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» | Problem:Arctic sea ice minimums impact the full Earth system L]
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Photograph Credit: D. Perovich et al.,, NOAA, Arctic Report Card: Update for 2018



Problem: predicting the minimum extent (km?) each year
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+ | Problem: most CMIP5 models
underestimate sea ice decline

In a study [|] of Arctic sea ice predictions from
the World Climate Research Programme’s

Coupled Model Intercomparison Project 5
(CMIP5):

| 18 simulations run using 40 models in
CMIP5

Only 11% of model runs agree with the
observed trend

This work examines the Energy Exascale Earth
System Model (E3SM)

Not in CMIP5 but E3SM is derivative of a
model in CMIP5

[I] Erica Rosenblum and lan Eisenman. 2017. Sea ice trends in climate models only accurate in runs with biased
global warming. J. Clim. 30, 16 (August 2017), 6265-6278. DOl:https://doi.org/10.1175/)CLI-D-16-0455.1
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e“ Goals | |

_ e Conduct a feature

|dentify features in June that analysis on observed
. climate data in the Arctic
are the most impactful for =R e anal)sls cani b
sea ice extent in September conducted on any
trained model. .

e Comepare results with a
feature analysis on
simulated data

_ ° Make adjustments to I

Improve both physics-based physics-based models to

. adapt for inconsistencies
and data-driven models of = .
the Arctic climate ] * Evaluate newly tuned

physics-based model for

change in accuracy
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6 Datasets

5 E3SM Ensembles

* Separate |65-year
runs with differing
initial conditions
|65 years allows

NSIDC
==
Polar Science initial model chaos to

Center 2 settle
Last 35 years

extracted for datasets

ESM o
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Methods
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Methods e | |
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Methods: Feature Importance

Gini Importance — default for R and Python’s scikit-learn
Measures how each feature reduces variance
Fast
Highly biased for data with many unique values
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Methods: Feature Importance

Gini Importance — default for R and Python’s scikit-learn

Measures how each feature reduces variance
Fast
Highly biased for data with many unique values

Permutation Importance — stochastic
Permutes each feature and measures the changed in error
Fast
Results can depend on the specific permutation of each feature

Cannot be run on training data alone
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Methods: Feature Importance

Ini Importance
— o
N w

Gini Importance — default for R and Python’s scikit-learn

Measures how each feature reduces variance

Fast

Highly biased for data with many unique values

: : mmmmmm Random Variable
Permutation Importance — stochastic

Permutes each feature and measures the changed in error
Fast
Results can depend on the specific permutation of each feature

Cannot be run on training data alone

Drop-column Importance — deterministic

Drops each feature from the data set one at a time
and

Very slow

Returns repeatable, objective results ~0.05 0.00
Permutation Importance




15 Results

0, 1, and 5 year forecast results

Feature importance values for each data set

Observed
Error metrics for each data set’s regression

RMSE: 0.2057
MAE: 0.1335
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6 | Results: O Year Forecasts

B CLT_arcticO6 s FLWS_global06 mmm PS_global06 B SSH_global06 mmm TS_global06 I SIV_arctic06 mmm SST_global06 s uwind06 Traln TeSt

mmm CLT_global06 mmm  PS_arctic06 mmm SSH_arctic06 W TS_arctic06 mm sea_ice_extent06 [ SST_arctic06 B air_temp06 B vwind06 Ob serve d
mmm FLWS_arctic06

1e10

R2: 09714 0.0000
RMSE: 0.1729 0.0000
MAE: 0.1342 0.0000

Simulationl

R2: 0.9869 0.0000
RMSE: 0.2141 0.0000
MAE: 0.135] 0.0000
Simulation2
I R2:  0.9850 0.0000

RMSE: 0.1741 0.0000
MAE: 0.1518 0.0000
Simulation3
R2: 0.9708 0.0000
RMSE: 0.2830 0.0000
MAE: 0.1367 0.0000
Simulation4
R2: 0.9650 0.0000
RMSE: 0.2899 0.0000
MAE: 0.1369 0.0000
Simulation5
R2: 0.9786 0.0000
RMSE: 0.2781
MAE: 0.2162
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Results: | Year Forecasts

B CLT_arcticO6 s FLWS_global06 mmm PS_global06 B SSH_global06 mmm TS_global06 SIV_arctic06 mmm SST_global06 B uwind06 Traln TeSt

mmm CLT_global06 mmm  PS_arctic06 mmm SSH_arctic06 e TS_arctic06 sea_ice_extent06 SST_arctic06 B air_temp06 B vwind06
s FLWS_arctic06 Observed

1e12

R2: 0.9484

{ RMSE: 0.2322

MAE: 0.1650
Simulationl

R2: 0.9708

RMSE: 0.3214

MAE: 0.1665
Simulation2

R2: 0.954I

RMSE: 0.2930

MAE: 0.1906
Simulation3

R2: 0.9578

RMSE: 0.3229

MAE: 0.1743
Simulation4

R2: 0.9451

RMSE: 0.3568

MAE: 0.2517
Simulation5

R2: 0.9626

RMSE: 0.3598

MAE: 0.2440
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Results: 5 Year Forecasts

B CLT_arcticO6 s FLWS_global06 mmm PS_global06 B SSH_global06 mmm TS_global06 SIV_arctic06 mmm SST_global06 s uwind06 Traln TeSt

mmm CLT_global06 mmm  PS_arctic06 mmm SSH_arctic06 W TS_arctic06 sea_ice_extent06 I SST_arctic06 B air_temp06 B vwind06
s FLWS_arctic06 Observed

1e12

R2: 0.9384 -0.1504 )
RMSE: 0.2057
I I MAE: 0.1335 0.4622

I sl --II Al H‘ m, ' Simulation|

LY (| (] IIIII Illl R2: 0.9805 -0.5267
RMSE: 0.2257 1.7192
MAE: 0.1359 1.4005
Simulation2
| R2: 0.9457 -10.1855

RMSE: 0.2207

MAE: 0.1222
Simulation3

R2: 0.964I

RMSE: 0.2848

MAE: 0.1505
Simulation4

R2: 0.9500

RMSE: 0.3412

MAE: 0.1409
Simulation5

R2: 0.9692

RMSE: 0.2874

MAE: 0.2384
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1e11

I CLT_arctic06
Il CLT_global06
I FLWS_arctic06

I FLWS_global06
I PS_arctic06

I PS_global06
Il SSH_arctic06

Results: 5 Random Test Years

Il SSH_global06
I TS_arctic06

TS_global06
I sea_ice_extent06

[ SIV_arctic06
[ SST_arctic06

Il SST_global06
E air_temp06

I uwind06
I vwind06

Obsérved

Simulétiom

SimulétionZ

Simulétion3

Feature

Simulétion4

Simullation5

Observed

R2: 0.9648

RMSE: 0.1903

MAE: 0.1234
Simulationl

R2: 0.9744

RMSE: 0.2968

MAE: 0.1889
Simulation2

R2: 0.9786

RMSE: 0.2024

MAE: 0.1395
Simulation3

R2: 0.9649

RMSE: 0.3069

MAE: 0.1942
Simulation4

R2: 0.9595

RMSE: 0.3078

MAE: 0.1702
Simulation5

R2: 0.9697

RMSE: 0.3272

MAE: 0.215]1




» | Next Steps | I

Investigate high variance of results
Likelihood of multicollinearity

Use principal component analysis and feature selection techniques to eliminate features

Retrieve more features from E3SM that can be measured in nature

Obtain domain expertise to determine relevant features



23 | Multicollinearity: Dependency Matrix
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Multicollinearity: Spearman Rank Order Correlation Matrix
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Conclusions | |

Inconsistency between data sets at all forecast intervals.

Model accuracy increases when it can train on more years but feature importance values do not I
become more consistent.

Choosing a random set of test years 1s ideal but introduces large variance in feature importance
results.

Multicollinearity i1s likely the culprit as indicated by the correlation and dependency matrices.



Fes

gy g1 i 000

1 ™
| .




7 | Results: 10 Year Forecasts

B CLT_arcticO6 s FLWS_global06 mmm PS_global06 B SSH_global06 I TS_global06 SIV_arctic06 mmm SST_global06 s uwind06 Traln TeSt

=
mmm CLT_global06 mmm  PS_arctic06 mmm SSH_arctic06 W TS_arctic06 B sea_ice_extent06 I SST_arctic06 B air_temp06 B vwind06
s FLWS_arctic06 Observed

1e11

R2: 0.9051 -3.3662}

RMSE: 0.1691 1.3109
MAE: 0.1280 09818
| II|| I Simulationl|
R2: 0.970 -4.002
1 IIlI e o M owl_ el L Lk & >
= e

T I T 1 T | [RMsE: 01901 2.3922
t MAE: 0.1042 2.3208

Simulation2

R2: 0.9434 -2.1010

RMSE: 0.1779 <2757

MAE: 0.0983 1.5042
Simulation3

R2: 0.9595 -8.0864

RMSE: 0.1758 2.5147

MAE: 0.1307 2.5485
Simulation4

R2: 0.9217 -3.2620

RMSE: 0.2972 1.6320

MAE: 0.1637 1.2468
Simulation5

R2: 0.9431 -5.9398

RMSE: 0.2328 2.5439

MAE: 0.1951 2.4189
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