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1. MOTIVATION

Background Significance

Although machine learning is playing
an increasingly important role in
decision-making, understanding how
ML models make their predictions is
often a challenge for the model
developers, forecasters and other end
users [1]
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e SHAP calculates the average
contribution of each feature,

Fig 1. XAl pipeline representing how much each

feature influences the model's

Performance:

Normalized by Truth Unnormalized

< Overprediction
of rain

< Low accuracy
predicting sleet
and freezing
rain

-E 194253 3703 16165 10403

93719 28099 13646

2303 14581 7354

(XAI)

Top 10 Features, Gradient * Input
le-7

- Top 10 Features, Permutation Results

Value
=)
|Normalized Importance Values|
o o o o & e P

|Importance
o o o <]
o o =

Input Features
Input Features

Fig 3. Permutation results
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e Permutation feature
importance works by randomly
shuffling the values of a single
feature and measuring the

Fig 4. Gradient * Input results

- Gradient * Input
e This XAl method works by
multiplying the gradient of
the model's output with the
iInput features
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focusing on the most physically
relevant features

3. DATA

% Input data: The Rapid Refresh(RAP)
% True Labels: mPING (undereports
freezing rain)

Input * Gradient

Fig 5. Absolute Gradient * Input values

Heights of the most important temperature feature: 2022-02-23 01:00:00
4 \-‘I g

L

(SN

Heights of the most important temperature feature: 2022-02-23 01:00:00

N > (s g
” AR = w -~ Y e
'~ \ \ i o~ ) \ - R
\ i \ / )
.
> Ve T \v) / / A AN
- < | t - , ==
N \ iy ! - .
Ut ST e S | Gl i o 2 / -
- AR (5%} O — it ; "y AN b Tl
i NN R ) { ¥ =1 A NV
/ ’ At o~ 1
g N (AN W~ \ s OSSN O VRN
1 -2 | N s, \ Y M o 2
| o ] 9 S I > N2 2 =
‘ Ao ! /f\, Y ) P \ / %
§ -7 ! 3 ) =g 2" o
F RN s==M J /] Y PR
‘ \ 1 - / (2
“ 4 [N "’ « i}
o IR 1 \ /
vy ¥ \ —
) \J o~ SN

\‘~\\ 0
\‘ ‘
N
[T - Z >
P NS, K
‘\\l
- . 3
re; % \ I%- = a ol
o .
[\
a
\ \
.

Fig 6. Gradient * Input by height per precipitation type
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6. CONCLUSIONS

Features that have a higher
height are more important near
the freezing line and fronts

Each XAl method provides
slightly different results
Temperature at Om is the top
feature for each of the methods
The Input features that are near
the surface tend to be the most
Important

Feature Importance Summary
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7. XAl methods summary
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