Using Superposed Epoch Analysis and Shapley Values to Examine
Drivers of Localized dB/dt g s
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Introduction Model Predictions SHapley Additive exPlination (SHAP)

| | | 2013-03-17 Storm SHAP values are based on Shapley Values but solve the issue of computation
Rapid changes in the ground magnetic expense by taking a sample of all the possible sub-sets, and replacing missing
field (dB/dt) can lead to Geomagnet- E—— values with background samples. SHAP is the only model explainability method
“ jcally Induced Currents (GICs). dB/dt *E;: ey = diio that satisfies the requirements of:
often exhibits large, highly localized s s
wmoszree— SPKES, ShOwINg substantial differences 2.0,4_ | sa = Local Accuracy: Requires the simplified explanation model to at least match
! r\«% — —eAoy ¥ INn measurements within small spatial ar- 7 o> WWWMM | the output of the original model for the simplified input x" (which corresponds
é & % E?‘g“ _eas which can be attributed to drivers e 03-1'::M515'08 e to the original input x).
Gciy%ﬂf,*w%%wwfj .l e Originating in the ionosphere and mag- oo | . — — - Missingness: SHAP values for features that are missing or irrelevant are zero.
eyt . netosphere [3]. Reglon—to—Speaﬁc Dit- ; o | | » Consistency: If a model changes such that a simplified input’s contribution
‘ Py A o ference (RSD) (2] is d parameter t.hat 5 increases or stays the same regardless of the other inputs, that input’s
can be used to quantify this localiza- 5 Sttribution should not decrease.
Figure 1. Demonstration of how ionospheric currents can tion effect. Here we explore the use %I;: -0

cause GICs when interacting with long conducting
infrastructure. Figure also shows the role played by the
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= The model predlCtS d probab|l|ty that the (dB/dt)maX OF RSDpax IN the region Figure 4. Top panel shows the model outputs for the FSC-2 region during the March 17 2013 Storm, where the r2 ] L _ o002
will exceed the 99" percentile (yo), blue line indicates the mean probabilities of the dBy/dt model and the blue shaded area the uncertainty. Orange is T o5 ... ' M V* 2 |lo.0000
the same for the RSD model. The colored bars at the top of the plot show the times where the ground truth : EE @ 0.0095
crosses the threshold. The other two panels show the SHAP values for each model as a time series, with values N ' | : | | | . 0'02
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Figure 2. Layout of Convolutional Neural Network model design. Model utilizes two Convolutional layers the area under the calibrated E |} -0.0025
processing the solar wind and magnetometer time series data. The results are then sent through two fully .
precision-recall curve (pr-auc),

connected layers. Based off of model used in [1]
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the root mean sgquare €error s Figure 5. Each panel shows the mean SHAP values (red-blue) and the median parameter values (black) for the solar
@ ] . 1 Iy . .. wind parameters over all the test storms. The green line indicates the point of SYM-H minimum which was used as
between the mean and the ac ::;‘ o the zero-epoch. The SHAP values are displayed in order of MLAT with the lowest latitude regions at the bottom of
Xa \1A 2 Xa Xp \y'é: 4 Xa Xo Xp \? ) Xy Xg Xp \yz A tual values (rmse). The results = . N G 7 > oo 21 2 oo each panel and the highest at the top. The final panel shows the percentage of true values within the test storms
/571' o X, /j}; 03 X, X, /j}; Oc X, X, /j}; o are presented 15 3 function of ° ° ° gzrdegd(;iehg;c;r;{e?)everal of the parameters show clear cut differences around the zero-epoch, notably V. (first panel)
Magnetic Local Time (MLT) and Magnetic Latitude (MLAT) for all of the regions Z
identified in this work.
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