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Appendices

A Exact Weighted Formal Feature Attribution

In this appendix, we once again limit our analysis to instances where we can calculate the exact
WEFFA values for the instance of interest by enumerating all AXp’s. Also, the settings used in
are applied here, i.e. we take the absolute values of feature attibution assignned by LIME
and SHAP, and normalize them within the range of [0, 1]. Just like in the main text of the paper, we
then compare these approaches with normalized WFFA values in terms of errors, Kendall’s Tau [31]]
and rank-biased overlap (RBO) [[66].

A.1 Tabular Data

A comparison of WFFA, LIME and SHAP on an instance of the Compas dataset [3]] is exemplified
in We can observe the patterns similar to those depicted in The feature that
WFFA considers most important is “Asian” while this viewpoint is shared by LIME but disputed by
SHAP. However, neither LIME nor SHAP fully align with WFFA, although there is evident similarity
between them. As with FFA, these observations can be generalized to the other instances of Compas,
as discussed below.

presents a comparison of WFFA against LIME, and SHAP on the 11 selected tabular datasets
as in demonstrating similarities in the findings observed for WFFA and FFA for these
datasets. The average runtime for generating the exact WFFA in a dataset varies between 0.18 and
1.89 seconds while the average number of AXp’s per instance to explain and so to compute exact
WFFA in a dataset ranges from 1.40 to 33.33. Both LIME and SHAP process each image in less
than one second. LIME exhibits errors ranging from 1.37 to 4.96 across these datasets while SHAP
shows similar errors spanning from 1.36 to 4.67. Besides errors, LIME and SHAP yield comparable
outcomes in terms of the two ranking comparison metrics. The values of Kendall’s Tau for LIME
span from —0.35 to 0.25, whereas the values for SHAP are between —0.38 and 0.31. Regarding
RBO values, LIME (resp. SHAP) demonstrates values ranging from 0.38 to 0.69 (resp. 0.43 to 0.67).
Overall and consistent with the FFA findings shown earlier in indicates that both
LIME and SHAP fail to achieve close enough agreement with WFFA.

A.2 10 x 10 Digits

provides a comprehensive comparison of approximate WFFA against feature attribution
reported by LIME and SHAP with respect to the exact WFFA values, conducted on the downscaled
MNIST digists and PneumoniaMNIST images, where exhaustive AXp enumeration is feasible. The
values of feature attribution generated by LIME, SHAP, and approximate WFFA, for the three
selected 10 x 10 images are shown in [Figure T1] [Figure 12] and [Figure T3} Over time, the number
of features included in the AXp’s increases, and the weighted attribution of each feature changes
converging to the exact WFFA. The results shown in [Figure 8] [Figure 9] and [Figure 10]align with the
main finding for FFA approximation shown earlier. Furthermore, the results shown in|Table 6]are also
consistent with FFA observations in[Table 2] Both LIME and SHAP can process each image within a
runtime of less than one second. The average runtime and average number of AXp’s generated for
10 x 10 MNIST 1 vs 3 (resp. 1 vs 7) are 14264.78s and 15781.87 (resp. 6834.61s and 4028.27),
while the values in 10 x 10 PneumoniaMNIST are 8656.18s and 8802.87, respectively. Similarly
to the results in indicates that our approximation yields small errors. Even after 10
seconds, it outperforms both LIME and SHAP, and the errors continue to decrease as we compute
more AXp’s. Once again, the results of the orderings demonstrate that after 10 seconds, the ordering
of WFFA . approaches closer to the exact WFFA compared to both LIME and SHAP and converges
to the exact WFFA ordering with the growth of the number AXp’s enumerated. As can also be seen,
LIME exhibits a substantial distance from the exact WFFA ordering.

A.3 Summary

The findings of this section again indicate that we can confidently obtain valuable approximations
of the exact WFFA values without the need to exhaustively enumerate all AXp’s for a given data
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Figure 7: Explanations for an instance of Compas v = {#Priors = 3,Score_factor =

1, Age_Above_FourtyFive = 0, Age_Below_TwentyFive = 1, African_American = 1, Asian =
0, Hispanic = 0, Native_American = 0, Other = 0, Female = 0, Misdemeanor = 1} predicted as
Two_yr_Recidivism = true.

Table 5: LIME and SHAP versus WFFA on tabular data.

Dataset adult appendicitis australian cars compas heart-statlog hungarian lending liver-disorder pima recidivism

|7l 12 O] a4 @ an (13) (13) © (6) ® a5
Approach Error

LIME 4.32 2.06 496 148 3.26 4.40 4.43 1.37 2.37 2,63  4.66

SHAP 429 1.87 431 136 2.63 3.61 4.00 1.43 2.25 291 4.67

Kendall’s Tau

LIME 0.11 0.17 0.25 -0.08 -0.08 0.22 0.08 -0.35 -0.17 025  0.08

SHAP  0.07 0.23 0.31 -0.07 -0.07 0.22 0.26 -0.38 -0.16 0.15  0.16
RBO

LIME 0.53 0.65 0.48 0.64 0.56 0.56 0.40 0.59 0.65 0.69  0.38

SHAP 0.48 0.67 0.55 0.66 0.59 0.52 0.49 0.61 0.67 0.64 043

Table 6: Comparison on 10 x 10 Images of WFFA versus LIME, SHAP and WFFA approximations.

Dataset LIME SHAP WFFA10 WFFA3() WFFA@) WFFA 120 WFFA600 WFFA1200
|F| =100 Error
10x 10-mnist-1vs3 11.28 9.81 5.52 5.12 4.83 4.50 3.32 2.61
10x 10-mnist-1vs7 1246 8.11 4.07 3.47 2.83 2.38 1.34 0.97
10x10-pneumoniamnist 17.25 17.84  5.33 4.29 3.76 3.36 2.20 1.63
Kendall’s Tau
10x 10-mnist-1vs3 -0.14 048 0.53 0.60 0.64 0.67 0.75 0.81
10x 10-mnist-1vs7 -0.33 047 0.58 0.65 0.73 0.79 0.86 0.90
10x 10-pneumoniamnist -0.02  0.24 0.67 0.74 0.80 0.81 0.90 0.92
RBO
10x 10-mnist-1vs3 0.20 0.50 0.63 0.67 0.70 0.74 0.81 0.84
10x 10-mnist-1vs7 0.19 0.58 0.73 0.77 0.81 0.86 0.90 0.91
10x 10-pneumoniamnist  0.21  0.37 0.63 0.70 0.74 0.77 0.82 0.87

instance. It is worth noting that feature attribution determined by LIME and SHAP is quite inaccurate
and does not provide meaningful insights to a human decision-maker, despite being computationally
fast.

B Approximate Weighted Formal Feature Attribution

As argued in[Section 3] the exact WFFA computation can be difficult in practice, due to the complexity
of the problem. But as indicates, our approach can yield decent WFFA approximations even
with a short duration of collecting AXp’s. Here we assess the fidelity of our approach in contrast to the
approximate WFFA computed after a duration of 2 hours (7200s). WFFA _ and the values of feature
attribution generated by LIME and SHAP for the three considered 28 x 28 images are depicted
in and [T6] As time progresses, the accumulated AXp’s incorporate an increasing
number of features, and as a result the value of weighted attribution for each feature can change.
details the comparison between LIME, SHAP, and the approximate WFFA. Both LIME and
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Figure 8: 10 x 10 MNIST 1 vs. 3. The prediction is 3.
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Image LIME SHAP FFA 10 FFA30 FFA@O FFA 120 FFA600 FFA 1.2k FFA
Figure 9: 10 x 10 MNIST 1 vs. 7. The prediction is 7.

Table 7: Comparison on 28 x 28 Images of WFFA7 5 versus LIME, SHAP and WFFA approximations.

Dataset LIME SHAP WFFAI() WFFA30 WFFA120 WFFAGO() WFFA1200 WFFA360()
|F| =784 Error
28,28-mnist-1,3 49.28 22.33 9.22 7.50 6.69 4.50 3.08 2.75
28,28-mnist-1,7 5478 2439 11.53 9.40 7.00 4.60 3.33 2.29
28,28-pneumoniamnist 62.88 31.46  8.17 7.74 5.67 4.85 3.75 3.08
Kendall’s Tau
28,28-mnist-1,3 -0.80 0.42 0.49 0.64 0.70 0.81 0.86 0.88
28,28-mnist-1,7 -0.79  0.34 0.43 0.57 0.72 0.82 0.87 0.92
28,28-pneumoniamnist -0.66  0.24 0.37 0.57 0.69 0.76 0.81 0.88
RBO
28,28-mnist-1,3 0.03 040 0.45 0.54 0.63 0.78 0.84 0.89
28,28-mnist-1,7 0.03 0.34 0.41 0.47 0.60 0.74 0.81 0.91
28,28-pneumoniamnist  0.03  0.23 0.30 0.35 0.43 0.59 0.65 0.81

Table 8: Just-in-time Defect Prediction comparison of WFFA versus LIME and SHAP.

Approach openstack (|F| = 13) qt (|F] = 16)
Error Kkendalltau rbo Error kendalltau rbo
LIME 4.79 0.08 0.56 5.60 -0.07 0.45
SHAP 5.01 0.02 054 5.17 -0.11 0.44

SHAP require less than one second to process each image. The average results presented in[Table 7]
are consistent with those illustrated in[Table 6]and the FFA results depicted in[Table 2|and[Table 3]
demonstrates that after only 10 seconds, our WFFA approximation outperforms both LIME
and SHAP in terms of errors, Kendall’s Tau, and RBO values. Additionally, after 10 seconds our
approach produces weighted feature attributions, which is closer to WFFA7,¢9 compared to both
LIME and SHAP. This suggests that our approach effectively identifies the features that are genuinely
relevant for the prediction, which is in stark contrast to LIME and SHAP.

C Application in Just-in-Time Defect Prediction

Modern software companies often engage in the rapid and frequent release of software products
in short cycles. Because of the exponential growth of highly complex source code, such rapid-
release software development presents significant challenges for under-resourced Software Quality
Assurance (SQA) teams. Developers are unable to thoroughly ensure the highest quality of all newly
developed code commiits or pull requests within the limited time and resources available, due to the
time-consuming and costly nature of various SQA activities, e.g. code review. To address this issue,
a recent approach called Just-in-Time (JIT) defect prediction [30} [32} 138 [51]] has been proposed.
This approach aims to predict whether a commit will introduce software defects in the future such
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Figure 10: 10 x 10 PneumoniaMNIST. The prediction is pneumonia.

u | I71 I; .i .i u
nn
2% 5% 3% % %5 5
Input LIME SHAP FFA 10 FFA30 FFA(,() FFA] 20 FFA(,U() FFA] 2k FFA
Figure 11: 10 x 10 MNIST 1 vs. 3. The prediction is 3.

that development teams can prioritize their limited SQA resources on the riskiest commits or pull
requests.

However, the JIT defect prediction approach has frequently been criticized for being opaque and
lacking explainability for practitioners. Model-agnostic explainability methods, e.g. LIME and SHAP,
cannot guarantee accurate feature attribution, as discussed earlier in this appendix and [Section 3).
Experimental evidence presented in demonstrates the usefulness of exact FFA in the
context of JIT defect prediction. Given that our earlier observations above suggest that exact (resp.
approximate) WFFA is consistent with exact (resp. approximate) FFA, we apply the computation of
WEFFA in the setting of JIT defection prediction and demonstrate that it can be also a viable approach
to addressing practical explainability challenges.

In particular, where we use logistic regression models built on two widely-used large-scale open-
source datasets, namely Openstack and Qt, which are commonly used in JIT defect prediction
studies [52]]. The property of monotonicity in logistic regression allows us to enumerate explanations
efficiently, following the approach of [44]. By leveraging this method, we can extract the exact WFFA
for each instance within one second. The comparison of WFFA, LIME, and SHAP in terms of the
three selected metrics is provided in[Table 8] These results are consistent with the FFA assessment

presented in[Table 4] Similar to the findings in[Table 3} [Table 6] and [Table 7] both LIME and SHAP

misalign with weighted formal feature attribution, although there are some similarities between them.
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Figure 12: 10 x 10 MNIST 1 vs. 7. The prediction is 7.
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Figure 13: 10 x 10 PneumoniaMNIST. The prediction is pneumonia.
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LIME SHAP  WFFA,y WFFA3 WFFA,g WFFAso WFFA1 2« WFFAs6c WFFA7
Figure 14: 28 x 28 MNIST 1 vs. 3. The prediction is digit 3.
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Figure 15: 28 x 28 MNIST 1 vs. 7. The prediction is digit 7.

LIME SHAP  WFFA|© WFFA3 WFFA120 WFFAqon WFFA |2« WFFAz6c WFFA7
Figure 16: 28 x 28 PneumoniaMNIST. The prediction is normal.
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