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c ZHRREZRWD
1 begin =1%
2 end =100%
3 n=100%
4 initialize best_classification_resulf according to n
5 while ( begin < end)
6 n=(begin+tend)/2
7 get classification_result in_F-measure according to n
8 if classification result in F-measure < best classification result

9 begin=n

10 else

11 end=n

12 best classification result = classification result in F-measure
13 n=end

14 return n

Algorithm 1: Binary search method for getting the value of n.
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Augment User Reviews Bag Of Words(AUR-BoW)
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"crash every time ”
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"crash every time freezing log everytime ”
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Augment User Reviews Bag Of Words(AUR-BoW)

c LEZ—¢EBEEDODELUEZWord2VeczFHWTEH
cFBLEODEWVWEBICEZZNEM/MTT S

sim(ry, t;) = Z(Wk'i * Sim(ty i, t,-)) N = 0 * user_review_length
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Phase 1: Input User Reviews

N (collect user reviews from App Store &
2. Bl 5@'_::_' Google Play)
» ' Phase 2: Preprocess User Reviews
A I\ P4 70 'J I\ Kﬁé\f (stop words elimination, lemmatization,
— - o o stemming, and sentences split)
AT IVY ¥
I & .| Phase 4. Augment
=z /\ = ~_ Yes
I 82 7] %'J 2Ll te?(tual - User Reviews
~_ Ssemaniics -~
(use word2vec)
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Phase 3: Select Texlual Features and

Y% kot x4 I3 7 1 “ | Calculate the Weight of Textual Features <——
4. 3DDEMFE7ILIT) X | (use BOW, CHI2, TF-IDF)

Phase 5: Train Classifiers
(use Naive Bayss, J48, and Bagging)
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Phase 6: Evaluate Trained Classifiers
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Type #Sentence Proportion
Usability 432 0.108
Reliability 587 0.147
Portability 119 0.029
Performance 121 0.030
FR 558 0.140
Others 2183 0.546

Total 4000 1.000
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- Precision, Recall, F{g, Weighted averageZ%
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- Weighted average(ME¥1) : EINILSEDXEHK
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. TP;
Precision; = TP + FP, (5)
Recall; = — 6
¢t = TP ¥ FN, (©)

2 * Precision; * Recall;

(7

F — measure; = —
‘" Precision; + Recall;

Weighted average(Precision/Recall/F — measure)
3 Yictype(precision;/recall;/F — measure;) * Number; (8)

total_review_sentences
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Table 4: Results of the Combinations of One Classification Technique from BoW, TF-IDF, CII*, and AUR-BoW with One
Machine Learning Algarithm from Naive Bayes, J48, and Bagging

BoW TF-IDF CHI* AUR-BoW
Precision  Recall Il Precision  Recall Fl1 Precision  Recall Il Precision  Recall F1
Naive Buyes 0.665 0644 0634 | 0.668 0649 0.658 | 0.669 0654 0.661 0.720 0653  0.685
Jd8 0.656 0674 0.665 | 0.661 0.678 0.670 | 0.661 0.580 0.670 0.677 0.690 0.684
Bugyging 0.685 0694 0690 | 0.689 0699 0694 | D.688 0697 0.692 0.714 0.723  0.718
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Table S: Percentages of Classified Sentences in the Datasct ——Proportion in the dataset = === F-measure
and Classification Results of Yarious Types Obtained by the

Combination of AUR-BoW and Bagging 1

0.8
Type Proportion  Precision Recall F1
Usability 0.108 0.757 0565  0.647 08
Reliability 0.147 0.595 0.552 0.572 0.4
Portability 0.029 0.632 0.327 0.431
Performance 0.030 0.596 0.233 0.335 0.2
FR 0.140 0.630 0.587 0.608 0
Others 0.546 0.770 0.881 0.822 veabllity Rellabillty TortadilityFerformance IR Cihers
Weighted 1.000 0.714 0.723 0.718 Figure 2: Comparison between the F-measure and proportion
Average of each type in the dataset.
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