM is the fastest in all data Fungi E ' EE

configurations.

Protist

Taxa: g

Oligochaete §
|E g

* Bacteria, Fungi, and Protist show Insect
consistently higher Spearman’s Rho

correlation. Metazoa)
* Oligochaete and Insect perform poorly. EE iﬁ
Collembola - 10
. . 00 02 04 06 08 1.0 00 02 04 06 08 1.0 00 02 04 06 08 10 00 02 04 06 08 1.0
Data conflguratlons: Spearman's Rho Spearman's Rho Spearman's Rho Spearman's Rho
SatDINO DOFA
* C2 generates the best performance. CIE 2@ o3 caB o3 o | Average execution time in sec:
. z LGBM ->Cland(C2=0.71, C3andC4=6.37
e C3 (embedd|ngs) Captures relevant B_Chemolithoautotroph -JUEATIEEL IR 0.714 0.716 0.719 RF _>> Clzrr]]d C2-2.43, C3aar:1d 43561
. . B Copiotroph g 0.623 0.633 0.615 e 0.607 0.626 - -
Informatlon but nOt enough to -—- -p P S - - - - ATT-MLP -> Cl and C2 = 273.85, C3 and C4 = 354.83
overcome C1 or C2 or C4... WHY? Overall Mean Value  [J0/463) [osas] oass sz [ose]
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Grassland
HEE Shrubs

HEE Water

Mineral Surface
o—
Mineral Jurfi

—-10 1

C2 (7.93%)

Dominant Land Cover
s Hardwood Forest
I Coniferous Forest

N Mineral Surface

- AR yip .
—~ ; ]
al - &
Minera 3 L . fer
o T B . v
E CEEED T : Shrubs Grassla
Mineral §urface - :
-
8

-30

esa

* SatDINO captures some level of
differentiation based on land cover

types.

* Grassland and Shrubs might have
inherently similar visual features,
making them harder to separate in
the embedding space.
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Tabular Data C2 (12.48%)

- 15
@ >
- 10 _ ‘® 10

X X )
™~ co -5 ?f')
o = o

0o 2 d y o =

™~

o O O
w M
> 5 -5 2

~103 . 3
0 o -10 &
i®] =
£ 3 5
L” = —-15

—-20

® -20
b -
_6 T T T T T T T T _6 T T T T T T T T
-75 =50 =25 0.0 2.5 5.0 7.5 10.0 -7.5 =50 -=2.5 0.0 2.5 5.0 7.5 10.0
Tabular Data C1 (38.72%) Tabular Data C1 (38.72%)

The color gradients in the embeddings align with patterns in the tabular data components (redundancy!).
This explains why adding embeddings (configuration 4) doesn’t improve performance.
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Results: Environmental Drivers

UGA

Université
Grenoble Alpes

Climate and soil are
main contributors in
most cases.

Soil variables
compensate the
absence of
embeddings in C2.

Landscape
contributions remain
modest in most cases
and phenology's
relevance is highly
group-specific.

C2

B_Chemolithoautotroph
B_Copiotroph
B_Copiotropholigotroph
B_Oligotroph
B_Osmotroph
B_Photelithoautotroph
B_Phytoparasite
B_Saprotroph
B_Zooparasite
F_Animalparasite
F_Arbuscularmycorrhizal

F_Ectomycorrhizal
F_Lichenized
F_Lichenparasite
F_Littersaprotroph
F_Mycoparasite
F_Othersaprotroph
F_Plantpathogen
F_Rootendophyte
F_Sollsaprotroph
F_Woodsaprotroph
P_Animalparasite

n P_Bacterivor

5‘ P_Fungiver

2 P_Mixotroph

g P_Omniver

:E P_Photoautetroph
P_Plantparasite
P_Protistivor
P_Saprotreph
0_Endoanecic
0_Endogeic
0_Epianecic
0O_Epigeic
O_Intermediate
I_Detritiver
I_Fungivar
I_Omnivor
I_Phytophage
I_Predator
M_Arachnidspredators
M_MAnimalparasites
M_NBacterivores
M_NFungivores
M_NHerbivores
M_NOmnivores
M_NPredators
€_Epigeicanimal
C_Epigeicplant

Feature Groups
== Climate == Soil == Phenology mm Landscape

B_Chemolithoautotroph
B_Copiotroph
B_Copiotropholi
B_Oligotroph
B_Osmotroph
B_Photolithoautotroph
B_Phytoparasita
B_Saprotroph

otroph

B_Zooparasite
F_Animalparasite
F_Arbuscularmycorrhizal
F_Ectomycorrhizal
F_Lichenized
F_Lichenparasite
F_Littersaprotroph
F_Mycoparasite
F_Othersaprotroph
F_Plantpathogen
F_Rootendophyte
F_Soilsaprotroph
F_Woodsaprotroph
P_Animalparasite

w P_Bacterivor

& P _Fungivor

P_Mixotroph

P_Omnivor

P_Photoautotroph

P_Plantparasite

P_Protistivor

P_Saprotroph

0_Endoanecic

Trophic Gro

0_Endogeic
0_Epianecic

0_Epigeic
0_Intermediate
I_Detritivor

I_Fungiver

I_Omnivor
I_Phytophage
I_Predator
M_Arachnidspredators
M_NAnimalparasites
M_NBacterivores
M_NFungivores
M_NHerbivores
M_NOmnivores
M_NPredators
C_Epigeicanimal
€_Epigeicplant

ate = Soil

Feature Groups
== Phenology =m Landscape mm Orthophoto

Cjuzd_anhic ) C_Euzd-aphit )
€_Hemiedaphic Relative Importance Spearman’s Rho “ Spearman's Rho
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Results: Environmental Drivers

UGA

Université
Grenoble Alpes

Climate and soil are
main contributors in
most cases.

Soil variables
compensate the
absence of
embeddings in C2.

Landscape
contributions remain
modest in most cases
and phenology's
relevance is highly
group-specific.

C2

B_Chemolithoautotroph
B_Copiotroph
B_Copiotropholigotroph
B_Oligotroph
B_Osmotroph
B_Photelithoautotroph
B_Phytoparasite
B_Saprotroph
B_Zooparasite
F_Animalparasite
F_Arbuscularmycorrhizal
F_Ectomycorrhizal
F_Lichenized
F_Lichenparasite
F_Littersaprotroph
F_Mycoparasite
F_Othersaprotroph
F_Plantpathogen
F_Rootendophyte
F_Sollsaprotroph
F_Woodsaprotroph
P_Animalparasite

n P_Bacterivor

%P_Fungl\mr

2 P_Mixotroph

g P_Omniver

:EP_PhalanuNtroph
P_Plantparasite
P_Protistivor
P_Saprotreph
0_Endoanecic
0_Endogeic
0_Epianecic
0O_Epigeic
O_Intermediate
I_Detritiver
I_Fungivar
I_Omnivor
I_Phytophage
I_Predator
M_Arachnidspredators
M_MAnimalparasites
M_NBacterivores
M_NFungivores
M_NHerbivores
M_NOmnivores
M_NPredators
€_Epigeicanimal
C_Epigeicplant
€_Euedaphic
€_Hemiedaphic

3%
4%

Feature Groups
Climate == Soil mm Phenology

Landscape
B_Chemolithoautotroph
B_Copiotroph
B_Copiotropholigotroph
B_Oligotroph
B_Osmotroph
B_Photolithoautotroph
B_Phytoparasita
B_Saprotroph
B_Zooparasite
F_Animalparasite
F_Arbuscularmycorrhizal
F_Ectomycorrhizal
F_Lichenized
F_Lichenparasite
F_Littersaprotroph
F_Mycoparasite
F_Othersaprotroph
F_Plantpathogen
F_Rootendophyte
F_Soilsaprotroph
F_Woodsaprotroph
P_Animalparasite

w P_Bacterivor

e P_Omnivor
P_Photoautotroph
P_Plantparasite
P_Protistivor
P_Saprotroph
0_Endoanecic
0_Endogeic
0_Epianecic
0_Epigeic
0_Intermediate
I_Detritivor
I_Fungiver
I_Omnivor
I_Phytophage
I_Predator
M_Arachnidspredators
M_NAnimalparasites
M_NBacterivores
M_NFungivores
M_NHerbivores
M_NOmnivores
M_NPredators
C_Epil
C_Epigeicplant

0.59 C_Euedaphic

0.11 [ i i

Spearman’s Rho

icanimal

Feature Groups

wm Climate mm Soil == Phenology == Landscape = Orthophoto

Spearman's Rho
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Results: Environmental Drivers

cz Feature Groups Feature Groups
== Climate mm Soil mm Phenclogy mm Landscape == Climate == Soil mm Phenology mm Landsca m oto
B_Chemolithoautotroph 078 B_Chemalithoautotroph : 071
B_Copiotroph 053 B_Copiotroph :
B_Copiotropholigotroph 071 B_Copiotrophaligotroph
B_Oligotroph 0.85 B_Oligotroph
. . B_Osmotroph 0.44 B_Osmotroph
L CI m ate an d SOl I are B_Photolithoautotroph 073 B_Photolithoautotroph 069
B_Phytoparasite 0.64 B_Phytoparasite
m a i n CO ntri b uto rs i n B_Saprotroph 070 B_Sapmtrm?h 0,68
B_Zooparasite 081 B_Zooparasite 0.77
F_Animalparasite 0.49 F_Animalparasite
m Ost cases. F A larmycorrhizal .67 F_Arbuscularmycorrhizal
F_Ectomycorrhizal 0.84 F_Ectomycorrhizal 0.5
F_Lichenized 054 F Lichenized I
F_Lichenparasite 027 F_Lichenparasite
. . F_Littersaprotroph 041 F_Littersaprotroph
(] SO | I Va ri a b I es F_Mycoparasite 029 F_Mycoparasite
F_Othersaprotroph 063 F_Othersaprotroph
F_Plantpathogen 060 F_Plantpathogen
CO m p e n S a t e t h e F_Rootendophyte 0.64 F_Rootendophyte
F_Sollsaprotroph 0.78 F_Soilsaprotroph 0.79
a b S e n C e Of F_Woodsaprotroph 040 F_Woodsaprotroph
P_Animalparasite 0.53 P_Animalparasite
. . 0.60 P Bacterivor
embeddlngs N C2. I > P_Fungiver 055 2 p_Fungivor I
P_Mixotroph 053 = P_Mixotroph
P_Omnivor 062 o P_Omnivar
1 . P_Photoautotroph 051 'JE_ P_Photoautotroph
P_Plantparasite 0.52 E P_Plantparasite
* Landscape * Protistivor osr e protistver
P_Saprotreph 0.30 P_Saprotroph
co ntri b utio ns 0_Endoanecic 041 0_Endoanecic
0_Endogeic 0.23 0_Endogeic
. . O_Epianecic 034 0_Epianecic
remain modest in O_Epigeic o 0_Epigeic
O_Intermediate 0.25 O_Intermediate
d I_Detritivor 0.31 I_Detritivor
most cases an 1 Fungiver 010 | Fungivar
. I_Omnivor 022 I_Omnivor
phenology's L Phytophage Lrhyphags
I_Predator 025 I_Predatar
B B i 0.37 M_Arachnidspredators
relevance is highly R oemaparasies e peiyari
™M_NBacterivores L] M NBacterivores
g rou p -5 p eci f ic. M NFungivores 0.3 M NFungivores
M_NHerbivores 0.56 M_NHerbivores
M_NOmnivores 028 M_NOmniveres
M_NPredators 035 M_NPredators
€_Epigeicanimal 0.44 C_Epigeicanimal 2 & 2
C_Epigeicplant 0.37 €_Epigeicplant B =i
€ Euedaphic 0.59 C Euedaphic w1
| €_Hemiedaphic 011 C_Hemiedaphic :
{:] ve Impo nce pearman’s L] mpol _ pearman’'s Rho
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Conclusions

Conclusions:

* There are group-specific prediction challenges across
trophic groups.

Tabular data outperforms embeddings.

Embeddings capture partial information.

Embeddings offer an alternative where in-situ data is

scarce.
° Future Work:
ﬁ’@ * Explore multimodal EOF models to integrate
. — environmental data for soil biodiversity modeling.

* Model trophic networks to uncover species
interdependencies.

* Investigate the feasibility of incorporating high-
resolution remote sensing data.

@ee Recommendations for the conference organizeD

L Traditional tabular environmental data remains essential for
robust biodiversity modeling.

O Integrating higher-resolution hyperspectral/multispectral remote
sensing data could refine environmental characterizations for
biodiversity assessment.

O A coordinated evaluation of different EOF models across multiple

\research teams would facilitate standardized comparisons. /
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Thank you for your attention!  Zay,

selene.cerna@univ-grenoble-alpes.fr

Université v " W
Grenoble Alpes 4)E

L m\_ @@ MI;MV-!; @

Laboratoire d'Ecologie Alpine Multidisciplinary Institute
In Artificial Intelligence
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