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Step 2 Graphlcal

‘comp ar1sons to data
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Identity Outliers
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- Assess Biases
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Miscalibration
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Dynamics & Drivers
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Daily Average GPP (umol m™2 s™1)

Daily Average Shortwave Radiation (W m'z)
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Diagnosing a model is
Hypothesis Testing
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# Why would a model fail
at low humidity?
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# What experiments would

I run in the model to test
this?



Focus on key assumptions

a) Model benchmarking/validation

Questions/ b
hypotheses
testable
predictions

Compare with

experimental |- X(PERIMENT

data &
reject/accept
Experimental

hypothesis
manipulations

\ Response /
data

Meteorological &
initialisation data

MODEL
BENCHMARKING

Compare with
experimental
data &
quantify
predictive

confidence

Multi-model
predictions

b) Model-experiment synthesis
Questions/ b
hypotheses

testable
predictions

Compare with

expermental ) DERIMENT

rejectlaccept
Experimental

\ manipulations
Response

data

Meteorological &
initialisation data

Run

MODEL  modes
coenmenat SYNTHESIS

data & reject
invali Diagnose

assumptions/ differences
hypotheses in modelling

hypotheses
\ Multi- /

model/hypothesis
predictions

Walker et al 2014




J Rainfall ?
Stomatal
Declme in ‘ ?

r Plant tissue
L turnover

Increase
in I.MA

Increased belowground
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Medlyn et al NCC 2015



“data simulated under a model should look
similar to data gathered in the real world.”

Conn et al 2018
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IN THE FITTING, WE ASSUMED |ID NORMAL ERRORS
GPP

15

10

tC ha-1

Does that seem like an adequate description of the data? '



IN THIS FITTING, WE ASSUMED EXPONENTIAL ERRORS WITH

NON-CONSTANT VARIANCE
GPP

15
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|

tC ha-1

Does that seem like an adequate description of the data?



How Good Are
FiveThirtyEight Forecasts?

MLB games, 2016-18

95%

confidence

¢ B teams

Actual wir percentage

‘.‘.O We thought the 306 teams
nthisbinkhada 3°%
chence ot wnning. They
won 28% of the time.

Forecasted chance of winring

https://projects.fivethirtyeight.com/checking-our-work/
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https://projects.fivethirtyeight.com/checking-our-work/

Bayesian p-value / prediction
iInterval

Posterior predictive distribution is the uncertainty of the ,true”
value

Prediction interval is the expected variance of the observed
values = PPD + error

— Shows us what distribution we would expect for the data

Bayesian p-value is when we use PPD + error to calculate the
value of the cdf of the observed data

— Distribution should be flat (uniform)
— ,Bayesian residuals”
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- Error Statistics

# Root Mean Square Error (RMSE)

4 DBias __

= @ Correlatipnm(r)‘ |

§ » R2
# Regression

Slope . s S (a) Low accuracy (h) Lr.m' accuracy (c) High accuracy (d) Hf gh accuracy
¢ : Low precision High precision Low precision Hizh precision

Proper based on the metric used for calibration
- Local: depends on data that could actually be collected




Correlation

Anomaly Correlation of ECMWF 500 hPa Height Forecasts

——— Northern Hemisphere (darker) ——— Southern Hemisphere (lighter)
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> A OBSERVED
Taylor Diagram A OBSERVE
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ACF

Autocorrelation

Correlogram




Brier score . |
Contribution BS, of one forecast to the total Brier Score

1.00 |\ obs=rain obs=dry

Issued forecast
probability=70%

BS,= BS,=0.49
2 1=
(prOb'ObS) if no rain
BS;=0.09
0.00 if it Fains.

prob(p) 0.0 02 03 05 0.7 08 1.0



Continuous Ranked Probability Score

CRPS(F, x) = — /OO (F(y) —1{y = x)*dy

CRPS (F,y)

/ 1{m>y}




Continuous Ranked Probability Score

CRPS(F, x) = — /OO (F(y) —1{y = x)*dy

Ensemble

member Data

CRPS(F: Z\X J iL\X - Xj|

Mean Absolute
Error

Penalty for

ensemble spread
28



SD

10

-4 -2 0 2 4

Mean

https:/ / github.com/eco4cast/neon4cast-scoring/blob/main/
CRPS_example_JRT.Rmd



‘Data mining the residuals

# Wide variety of Data | Ay CART

Mining algo-rithms in use

» GAM

1 Large'debaté about use in |
| e . # Random Forests
process modeling and ‘

. forecasting = # Boosted regression trees /

| = XGBoost
# Potentially useful for

generating hypothesis % Artificial Neural Network

about when/where model = . :
. s e # Deep Learning
 fails




CART

XPA_RF 44.5

xtemp< 1.55

xtemp>=18.25
xPAR>=1301 XPAR<

1.095 2.063 1.252 2.05

0.7037

14 20

0.8

Partial Dependence on "PAR"

T T 7
500 1000 1500

"PAR"

Partial Dependence on "temp"




B. Bias Correction

A. Naive Neural Network
HYbr]_d MO dels Input Layer Hiddon Catput Lyar Input Layer  Hidden Cidput Layer
?‘ Layars O Layers
(Process + NN) e [ s e el
| Process-based < ™
X — Y X ’._:f 7 model e, | m 4
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D. Physics Regularisation
env Input Layer Dutput Layar Input Layer Hidden Cutput Layer
covariates . ma
explain bias \‘ .
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/ [ “weight given
2 e / /  toprocess
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e m:;sdol“e © Ypuy @ Ypyy model
@
Parametars T
E. Domain Adaptation F. Physics Embedding
PJN Input ayer Hiduen Hidden duatlarer then
pretraine ‘ Layers Layers ed
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outputs :\TV 1Ot against data Net
X— :TT{{: X |E 7,0_—" Y | Yeuy O
- A | Process-based | o |
L / / | ‘\_O‘.f
A / J
et al 2024 s
M- - _| Process-hased _" o — NN predicts Bias
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Parameters ¥ variability




Expected performance sweet spots

Data Availability

sparse

— - o g -

extremely | PM
sparse :

temporal | spatial spatio-temporal

Transfer task

EER o Bttt

Wesselkamp
et al 2024
Ecology Letters

Theory constraint of PiNNs

Regula- Domain Parallel Bias Physics
rization || Adaptation | Physics Correction || Embedding
IPretraining
Training !
Evaluation i

strong



