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Shapley Values

A (very) popular approach for explaining Al
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SHAP (SHapley Additive exPlanations). SHAP assigns each feature an importance value for a ...



Value Functions

Notation: [d] = {1,2, ...,d}

v:2ld 5 R

Examples:

e v(S) = Predictions when only given features in S
e v(S) = Loss when only given features in S

e v(S) = Predictions when only given points in S

¢ v(S) = Loss when only given points in S
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Shapley Values

¢:(v) = Eg[v(S U {i}) —v(S)]
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Challenge: 2¢ subsets to evaluate!




Kernel SHAP

Sample m subsets(S;,...,S;, € [d]

Fit a linear function f: 214l - R on samples

Return ¢1(f), ..., ¢a(f)

Justification: When m = 2%, ¢;(f) = ¢; (v)
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Guiding Question

What if we used an even more expressive function f to fit v?



Gradient Boosted Trees

e Efficient (highly optimized) and interpretable

e SOTA on tabular data 2015 - 2025 /\

—10 = x,

e Easy to compute Shapley values
12 = x; °




Regression MSR

Sample subsets, Fit gradient boosted trees
Challenge: Even with all samples, ¢;(f) + ¢;(v)
Return ¢;(f) + ¢;(v — f)

Justification: With all samples, ¢;(v — f) = ¢;(v — f) and so
¢:(f)+ di(v—f)=¢;(f +v—f) =d:;(v)



Shapley Value MSE

Adult Forest Fires Real Estate  Bike Sharing Breast Cancer Independent NHANES Communities Mean
LinearMSR
Mean 1.18 x 1072  3.07 x 107> 2.00 x 10°7 5.07 x 1073 1.09 x 1072  9.49x107° 273x107° 1.17x107* | 9.51 x 10~
1st Quartile 299 x 107* 4.72x1077 246 x107% 9.72x107*  214x107* 538 x107% 218 x 107" 476x107° | 1.98 x 10~*
2nd Quartile 767 x107* 275x107% 591 x107% = 2.85x 1073 1.02x 1072 664 x107° 249x10°% 946 x10°° | 6.00 x 104
3rd Quartile 1.52x 1073 6.00x107% 1.82x10"7 6.37 x 103 1.71 x 1072  1.06 x 107* 288 x 107 145 x10~* | 1.24 x 1073
TreeMSR
Mean 6.77 x 107> 1.45x107° 1.07x1076  2.04 x 1073 1.08 x 1073  147x107% 195x1077 7.93x107° | 429 x10*
Ist Quartile 1.79 x 107 1.32x107% 950x 1078 6.23 x 104 237x107% 240 x10™° 299x107'0 1.78x107° | 1.15x 10~
2nd Quartile 412x107° 355x107% 1.97x1077 1.28x1073% 551x107*  820x107° 889x107'0 358x107° | 2.50x 1074
3rd Quartile 9.03 x107®> 1.01x10™® 1.40x107% 244 x1073 1.23x 1073  1.70 x100%* 391 x107° 570 x 10~ | 5.00 x 10~*
KernelSHAP
Mean 455 x 1073 298 x107° 193 x10""  6.12x 1073 2.01x107% 197 x107* 4.08x107° 1.59x107* | 1.64 x 1073
1st Quartile 5.14 x 107* 3.08 x10=7 1.04 x107° 1.40 x 107° 6.87 x107*  1.09x107* [160x 10" 7.03x107° | 3.47x 10~
2nd Quartile 859 x107% 1 3.05x10°% 3.50x10"% 4.00 x 1073 1.89 x 1072 1.64x107* 3.10x107% 1.27x107* | 8.81 x 10~*
3rd Quartile 2.84x1072 730x10°% 159x10°" 791 x107? 298 x 1072 280 x107* 3.97x107° 225x107% | 1.79 x 1073
PermutationSHAP
Mean 4.86x 1073 1.25x107% 558 x 1077  1.51 x 1072 1.73x 1073 1.96 x 107* 343 x 1075 214 x107* | 2.718 x 1073
1st Quartile 1.65 x 1072 854 x 1077 | 3.64x 1072 3.13x107% 297x107* 6.96x107° 1.60x 10710 587 x107° | 6.50 x 10~*
2nd Quartile 3.84x 1073 4.83x107% | 490 x10°% 5.97 x 1073 1.05 1072  1.70x107* 210x107% 1.61 x10~* | 1.40 x 1073
3rd Quartile 768 x 1072 1.52x107° 2.69x 1077  1.92 x 1072 1.97 x 1072 277 x107*  2.09x107®> 278 x 107* | 3.68 x 1073
LeverageSHAP
Mean 138 x10°3% 3.71x10° 144 x10"" 6.32x1073 1.08 x 1072 9.62x107° 283 x10° 1.15x107* | 1.13x 103
1st Quartile 335 x 1074 3.07x1077 7.88x1071% 1.05x1073 274x107* 532x107° 1.60x 10716 441 x107° | 2.20 x 10~*
2nd Quartile 6.62 x 107 222x107% 321 x10"% 273 x 1073 1.09 x 1072  730x107° 270x107% 936 x107° | 5.81 x 104
3rd Quartile 1.62x1072% 5.13x107°% 1.29x107" 7.03x 103 1.46 x 1073 1.08 x107* 2.62x107° 152x10* | 1.30 x 103
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Shapley Values: Error vs Sample Complexity
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Probabilistic Values: Error vs Sample Complexity (Regression Forest Ground Truth)
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Let’s Chat!

rtealwitter@cmc.edu
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