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% Challenge in modeling PFTs coexistence in FATES
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FATES is a “cohort-based"” VDM model
represent competition/coexistence between different plant functional types (PFTs)

The challenge is to reasonably simulate the coexistence of PFTs

Time-Since-Disturbance tiling Time-Since-Disturbance tiling

60 years 30 years

90 years 15 years e

Cohort. PFT1. 10m Cohort. PFT2. 4m
Cohort. PFT1. 2m

Each tile contains cohorts of plants, defined by PFT and size



\% Coexistence theory and modeling
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Niche-based
coexistence theory

Humid rainforest

Environmental convergence in strategy to adapt to
Filtering the surrounding environment

Niche divergence in strategy to ensure
partitioning  differentiation in resource requirements

canopy

understory




% Coexistence theory and modeling
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\% Research goal and testbed
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Research goal
Utilize machine learning (ML) to
o alleviate the challenge of modeling PFTs coexistence

o reduce model errors against observations
XGBoost SHAP

Testbed
o a tropical forest site: Manaus
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Two PFTs represented in FATES
o Early vs. late successional broadleaf evergreen tropical tree

o 11 parameters, trait ranges based on tropical tree measurements

— Parameter name Early PFT  Late PFT Range
Early IR carboxylation rate of Rub. at 25 °C | Late
; : ional PFT Maximum carboxylation rate
successional PFT ‘c L~ | successiona of Rub, at 25 °C, canopy top Vemaxearty > Vemax,late 40-105
@S IR Background mortality |
== Specific leaf area, canopy top SLAgriy > SLA 4 0.005-0.04
| Wood density N =
= = Background mortality rate M >M 0.005-0.05
— I Leat o0 = g ty bk,early bk late
= Wood density WDegriy < WDigte 0.2-1.0
- Root longevity NN W—— .
= : = = Leaf longevity Licagearty < Licaf iate 0.2-3.0
| Rooting depth N = = Maximum size of storage C
= | E = pool, relative to the maximum same 0.8-1.5

Drought resistance (MMM =~ size of leaf C pool

Low High
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P1. Parameter sampling

Latin hypercube sampling, and tradeoffs
chax,early > chax,later SLAearly > SLAlate
Mbk,early > Mbk,later WDearly < WDlate

Lleaf,early < Lleaf,late

P2. Initial FATES experiments
Exp-OBS, consideration of observed trait

% Overall flowchart and research questions

relationships
Exp-CTR

Specific research questions
Q1: Whether observed trait relationships can

3

P3. Build ML models and sensitivity analysis

ML models train and test
SHAP importance analysis

P4. Parameter selection and validation

Exp-ML, ELM-FATES simulation using ML
selected parameters

improve PFTs coexistence?

Q2: Can simple parameter correlations be
constructed to improve PFTs coexistence?

Q3: Can ML selected parameter values
improve PFTs coexistence?
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Two experiment ensembles

—— e e e e e M e M e M e M e M e e

* Exp-CTR, traits tradeoffs | Koven et al. (2020) and Longo et al. (2020): |
. . . . : My, = 0.0082xe(00153xVemax) (1) :
* Exp-OBS, traits tradeoffs + observed trait relationships — !
| Liggr = 0.0001xSLAC232) (2) :
= degraded the PFT coexistence simulations : WD = —0583x In(SLA) — 1.6754 (3) |
(f) BReZt
coexistence PFT coexistence :

Biomass ratio between early PFT
and total biomass

Count

BR,,: € (0.9,1.0], “early”
BR,,; € [0.1,0.9], “coexistence”
BR,,: € [0.0,0.1), “late”

) 0.0 0.2 04 0.6 0.8 1.0
Ratio
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0040 (d) SlAearly VS. SLAla[e

(e) SLAd,ﬁc VS. chax, diff

0.035

\
\
\
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0.015

0.010

0.005

0 J— :~.. . I I
0.01 0.02 0.03 0.04 0.00 0.01 0.02 0.03 004 0.05
SLAearly SLAdiﬁ

SLAaze > 0.35XSLAgqriy + 0.003
chax,diff < —4800XSLAdlff + 100 —
WDgirr > 55XSLAg — 1.3

0.0

Based on Exp-CTR, build empirical simple parameter correlations

(f) SLAg;

VS. WDdiﬁf

I I I I
0.00 0.01 0.02 0.03

SLA i

1
0.04

0.05

\3/ Q2 - Simple constructed correlations are also insufficient

e Early
o Coexistent
e Late

% optimal case:

1)
2)

coexistence,
relative bias of
water/energy/carbon < 15%

Within these constrained parameter spaces,

Coexisting cases increases from 20.6% to 32.6%

67.4% is still either early or late

Optical cases account only about 2.3%
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In Exp-CTR, 1500 samples of
Par-1 FATES Out-1

* Xn, parameters and their difference L 1500 ensembles T—)MJ—» 1500 ensembles

e.8., Vemax,earty, SLAqisf, | Exp-CTR '

* Yi, ELM-FATES outputs
e.g., ET, SH, GPP, AGB, BW T Y, (e.g., GPP)

Build emulators
Y= fi (X, X2 Xp, )

\\> Machine learning algorithm

e.g., XGBoost (Chen et al., 2016)

\\> SHAP (SHapley Additive exPlanations,

Lundberg et al., 2017)

\_> Parameters selection




’??f ML surrogate models have good performance
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* 6 XGBoost surrogate models: ET, SH, BW, GPP, AGB, and BR,,;

e Overall good performance in training and testing samples

* AGB and BR,,; are relatively difficult to emulate

(a) ET (mm/day) (b) SH (W/m?) (c) BW

38— e Train: RMSE=0.00, R>=1.00 ¢ 40 - e  Train: RMSE=0.00, R>=1.00 0.5 ®  Train: RMSE=0.00, R?>=1.00 @
g Test: RMSE=0.03, R?>=0.97 Test: RMSE=0.87, R?>=0.96 Test: RMSE=0.01, R?>=0.96
= 3.6 35
3] 0.4
3
a 3.4 30 -
2 03
§ 3.2 25 -
2
307 20 02
_ @
28 [ [ [ I [ [ [ T I | [ [ I I [
2.8 3.0 3.2 34 3.6 3.8 20 25 30 35 40 0.2 0.3 04 0.5
(d) GPP (umol/m?/s) (e) AGB ( Mg/ha) () BRe:
©  Train: RMSE=0.05, R2=1.00 ©  Train: RMSE=1.18, R2=1.00 Py “1 1004 e Train: RMSE=0.00, R>=1.00
g 10.0 Test: RMSE=0.18, R2=0.97 1000 Test: RMSE=55.53, R?=0.88 ,‘ Test: RMSE=0.15, R2=0.75
= ) o
0.75 .
% 754 750 - rd
—
& 0.50 —
2 50 o 500 -
S «?
© ¢ 0.25
> 2.5 1 . 250 : )
0o o 0 000 coexistence
| [ [ [ | [ I I [ I [ [ [ | | [
0.0 2.5 5.0 7.5 10.0 0 250 500 750 1000 0.0 0.2 0.4 0.6 0.8 1.0

ELM-FATES simulation ELM-FATES simulation ELM-FATES simulation




\?/ Which parameters are important
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* Only 3 features dominate the prediction of ET, SH, BW, and GPP

chax,early

SLAearly
Lleaf,early

(a) XGB_ET (b) XGB_SH (c) XGB_BW (d) XGB_GPP
0.12 cha.x.early _ 3.13 chax.early _ 0.04 chax,early
SLA oty N 079 SLA coriy —| IR 00! SLAcary

0.71

chax. early

SLAearly

Licaf, earty Licaf,carty IR 051 Licaf.carty R 001 Lieaf, earty
Vemax, late Vemaz, e Ml 0-24 Vemax, late 1l 0-00 Mk, aify
Vemas, diff Moy aigr | 0-12 Vemax, digg — 0-00 SLA gy
SLA e LAy ] 0.11 SLAgz 1 0.00 SLA e
M, aif SLAqe -] 0.11 SLAjae — 0.00 Vemas, tate
SLAqif Vemax, digg | 0-09 M air 1 0.00 WDy
WD a1y WD i | 0.07 WD ariy | 0.00 Vemax, dify
Il Positve correlation
Mk, earty —| 0.00 I Negative correlation WD,ar1y —| 0.06 WD —| 0.00 WD.cariy
0.60 0.65 0.]10 0.115 0.00 1.60 2.60 3.60 4.})0 0.60 0.62 0.})4 0.|00 0.2?.0 0.;0 0.I60 0.|80

mean(|SHAP Value|)
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* More than 6 features are most important for predicting AGB and BR,,

* Trait parameter differences between early and late PFT are very important

e.g, SLAdiff, chaxdiff

(e) XGB_AGB (f) XGB_BR coexistence

SLAd,ff 0.11

M bk, early

SLAlate chax, diff

Mk 1ate SLAate

SLAearly WDdiﬂ

Mok aife

chax, late

WDdiﬁf

chax, late

SLAdiﬁ Lleaf, early

WDearly

chax, early

Vemax, diff Lieaf, aify

My, aigr SLAcarly

| T T T
0.00 20.00 40.00 0.00 0.05 0.10
mean(|[SHAP Value|) mean(|[SHAP Value|)
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P1. Parameter sampling

Latin hypercube sampling |

!

Tradeoffs between
| early PFT vs. late PFT |

ET, SH,
Apply I ( Trained
L XGBoost models BW’ GP P’
Initial ML predictions HCelprs
P filtered ML predictions Corresponding AGB ’ BR e2t
Eniemblen(€:2:»GEE) Tk 1500 ensemble
- Fll e
Observation |« Par-3
L EXp-ML J | 1500 ensembles
Filter T
< FATES Out-3 v v N e ;
Optimal parameters [« kl 500 ensembles ELM-FATES ~ 1 Observation filtering rules E
a1 i) Relative biases of GPP, AGB, ET, SH, BW < 15%

g E i ,B ithin [0.3,0.7
P4. Apply ML surrogate models & validation j PET coexistence, Bl within | ]



% ML selected parameter values largely improve FATES simulation
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* ML selected parameters = better capture observations

* ML selected parameters = more well-coexistent runs

, (@) Relative bias (%) Model bias (b) BR.,, ~Biomass ratio
- . . 10— —F/— 5 ————— T ~-~~"---
—— Exp-CTR (initial ELM simulations)
—— ML surrogate model prediction Ea rly
75 4 =—— Exp-ML (FATES simulation with ML selected parameter ) T I B
0.8
50

] | 0.6 —|_

0 %%% éé T T 1 'E‘ T..T ﬂ% | |

5 | H o E? l%? H? 0 l Coexistence
0 s




% ML selected parameter values largely improve FATES simulation
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Compared with Exp-CTR and Exp-ML have
e 3.6 times more coexistence cases, 20% 273%

e 23.6 times more optimal cases, 1.4%—2>33%, with higher model accuracy

Category BReze |AGB bias| |GPP_bias| [ET bias| [SH_bias| [BW_bias| Exp-CTR Ratio
€[0.1,0.9 <15% <15% <15% <15% <15% | count percent
Late 130 8.7% 1.3
Coexistence 309 20.6% 3.6
Early 1059  70.6% 0.2
All dead 2 0.1%
Total 1500
+ 309 20.6% 3.6
+ + 98 6.5% 6.3
Add + + + 85 5.7% 73
observation
constraints * * * + 23 L.5% 24.9
+ - - + + 23 1.5% 21.8
+ + + + + + 21 1.4% 23.6




\?/ Parameter tradeoffs align with niche-based coexistence theory
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Environmental Relative difference should not be considerable
Filtering « Large difference in SLA more likely favors the early PFT

convergence in strategy

Niche
partitioning

divergence in strategy

-----------------------------------------------------

Niche-based F 200 :
: == Exp-CTR: Early E = Exp-ML: Early
H : _ +==+ Exp-CTR: Coexistence s == Exp-ML: Coexistence
coexistence theory 1509 T L e} — oML L

T
SLA : Vemax WD M Lieaf

Parameter relative difference (%) between early PFT and late PFT
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Environmental Relative difference should not be considerable
Filtering

convergence in strategy

. Some degree of differences should exist
Niche

partitioning  Small difference in SLA more likely favors the late PFT

divergence in strategy

-----------------------------------------------------

Niche-based F 200 :
: == Exp-CTR: Early E = Exp-ML: Early
H : _ +==+ Exp-CTR: Coexistence s == Exp-ML: Coexistence
coexistence theory 1509 T L e} — oML L

H I
SLA : Vemax WD M Lieaf

Parameter relative difference (%) between early PFT and late PFT




% Parameter tradeoffs align with niche-based coexistence theory
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Environmental
Filtering

convergence in strategy

Niche
partitioning

divergence in strategy

Niche-based
coexistence theory

Difference should not be considerable

Some degree of differences should exist or balance

For Exp-CTR, coexistence have intermediate differences in SLA, Veygyx, WD, Mpg and Ligqr

For Exp-ML, coexistence have intermediate differences in SLA, Vopmgy, and Lieqr

M _bk and WD show large difference but they show tradeoff to make coexistence

-----------------------------------------------------

200 :
=+ Exp-CTR: Early i —— Exp-ML: Early
1504 -+ Exp-CTR: Coexistence = Exp-ML: Coexistence
: == Exp-CTR: Late i —— Exp-ML: Late
100

Sﬁfaééégiuééé

T
SLA VC max WD M bk Lleaf

Parameter relative difference (%) between early PFT and late PFT
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/ relationships | .. =" -
PFT coemstence/ EMPIICANS. = -CTR | |
modeling correlations
in ELM-FATES | |
a Machine |
Learning
/ . |
Model | L . |
development > | Sensitivity ML guided Exo-ML
P M ] analysis simulations .
v

Vegetation demography models
across different ecosystems
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