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A Supplementary Material

A.1 Pseudocode of XTranPrune

Algorithm 1 : One Iteration of XTranPrune

Input: Main Model, Sensitive Attribute (SA) Model
Parameter: RetainRate(RR), PruningRate(PR), NumBatch
Output: PruningMask

# Initialize main__Attr as an all-zero matrix.
# Initialize SA_ Attr as an all-zero matrix.

for i = 1 in range(NumBatch) do
main__Attr <+ main__Attr + ExplainabilityM ethod(Main Model, batch(i))
SA _Attr < SA_Attr + ExplainabilityMethod(SA Model, batch(i))

end for

# Get the average of the attributions over the batches

main__Attr < main__Attr /NumBatch

SA__Attr < SA__Attr /[NumBatch

for block in Main Model do
for head in block do
# Setting the mask to zero for the RR% of the most important nodes
Per formanceMask < Select Nodes(main__Attr)
SA__Attr +— SA__Attr x Per formanceM ask

# Setting the mask to zero for the PR% nodes with the highest SA_ Attr
PruningMaskHead < SelectNodes(SA__Attr)
end for
PruningMaskBlock < Concatenate(PruningMaskH ead)
end for
PruningMask < Concatenate( PruningMask Block)
return PruningMask
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A.2 More Information about datasets

Table 1. More Information about the datasets. In the Fitzpatrickl7Tk dataset, we
excluded the pictures without the Fitzpatrick scale, leaving us with 16,012 images in
total in our experiments. Similarly, in the PAD-UFES-20 dataset, the subgroup with
skin tone 6 has been excluded due to having only one record.

. . Skin Type

Dataset Skin Condition TI T2 T3 T4 T5 T6 Total
Benign 444 671 475 367 159 44 2160

) , Malignant 453 742 456 301 147 61 2160
Fitzpatrick 7k 1 heoplastic 2050 3395 2377 2113 1227 530 11692
Total 2947 4808 3308 2781 1533 635 16012

ACK 25 156 89 10 3 - 283

BCC 101 502 217 22 3 - 845

MEL 3 3 10 4 0 - 52
PAD-UFES-20 NEV 4 34 24 12 1 - 75
SCC 16 126 45 3 2 - 192

SEK 4 23 7 11 1 - 46

Total 153 876 392 62 10 - 1493

Fig. 1. Sample images of different skin tones in the Fitzpatrick17K dataset.


https://github.com/mattgroh/fitzpatrick17k/tree/main
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Fig. 2. Sample images of different conditions in the Fitzpatrick17K dataset.

Fig. 3. Sample images of different skin tones in the PAD-UFES-20 dataset.

Fig. 4. Sample images of different conditions in the PAD-UFES-20 dataset.
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A.3 Fairness Metrics

Table 2. Metrics used fairness evaluation.

Metric Formula Description
M
1 = -

DPM Vi Z mln[p(g{ — ils — 7). ? Measures the ratio of the worst-case
i=1 max[p(§ =1i|s=j),j €] positive outcome probability to the
best-case according to the sensitive
attribute across all subclasses in the

classification task.

1 & min[p(§ =i |y =1i,5s =j),j € 5]
EOM i Z P Z{i y — :J_ ] 5 Computes the same ratio as DPM,
i=1 max[p(§ =i |y =i,s=j),j €] but considers the true positive rate.
M
EOpp0 ‘TNR}ﬂ — TNRgl| Calculates the True Negative Rate
m=1 disparity between subgroups.
M
EOppl Z ‘TPR:,,, —TPRS, Measures the True Positive Rate
m=1 disparity between subgroups.
M
EOdd Z ‘TPRin — TPROm + FPRi,L — FPRom’ Focuses on the overall positive rate
m=1 disparity.

F'1 scoremax — F'1 scoremin

NFR By lower NFR we promote minimal
disparity among subgroups while

the overall performance is high.

mean(F'1 score)

A.4 Extended Results on the Fitzpatrickl7k dataset

Table 3. Additional results on the Fitzpatrickl7k dataset.

‘Worst-case

Model F1 score (%) F1 score (%)T DPM?T EOM?T EOpp0) EOppl| EOdd| NFR|
FairTune]f] 66.80 54.44 0.538 0.686 0.114 0.104 0.195 0.238
DomainInd[2] 69.06 64.26 0.571 0.714 0.055 0.128 0.139 0.119

XTranPrune 73.51 69.13 0.586 0.790 0.086 0.066 0.095 0.114
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Table 4. Additional results on the PAD-UFES-20 dataset.

‘Worst-case

Model F1 score (%) F1 score (%)T DPM?t EOMt EOpp0) EOppl| EOdd| NFR|
DomainInd|2] 62.51 41.58 0.005 0.462 0.764 1.440 1.796 1.578
XTranPrune 62.01 57.03 0.009 0.624 0.389 1.141 0.909 0.587

A.5 Ablation Study on the PAD-UFES-20 dataset

Table 5. Ablation study on node attribution calculation method for the PAD-UFES-20
dataset.

‘Worst-case

Method F1 score (%) F1 score (%)T DPM?t EOM?t EOpp0/) EOppl| EOdd| NFR/

Attention Map 61.91 57.02 0.009 0.560 0.453 1.420 1.303 0.603

Gradients 48.19 26.54 0.002 0.352 0.455 1.217 1.600 1.412

LRP 61.88 53.28 0.009 0.524 0.391 1.224 1.051 0.665

Our method 62.01 57.03 0.009 0.624 0.389 1.141 0.909 0.587
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