
VI. EXPERIMENTAL RESULTS

 In Fig. I, the accuracy for Model II can be seen. As seen in 
the figure, accuracy values are increasing with the increasing 
values of the threshold. Here the threshold value refers to the 
normalized similarity scores between the bugs in order to choose 
the most similar bugs to the bugs in our test set. The best 
accuracy is obtained with the threshold value, 0.8. This confirms 
the findings of [23] that higher similarity scores between the 
bugs lead to better predictions.  

 By using the best value of the Model II, all models' results 
are reported in Table V. From the results, we observe that the 
best recall values are achieved for the category very slow, while 
the best precisions are achieved for the category fast consistently 
in all models. Also, Ta (Total Accuracy) on the rightmost 
column in Table V shows that our stepwise approach seems to 
improve precision and recall values for the categories slow, very 
slow. It also slightly improves the total accuracy compared to the 
other two models. 

 In order to statistically show that the stepwise approach 
performs the best over all models, we conducted Kruskal-Wallis 
test. The input to this test constitutes of 500 predictions from 
each model. Therefore, the test's degrees of freedom is 2, and the 
significance level is chosen as 0.05. From the chi-square 
distribution [19], the critical value corresponding to this design 
is taken as 5.991.  The test statistics are shown in Table VI. 
Firstly, all three models are fed into the model at the same time, 
and it is seen that the p-value is smaller than 0.05. It indicates 
that we can reject the null hypothesis, concluding that at least 
one model has a different median over predictions. Secondly, we 
decided to apply pairwise tests among the three models. 
Interestingly the comparison between Model I and III shows that 
we cannot claim that there is a difference in their median values. 
The other two comparisons reveal that models differ from each 
other in terms prediction performances. 

VII. INTERPRETATION

 The argument of "similar issues require similar fixing time" 
highlighted in [23] partially apply to our study: Fig. I shows that 
if we look at the description of previous bugs and choose highly 
similar ones (with a threshold value of 0.8) this leads to better 
accuracy in the predictions. However, we could also observe that 
the model using bug attributes only (Model I) have similar 
prediction performances according to statistical tests.  

The bug attributes may represent more information than the 
descriptions in this particular project we chose. Another 
explanation could be the selection of text similarity calculation 
library, Lucene. In the previous study [23], Lucene framework 
worked very well in predicting bug fix time, and hence, we 
applied the same approach on JavaScript Engine component. It 
could be possible that textual content in this dataset would 
require to be handled through a different text mining approach, 
such as n-grams. It is our future plan to apply different 
techniques on textual data to evaluate its prediction performance 
against the bug attributes. 

 Our stepwise approach first takes into account textual data 
and filters the bugs based on their textual similarity. Then this 
filtered bug set is fed into the second model to predict the bug 
fix time. Another strategy would be to apply these models in 

reverse order, i.e., bug attributes may be used to filter out similar 
bugs, and later these bugs' textual descriptions may be used to 
find the most similar bug and its corresponding fix time. We 
could not apply this in our study, because at the first step, the 
distance needs to be calculated based on the bug attributes which 
take categorical values. In order to apply a similarity formula, 
we should define a logical distance measure between different 
values of the attributes. For example, a custom distance function 
should be created for the priority and severity attributes, as well 
as another custom function for the reporter attribute; but it is not 
clear how to create those. Furthermore, the number of bugs used 
to train the second model (based on Lucene) would have fewer 
training instances, and hence, the similarity calculations will be 
based on vector representations extracted from a smaller dataset. 
This may also degrade the performance of the second model. 
Therefore, we prefer to choose the first model based on bug 
attributes, and the second model based on textual data in our 
stepwise approach. 

Fig. 1. Model II accuracy with the changing value of threshold 

TABLE V.  MODEL RESULTS (%) 

Model Very fast Fast Slow Very slow Ta 

I 
Recall 30.77 40.88 25.34 43.90 35.00 Precision 32.95 41.11 36.27 27.07 

II Recall 35.16 33.15 26.03 37.80 32.20 Precision 29.36 40.27 30.65 26.27 

III Recall 27.47 38.12 30.14 50.00 35.80 Precision 27.47 40.59 38.94 32.54 

TABLE VI. KRUSKAL WALLIS TEST RESULTS GROUPS 

Models P-Value Statistic 
Model I & II & III < 0.01 307.15 
Model I & II  < 0.01 241.74 
Model I & III 0.81 0.06 
Model II & III < 0.01 252.19 

 Our results show that predicting four bug categories in terms 
of their fix time is not an easy task. The best recall achieved is 
50% for very slow bugs, and the best precision achieved in 41% 
for fast bugs. Previous study in [1] also classify bugs in terms of 
their fix time into several categories, but they report the 
performance of each category in a different way. For instance, 
recall and precision values are reported in [1] for very fast and 
not very fast (all other categories) bugs. In other words, it does 
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