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Table 1: The Golden Features studied in prior work [53,
56, 58]. A warning context is defined [53] as the difference
of the number of actionable warnings and false alarms di-
vided by the total number of warnings reported in a given
method/file, or for a warning pattern. We provide more de-
scriptions of each feature in our replication package [1].

Feature type

Feature

Warning combination

warning context in method

warning context in file

warning context for warning type
defect likelihood for warning pattern
discretization of defect likelihood
average lifetime for warning type

Code characteristics

comment-code ratio
method depth

file depth

# methods in file

# classes in package

Warning characteristics

warning pattern
warning type
warning priority
package

File history

file age
file creation
developers

Code analysis

parameter signature
method visibility

Code history

LOC added in file (last 25 revisions)
LOC added in package (past 3 month)

Warning history

warning lifetime by revision
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Table 3: Effectiveness of an SVM using the Golden Features after removing the leaked features and removing the duplicate
warnings between the training and testing dataset. The numbers in parentheses are the F1 obtained by the baseline classifier
that predicts all warnings are actionable.
Project | All Golden Features | - leaked features | - data duplication | - leak, duplication
F1 AUC F1 | AUC F1 AUC F1 AUC
ant 0.94 (0.09) 1.00 | 0.11(0.09) | 0.67 - - - -
cassandra | 0.92 (0.24) 1.00 | 0.45(0.24) | 0.86 9 (0.41) 0.99 | 0.29 (0.41) 0.54
commons | 0.65 (0.10) 0.99 | 0.16 (0.10) | 0.65 | o. 75 (0.25) 0.97 | 0.11(0.25) 0.49
derby 0.95 (0.09) 1.00 | 0.39(0.09) 0.93 | 0.97 (0.28) 0.97 | 0.30 (0.28) 0.59
jmeter 0.94 (0.38) 0.99 | 0.53(0.38) | 0.76 | 1.00 (0.14) 1.00 | 0.25 (0.14) 1.00
lucene-solr | 0.87 (0.51) 0.97 | 0.59(0.51) | 0.74 | 0.87 (0.53) 0.98 | 0.23 (0.53) 0.62
maven 0.86 (0.07) 1.00 | 0.27 (0.07) 0.9 | 0.95(0.24) 0.99 | 0.27 (0.24) 0.58
tomcat 0.93 (0.37) 1.00 | 0.48 (0.37) |  0.73 | 0.95 (0.70) 1.00 | 0.65 (0.70) 0.39
phoenix 0.89 (0.25) 1.00 | 0.42(0.25) | 0.78 | 0.83 (0.37) 0.99 | 0.40 (0.37) 0.63
Average | 0.88 (0.23) 1.00 | 0.38(0.23) | 0.76 | 0.90 (0.37) 0.99 | 0.31(0.37) 0.59




RQ1 R (2)

Golden Features|Z & % F 81 %= R

SEEAVTFRIORRICHW BT -2 U -0 HD

>EZELEQVTEXFRAMNERNNE O HDOHEELE I

]]I

leaked features

Feature type Feature ||
warning context in method

warning context in file

Warning combination warning context for warning type
defect likelihood for warning pattern
discretization of defect likelihood
average litetime for warning type [|

leaked featuresOAZHWIZRX—XZ 4 N
Precision 0.79,Recall 0.94,F1 0.83

& HYH| A

Table 4: Average Precision (Prec.), Recall, and F1 of various
approaches on the original dataset by Yang et al.

Technique Prec. | Recall | F1
Golden Features SVM 0.84 0.94 | 0.88
- leaked features 0.26 0.70 | 0.38
- data duplication 0.88 0.93 | 0.90
- data duplication and leaked features | 0.27 0.57 | 0.31
+ reimplemented leaked features 0.32 0.57 | 0.38
Golden Features kNN (with k=10) 0.91 0.57 | 0.68
Golden Features kNN (with k=5) 0.86 0.72 | 0.78
Golden Features kNN (with k=3) 0.87 0.78 | 0.82
Golden Features kNN (with k=1) 0.87 0.90 | 0.84
Only leaked features SVM 0.79 0.94 | 0.83
Repeat label from training dataset 0.72 0.80 | 0.75
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Table 4: Average Precision (Prec.), Recall, and F1 of various
approaches on the original dataset by Yang et al.

:t = /\ R 1 Technique Prec. | Recall | F1
=T Golden Features SVM 0.84 0.94 | 0.88
I'NE A H:H Q - leaked features 026 | 070|038

- data duplication 0.88 0.93 | 0.90

—_ —_
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+ reimplemented leaked features

Strawman baselinez WL\ 5% & AUCAH0.52 Coldon Fearures kNN (uith sy | 086 | 72 | 078

+ _ I:I N Golden Features kNN (with k=3) 0.87 0.78 | 0.82
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Repeat label from training dataset 0.72 0.80 | 0.75
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Figure 1: The dataset comprises warnings created before the
training and testing revisions. The labels of each warning
are determined by the closed-warning heuristic; if a warning
is closed at the reference revision and the file has not been
deleted, then it is actionable.
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%:I: % ( 2 ) Table 6: Number of open warnings in each project matched
nHe by their Findbugs filter file. If a warning was filtered, it indi-

e o _ — _ cates that the project’s developers consider it a false alarm.
FILTCEEDIN %D ANFEREEICL > TRHFTH S L AR

Project # open warnings | # filtered | % filtered

WS jmeter 710 6 1%

ﬁki@ ’) ‘6 :F&T‘gf) % :E) 0) i /.]\7;&7}‘]'/? tomcat 1624 9 1%
commons-lang 106 19 18%

5% fl > > flink 4934 4754 96%

ﬁ% U D= :F&T 27) AR | l/:-l:l_ A\ 27) 5 75\, hadoop 3053 269 9%
jenkins 1212 178 15%

) 4 *L E = H % Ab,\i kudu 1873 464 25%
ILRES ’CL\@L\%H% BRESTHDAEE ik
morphia 65 0 0%

undertow 347 113 33%

xmlgraphics-fop 949 909 96%

Average (Mean) 1666 818 31%

Average (Median) 1212 178 18%
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Dataset Act. % F1 | AUC
Original dataset [56, 58] 39.9 | 0.39(0.43) | 0.54
- unconfirmed actionable warnings 40.0 | 0.61(0.57) | 0.66
Projects using Findbugs 38.0 | 0.43 (0.44) | 0.62
- unconfirmed false alarms 40.0 | 0.41 (0.46) | 0.60
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