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Opening the 
“Black Box”

Leveraging advances in 
eXplainable AI (XAI)

https://www.code4thought.eu/index.php/2019/10/03/using-explanations-for-finding-bias-in-black-box-models/



Opening the Black 
Box with XAI
More and more papers are coming out 
demonstrating the use of ML 
explainability methods for geoscience



Attribution heatmaps are largely 
consistent with how many climate 
scientists pose questions

e.g. Montavon et al. (2017), Pattern Recognition; Montavon et al. (2018), Digital Signal Processing
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Reasons to care about XAI
As a scientist, my goal is often to understand “why?”. But even if you don’t care “why?” you should still care about XAI.
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Surface temperature over Fort Collins, CO
CanESM2 simulation
historical + SSP3-7.0

global warming projections

Leverage imperfect climate models 
to better constrain future projections
by fusing simulations and 
observations. e.g. Labe and Barnes (2022), Diffenbaugh and Barnes (2022, submitted), Rader et al. (2022, in review), Labe 
and Barnes (2021), Barnes et al. (2020a), Barnes et al. (2019)



Surface temperature over Fort Collins, CO
CanESM2 simulation
historical + SSP3-7.0

subseasonal-to-seasonal

e.g. Gordon and Barnes (2022, in review), Labe and Barnes (2022), Gordon, Barnes and Hurrell (2021), Toms, 
Barnes and Hurrell (2021), Mayer and Barnes (2022, in review), Mayer and Barnes (2021), Barnes et al. (2020), 
Barnes et al. (2020)

Explore earth system predictability
weeks-to-years in advance to study 
prediction, dynamics, and change.
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historical + SSP3-7.0

multi-year 
predictability
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Explore earth system predictability
weeks-to-years in advance to study 
prediction, dynamics, and change.



State-Dependent 
Predictability

Beyond the weather ;mescale we must look 
for specific states of the earth system, i.e. 

“opportuni;es”,  that lead to enhanced 
predictable behavior.

See also Mariotti et al. (2020) and also Albers and Newman (2019) 



to 100 mState-Dependent 
Predictability
Use the ANN’s predicted conditional 
distribution to quantify  uncertainty and 
identify more predictable states

μ
σ

Prediction of average SST 
anomaly in 1-5 years

Ocean Heat Content

to 300 m
to 700 m

Applied to 1200 years of CESM2 control simulation
Gordon and Barnes (2022; under review)

Gordon, Barnes and Hurrell (2021)
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● ANN is more likely to be confident 
about a positive prediction

● Positive anomalies are more 
accurate (e.g. Brune et. al 2018)

True SST

Pr
ed

ic
te

d 
SS

T



to 100 mState-Dependent 
Predictability
Use the ANN’s predicted conditional 
distribution to quantify  uncertainty and 
identify more predictable states

μ
σ

Prediction of average SST 
anomaly in 1-5 years

Ocean Heat Content

to 300 m
to 700 m

20% Most Confident Predictions

Applied to 1200 years of CESM2 control simulation
Gordon and Barnes (2022; under review)

Gordon, Barnes and Hurrell (2021)



to 100 mState-Dependent 
Predictability
Use the ANN’s predicted conditional 
distribution to quantify  uncertainty and 
identify more predictable states

μ
σ

Prediction of average SST 
anomaly in 1-5 years

Ocean Heat Content

to 300 m
to 700 m

ANN identifies the transport 
of positive heat anomalies 
into the region years ahead. 
e.g. Borchert et al. (2018)

Applied to 1200 years of CESM2 control simulation
Gordon and Barnes (2022; under review)

Gordon, Barnes and Hurrell (2021)

20% Most Confident Predictions



Sources of Multi-
year Predictability
XAI to identify climate patterns that lead 
to accurate temperature predictions over 
the next 5 years

Prediction of average 
land surface 

temperature anomaly 
over the next 5 years

Predicting 5-year average surface temperature at each grid point
Applied to 1200 years of CESM2 control simulation

Toms, Barnes and Hurrell (2021)
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Sources of predictability for North American regions

XAI
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Sources of Multi-
year Predictability
XAI to identify climate patterns that lead 
to accurate temperature predictions over 
the next 5 years

Prediction of average 
land surface 

temperature anomaly 
over the next 5 years

Different sources of predictability for the U.S. West Coast

Predicting 5-year average surface temperature at each grid point
Applied to 1200 years of CESM2 control simulation

Toms, Barnes and Hurrell (2021)

XAI



Future Changes in 
Subseasonal 
Predictability
XAI allows us to quantify predictability in 
past and future climates and assess 
changes in sources. 

CESM2 Large Ensemble; Historical + SSP3-7.0
Mayer and Barnes (2022)

@21 day lead
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Future Changes in 
Subseasonal 
Predictability
XAI allows us to quantify predictability in 
past and future climates and assess 
changes in sources.

CESM2 Large Ensemble; Historical + SSP3-7.0
Mayer and Barnes (2022)

Historical

Future

XAI

@21 day lead



State-dependent predictability  is more 
than a scientific discovery endeavor. 
State-dependent predictability likely 
applies to every application we have seen. 

Taking this one step 
further…

e.g. Barnes, Barnes and Gordillo (2021)
Barnes and Barnes (2021a, 2021b)

20% of the data 
is signal

80% of the data
is noise

Impossible predictions may 
be hampering AI learning of 
predictable behaviour



Benchmarking XAI 
approaches
There are dozens of XAI approaches 
being developed every year - are they 
useful for earth system science?

● Explainable AI methods are 
simplifications of the AI model, 
and thus, are by definition, not 
faithful to what the original model 
computes

● The success of XAI approaches is 
typically assessed by human 
judgement (i.e. on pictures of cats 
and dogs) but this is difficult for 
Earth system applications

true contribution
of each pixel to y

Mamalakis, Ebert-Uphoff and Barnes (2021)
Mamalakis, Barnes and Ebert-Uphoff (2022)
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Data from ClimateNet
Prabhat et al. (2021)



Interpretable AI
AI models that are interpretable by design

● While explainable AI is useful, 
knowing where decisions were 
made does not reveal all 
information about how that area 
was used in the final decision. 

See fantastic perspective by Rudin (2019)
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A Current Goal: 
work toward building AI models that mimic 

scientific human reasoning to improve 
intrinsic interpretability



Interpretable AI
AI models that are interpretable by design

● While explainable AI is useful, 
knowing where decisions were 
made does not reveal all 
information about how that area 
was used in the final decision. 

● Interpretable AI approaches are 
built to explicitly incorporate the 
decision-making process into 
their structure

Chen et al. (2019)

winning class

Motivating Work: Prototypical Part Network
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Barnes et al. (2022)
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This Looks Like That There

Barnes et al. (2022)

Testing 
sample

Training 
prototype

Where 
prototype 

matters 



Explainable AI is transformational 
for the future of climate and 

sustainability research. The future of climate science requires the 
mixing of knowledge from many fields. 

And ultimately we want more than just a 
prediction - we want to know “why?” 
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And ultimately we want more than just a 
prediction - we want to know “why?” 

Explainable AI is transformational 
for the future of climate and 

sustainability research.
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This Looks Like That There

Barnes et al. (2022)



Increase focus on 
human-earth 
system interactions
Quantify the present and predict the 
future transformations of the earth 
system by humanity

Keys, Barnes and Carter (2021)

XAI2000 2019

AI-based human footprint 
on the land surface in 2019



Changes in ml-HFI between 2000 and 2019

45
Keys et al. 2021 https://doi.org/10.1088/1748-9326/abe00a
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Human Pressures on the Landscape:
Why create a near-present metric?

● Mapping the effects of human pressure on the land surface at a global scale is 
a significant undertaking. Current efforts tend to lag present-day by 5+ years.

● Development can take place very quickly with extensive change in a matter of 
years, not decades.

● Some changes may be irreversible.

● Up-to-date metrics can provide a complimentary method for tracking change.

https://en.wikipedia.org/wiki/File:Rosebel_mining_4_big.jpg

https://en.wikipedia.org/wiki/File:Riau_deforestation_2006.jpg

https://www.globalgoals.org/resources



Williams-Human Footprint Index (HFI)

Based on data created by Williams et al. (2020)

Year 2000 Data
● built environments, 
● population density, 
● night-time lights, 
● croplands, 
● pasture, 
● roads, 
● railways, 
● navigable waterways.

Keys, Barnes and Carter (2021)



Convolutional 
Neural Network 
(CNN)

● Regression task
○ input: 3 Landsat channels of 

120x120 pixels each
○ output: prediction of HFI 

between 0 and 1
○ labels (truth): compare to 

the Williams-HFI

ml-HFI
prediction
[0,1]CNN

3 bands x 120 pixels x 120 pixels

Landsat imagery
from year 2000

Human footprint 
index prediction

Global Forest Change data is a collection of cloud-free, global 
Landsat imagery; We use the latest version, v1.7 from 
Hansen et al. (2020). Includes data for 2000 and 2019.

1.7e9 pixels! Keys, Barnes and Carter (2021)

ml-HFI
prediction
[0,1]

Human Footprint Index 
prediction



Machine learning HFI (ml-HFI)

Keys, Barnes and Carter (2021)

2000



Machine learning HFI (ml-HFI)

Keys, Barnes and Carter (2021)

2019



Sometimes simple 
is best
Many complex AI methods exist, but that 
doesn’t mean they are the right tool for 
the job

● Many Earth scientists find it hard to jump 
into the fast-paced and complex world of 
state-of-the-art AI methods

● Bringing physical knowledge into the 
problem often shows that the simplest 
solutions are preferred by scientists

● Example: Uncertainty quantification
To add uncertainty, merely predict the 
parameters of the conditional distribution

Barnes, Barnes and DeMaria (in prep for hurricane forecasts)
Barnes, Barnes and Gordillo (2021)

μ
σ

σ

τ

μ

𝛾

Sinh-arcsinh Normal Distributions

Normal Distributions



Subseasonal 
Prediction
Harnessing information in the tropics to 
predict midlatitude weather weeks-to-
months in advance

● Network Task: Train a neural network to 
ingest daily maps of outgoing longwave 
radiation (OLR) to predict the sign of the 
subseasonal circulation anomalies over the 
North Atlantic 22 days in advance

● Explainable AI Approach: Learn tropical 
patterns of variability that lead to 
enhanced predictability of midlatitude 
weather on subseasonal timescales

Kirsten Mayer

Mayer and Barnes (2022; under review)
Mayer and Barnes (2021)

Albers and Newman (2019; 2021)



Decadal 
Prediction
Sources of oceanic predictability 
identified by tasking the network to 
predict a conditional distribution

Gordon and Barnes (2022; under review)
Gordon, Barnes and Hurrell (2021)

Emily Gordon

+

-

Positive to negative transitions

-

Negative to positive transitions

μ
σ

PDO transition

No PDO transition
(persistence)

XAI

● ANN looks at negative OHC anomalies 
in off-equatorial western tropical Pacific 
(Meehl et. al 2016)

● Transition mechanism agrees with 
current theory

● ANN looks at Atlantic ocean interbasin 
teleconnection driving El Nino, which in 
turn drives the transition 
(e.g. Ham et. al 2013)

● ANN recognizes distinct transition 
mechanisms 



XAI to identify 
problematic 
strategies
Is the ML approach predicting the right 
answers for the right reasons?

red shading: relevant regions for making the network think there is a horse

Lapuschkin et al. “Unmasking Clever Hans Predictors and Assessing What Machines Really Learn.” 
Nature Communications, vol. 10, no. 1, Mar. 2019, p. 1096, doi:10.1038/s41467-019-08987-4.
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