Exploring Word Embedding Techniques
to Improve Sentiment Analysis of
Software Engineering Texts
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Pre-processo
Remove html Convert the text
? tags, http links to lowercase
Software Artifacts Remove code and moat and split Word2Vec
punctuations sentence-wise
Fig. 1. Creating a software-specific word embedding matrix as by Efstathiou et al.[8]
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Pre-processo
Remove html Convert the text
a tags, http links to lowercase
Software Artifacts Remove code and moat and split Word2Vec
punctuations sentence-wise
Fig. 1. Creating a software-specific word embedding matrix as by Efstathiou et al.[8]
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2. Training the Sentiment Classifier.
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"'%"% 5 TABLE 1
TESTING RESULTS OF OUR SENTIMENT CLASSIFIER WITH DIFFERENT SAMPLING TECHNIQUES FOR DATA IMBALANCE.
. . e Negative Neutral Positive

Sampling Rates Correct Prediction Precision Recall Precision Recall Precision Recall

Original 1200 0.453 0433 0.881 0.908 0.402 0.313

1,7,9 1171 043 0.517 0.884 0.861 0.455 0.42

I 1,5, 6 1137 047 0.512 0.888 0.832 0.32 0.458

0.8, 6,7 1160 043 | 0.562 | 0.801 0.734 0.466 0.42

06,4,5 1134 04 53 0.88 0.821 0.37 413
Lin 5 TESTING RESULTS FROM ‘SENTIMENT ANALYS FTWARE ENGINEERING: HOW FAR CANWE GO?’ [19] O'3UP
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TABLE III
EXAMPLES OF MINORITY CLASS SENTENCES CLASSIFIED NEUTRAL ON
ORIGINAL DATASET BUT CLASSIFIED ACCURATELY ON THE RESAMPLED
DATASET USING THE GOOGLE NEWS WORD EMBEDDINGS

Sentence Class

A workaround might be to use reflection, however this isn’t
a generally recommended approach for a number of reasons

. . ) . Negative
(brittleness, performance problems, breaking encapsulation, £
elc).

I am using standout library, I added a wdeonew in i,
Everythmg is runnmg correctly

Negative

Enabled and pointed my client to a secure port on my

container and the last example ( the one that causes the Positive
exception ) works successfully.

If you are looking for a way to write to streams in a more Positive
intuitive way, try CODE_FRAGMENT.
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RQ1 : —figkEword embedding (Google News)

TABL
TESTING RESULTS OF OUR SENTIMENT CLASSIFIER WITH DIFFERENT SAMPLING TECHNIQUES FOR DATA IMBALANCE.

. .. Negative Neutral Positive
Sampling Rates Correct Prediction Precision Recall Precision Recall Precision Recall
Original 1200 0.453 0.433 0.881 0.908 0.402 0.313
1,7,9 1171 043 0517 0.884 0.861 0.455 0.42
1,5,6 1137 0.47 0512 0.888 0.832 0.32 0.458
08, 6,7 1160 043 0.562 0.801 0.734 0.466 0.42
06,4,5 1134 04 0.53 0.88 0.821 0.37 0.413

Y7 ko 7R/¥BEDwWord embedding(SOwoStop, Ay 77 —K#&BD)

TABLE IV
TESTING RESULTS OF OUR SENTIMENT CLASSIFIER USING SOWOSTOP WORD EMBEDDINGS (WITHOUT STOP WORDS)

. . Negative Neutral Positive
Sampling Rates Correct Prediction Precision Recall Precision Recall Precision Recall
Original 1172 0.35 0.216 0.839 0913 0.40 0.32
1,7,9 1126 0.333 0.37 0.858 0.854 0.352 0.32
1,5, 6 1177 0.39 0.38 0.865 0.875 0.47 0.39
0.8,6,7 1042 0.23 0.41 0.87 0.831 0.41 0.35
0.6,4,5 1101 0.32 0.40 0.88 0.84 0.345 048
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RQ1 : —fziaword embedding (Google News)

TESTING RESULTS OF OUR SENTIMENT CLASSIFIER WITH DIFFERENT SAMPLING TECHNIQUES FOR DATA IMBALANCE.

V7 bz 7HBDword embedding(SOwoStop, XA kv 7T7—K&%D)

. o Negative Neutral Positive
Sampling Rates Correct Prediction Precision Recall Precision Recall Precision Recall
Original 1200 0.453 0.433 0.881 0.908 0.402 0.313
1,7,9 1171 043 0517 0.884 0.861 0.455 0.42
1,5, 6 1137 047 0512 0.888 0.832 0.32 0.458
08, 6,7 1160 043 0.562 0.801 0.734 0.466 0.42
06,4,5 1134 04 0.53 0.88 0.821 0.37 0.413

TESTING RESULTS OF OUR SENTIMENT CLASSIFIER USING SOWOSTOP WORD EMBEDDINGS (WITHOUT STOP WORDS)

Y7 kv 7HHEDOword embedding(SOwoStop, A by 77—R7GUL)

. . L. Negative Neutral Positive
Sampling Rates Correct Prediction Precisiong Recall Precision Recall Precision Recall
Original 1172 0.35 0.216 0.839 0913 0.40 0.32
1,7,9 1126 0.333 0.37 0.858 0.854 0.352 0.32
1,5,6 1177 0.39 0.38 0.865 0.875 0.47 0.39
0.8,6,7 1042 0.23 0.41 0.87 0.831 0.41 0.35
0.6,4,5 1101 0.32 0.40 0.88 0.84 0.345 0.48

TESTING RESULTS OF OUR SENTIMENT CLASSIFIER USING SOWSTOP WORD EMBEDDINGS (WITH STOPWORDS)

. . . Negative Neutral Positive
Sampling Rates Correct Prediction Precisiong Recall Precision Recall Precision Recall
Original 1200 0.522 0.068 0.796 0.993 1 0.031
1,7,9 1205 0.5 0.6 0.893 0.881 0.442 0.38
1,5,6 1168 0.472 0.34 0.844 0.89 0.32 0.33
0.8, 6,7 944 0.225 0.624 0.915 0.706 0.318 0.301
0.6, 4,5 1038 0.41 0.53 0.92 0.746 0.226 0.54
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