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Abstract—Issue classification is a fundamental task in software
development, enabling teams to manage issue reports. Automatic
issue classification can help developers classify issue reports.
However, developers should understand why each issue report is
classified in such a way. A prior study has shown that explainable
AI (XAI) can explain how an issue report is classified as a bug
or a non-bug. However, the binary setting limits applicability
to real-world issue tracking systems, where multiple categories
coexist. In this paper, we replicate and extend the prior study
by conducting a multi-class issue classification experiment using
three categories: Bug, Enhancement, and Question. We use a
fine-tuned, seBERT-based classifier and apply two widely used
XAI models, LIME and SHAP, to generate explanations for issue
classification. We then analyze the results of applying LIME and
SHAP to multi-class issue classification, both qualitatively and
quantitatively.

Index Terms—Issue, Classification, Replication Study, LIME,
SHAP, Explainable AI

I. INTRODUCTION

Issue management effectively plays a critical role in re-
porting, categorization, and management of software issues.
However, due to the high volume and diverse nature of
issue reports, it is time-consuming for developers to manually
classify issue reports. To address this issue, researchers have
proposed automating the classification of issue reports using
deep learning and machine learning techniques [1]–[16].

However, since automatic issue classification is not always
correct, developers’ judgment remains necessary. Therefore,
it is important that developers can refer to the underlying
rationale of automatic issue classification. To address this,
Schulte et al. [17] proposed the interpretability of a binary
issue classification (Bug vs. Non-bug) using explainable AI
(XAI) methods such as LIME and SHAP. While valuable, the
limitation of focusing only on binary classification reduces
the applicability of such findings to real-world settings, where
issue reports typically span multiple categories.

In this paper, we replicate and extend the prior study
by moving from binary to multi-class issue classification.
Specifically, we investigate three common categories — Bug,
Enhancement, and Question — and evaluate the explanations
generated by LIME and SHAP in this multi-class setting. Our
study aims to answer the following research questions:

RQ1: How do explanation qualities differ in multi-class
issue classification compared to binary classification?

RQ2: Are certain classes (e.g., Bug, Enhancement, and
Question) inherently easier to explain than others?

RQ3: In the presence of misclassified issues, can their
explainability contribute to user understanding?

By addressing these questions, we provide insights into the
applicability of XAI for more realistic and fine-grained issue
classification scenarios.

II. METHODOLOGY

In this section, we explain the methods for applying XAI
to multi-class classification tasks and for analyzing the appli-
cation results.

A. seBERT-based Multi-class Issue Classification

In this study, we used an seBERT-based multi-class clas-
sification model. In particular, we adopted the seBERT-based
three-class issue classification model that had been fine-tuned
and made publicly available in previous research [18]1. The
model is based on seBERT [19] as its backbone, and the
model performs multi-class classification into one of ‘bug’,
‘enhancement’, or ‘question’ through a softmax output when
given the concatenated title and body of an issue as input.

B. Multi-class Issue Dataset

We used the test set published by Trautsch et al. [18].
The dataset contains GitHub issue titles and bodies, with
labels of ‘bug’, ‘enhancement’, or ‘question’. Trautsch et
al. [18] mainly evaluated predictive performance, such as
classification accuracy, on this dataset. In contrast to Trautsch
et al.’s work, our study performs explainability (XAI) analysis
with LIME [20] and SHAP [21] on the same test set, and
qualitatively and quantitatively assesses the validity of the
highlighted rationales.

C. Explainability Methods: LIME and SHAP

In issue classification, the LIME(Local Interpretable Model-
agnostic Explanations) model [20] explains which words in-
fluenced the prediction made for a given issue report. The
mechanism is as follows. First, the words of the target report
are transformed into an interpretable representation. For exam-
ple, the issue report can be converted into a vector indicating

1https://github.com/atrautsch/nlbse2022 replication kit
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whether each word is present (1) or absent (0). Next, several
perturbed samples are generated by randomly removing some
words from the original report, and these samples are fed into
a classification model to obtain prediction probabilities. Then,
a similarity function is used to assign weights based on how
close each sample is to the original report, and a sparse linear
model is trained on this weighted data. This linear model
approximates the behavior of the classification model in the
local region around the issue report, ultimately showing the
contribution of each word to the prediction in the form of
weights. For instance, if a particular issue is classified as a
‘bug,’ LIME may visually explain that words such as ‘does,’
‘not,’ and ‘work’ contributed positively to the prediction, while
words like ‘docs’ served as counter-evidence.

SHAP (SHapley Additive exPlanations) [21] is a model
for quantitatively estimating the contribution of each word to
the prediction of a text classification model. First, a sentence
is transformed into a vector representation such as Bag-of-
Words or embeddings. After that, the trained classification
model computes a prediction for the input. SHAP defines
a word’s contribution as the average change in the model’s
output, when the word is included versus excluded. For
that, SHAP computes all possible combinations of words.
Starting from a base value (the average prediction when no
word information is available), SHAP reconstructs the final
prediction by sequentially adding the SHAP values assigned
to individual words. Thus, SHAP not only identifies which
words are important, but also quantitatively shows “to what
extent this word shifts the prediction toward a positive or
negative outcome.” For example, when an issue is classified as
a bug, SHAP can transparently explain the model’s decision
by indicating numerically that the word ‘not’ contributed
positively to the prediction.

D. Qualitative Analysis

To answer three research questions, we sampled three cases
that are correctly classified and other three cases that are
incorrectly classified. We then visualized these cases with the
explanation results generated by LIME and SHAP.

For each case, we visualized the top words highlighted by
LIME and SHAP. We then manually examined the semantic
relations of the highlighted words to the classified ones (e.g.,
Bug, Enhancement, and Question). Based on the manual
examination, we determined whether the highlighted words
are aligned with the classified ones.

Additionally, for misclassified cases, we also manually
investigated individual cases to assess whether highlighted
words help user understanding or cause user confusion. By
doing so, we qualitatively evaluated how well the explanation
given by LIME and SHAP are aligned with the actual labels.

E. Quantitative Analysis

To support our qualitative analysis, we also conducted an
quantitative analysis of XAI for our multi-issue classification.
For the analysis, we applied the XAI models to the classifica-
tion of 300 issue data.

We followed Lu et al. [22] and measured the faithfulness
of XAI models. Here, faithfulness refers to the degree to
which the important input features actually used by the model
for prediction are accurately reflected in the explanations
generated LIME or SHAP. In other words, it is an indicator
of how faithfully the explanation follows the model’s true
decision-making rationale.

To measure the faithfulness of XAI models, we used three
metrics: Log-Odds, Comprehensiveness and Sufficiency. The
meaning of each metric is as follows.

• Log-Odds [23]: The metrics measure how the model’s
confidence changes in log-odds space when the top-k
important words are removed or retained. Drop in Log-
Odds quantifies the decrease in model confidence when
the important words are removed. Keep in Log-Odds
quantifies how well the model’s confidence is preserved
when only the important words are retained. A large
decrease (more negative value) in Drop and a value close
to zero in Keep indicate high faithfulness.

• Comprehensiveness [24]: The metric measures how
much the prediction probability decreases when the top-
k words are removed. A higher value indicates that the
removal of important words has a significant impact on
the model’s prediction, suggesting that the explanation is
comprehensive.

• Sufficiency [24]: The metric measures how well the pre-
diction is preserved when only the top-k words identified
by the explanation method are retained and the others
are removed. A lower value indicates that the prediction
can be made with only a few words, suggesting higher
faithfulness.

We computed each metric for each issue classification.
These metrics provide a multifaceted evaluation of the faith-
fulness of XAI models.

III. QUALITATIVE ANALYSIS RESULTS

To answer our research questions, we manually examined
the issue classification results and their explainability. As
shown in Figure 1 and Figure 2, we were able to observe
the LIME and SHAP results for issue reports classified as bug,
enhancement, and question. Based on these results, we discuss
the following three research questions. The experimental code
and results are available at the following repository.2.

A. RQ1: How do explanation qualities differ in multi-class
issue classification compared to binary classification?

1) Qualitative Analysis: We found that the quality of expla-
nations for multi-class issue classification is comparable to that
of binary classification. For example, in the case of LIME as
shown in Figure 1(a), even when there are three classes—bug,
enhancement, and question—if an issue is classified as a bug,
the words contributing to the bug classification are highlighted
in blue. Likewise, in the case of SHAP, the words contributing
to the bug classification are highlighted in red. Both methods

2https://github.com/jueun4136/XAI-Issue-Classification
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demonstrate that the issue was classified as a bug, because the
word ‘crashed’ appeared in the issue report.

The quality of explanations for multi-class issue classifi-
cation is comparable to that of binary classification, as words
are distinguished between those contributing to the assigned
category and those that do not.

B. RQ2: Are certain classes (e.g., Bug, Enhancement, and
Question) inherently easier to explain than others?

We observed that the explanations appear to be easiest in
the order of Bug, Enhancement, and Question. As illustrated
in Figures 1(a) and 1(b), bugs can be directly associated with
words such as ‘incompatibility’ and ‘crashed,’ which clearly
indicate the presence of a problem. Figures 1(b) and 1(c) pro-
vide examples for enhancement, where words like ‘add’ and
‘creation’ show some degree of relevance to improvements,
but their connection is not as direct. Finally, Figures 1(c)
and 1(d) demonstrate the case of questions, where the word
‘envoy’ was selected as a contributing term. While the question
mark symbol ‘?’ could potentially contribute to classification,
it appears to have been excluded since the analysis is word-
based.

The ease of explanation differs across classes. Where
LIME and SHAP reveal associations between words and
classifications, some classes are easily associated with words,
while others are not.

C. RQ3: In the presence of misclassified issues, can their
explainability contribute to user understanding?

To support developers’ justification, the explanation for
automatic issue classification should help their understanding,
even in cases of mis-classification. To the end, we identified
misclassified cases and examined the results of LIME and
SHAP. Figure 2 presents illustrative examples. In Figure 2(a),
the model classified the issue as ’question’ with a probability
of 0.57. However, it also highlights that words such as ‘error’,
which are related to the true class ‘bug’ but are not associated
with ‘question.’ Therefore, we observed that the LIME result
helps developers’ understanding. In contrast, SHAP in Figure
2(b) designates ‘error’ as a word related to ‘question,’ which
hinders developers’ understanding.

Next, Figure 2(c) illustrates a case where the issue was
classified as ‘bug’ but actually belongs to the ‘enhancement’
class. The issue was classified as ‘bug’ with a probability
of 0.97, and words such as ‘fix’ and ‘issue’ are evidently
associated with the ‘bug’ class, even from a human perspec-
tive. Therefore, this case can be regarded as one where the
issue report itself is inherently difficult to be classified as
‘enhancement.’ Figure 2(d) with SHAP also shows that the
classification as Bug was driven by words like ‘fix’ and ‘issue.’

Finally, Figure 2(e) shows a case where the issue was
classified as ‘enhancement’ but is actually a ‘question.’ In
this case, the classification as ‘enhancement’ was influenced
by words such as ‘allow’; however, words like ‘question,’

which are not related to ‘enhancement,’ were also highlighted.
Thus, when developers review the LIME results, they may be
able to correctly interpret the issue as a ‘question.’ Similarly,
Figure 2(f) with SHAP also identifies terms such as question
as unrelated to Enhancement, thereby supporting developers’
understanding.

In cases of misclassified issues, explainability of issues
can aid user understanding, but not always.

IV. QUANTITATIVE ANALYSIS RESULTS

We have addressed our research questions through qualita-
tive evaluation. However, to deepen the understanding of our
XAI models, we also provide additional quantitative results
such as the classification accuracy of the models we examined,
faithfulness of XAI models, etc.

A. Classification Accuracy

We first selected 100 issue samples for each of the bug,
enhancement, and question categories and performed multi-
issue classification. Table I shows the results.

TABLE I: Classification Accuracy per Each Class

Label Precision Recall F1-score Support TP
bug 0.71 0.94 0.81 100 94
enhancement 0.75 0.85 0.79 100 85
question 0.96 0.51 0.67 100 51
Macro avg 0.80 0.77 0.76 300 -
Weighted avg 0.80 0.77 0.76 300 -

The classification yielded an average precision of 0.80,
recall of 0.77, and F1-score of 0.76. The classification ac-
curacy was a little bit lower than that reported in previous
work [18]. This result may be attributed to the reduced number
of question samples, which were originally more abundant in
the dataset but were limited to 100 in our experimental setup.

B. Highly Ranked Tokens per Each Class

We applied SHAP and LIME to the 300 classified issue data
and collected the highlighted words for each category. As a
result, we identified the top 15 tokens highlighted for each
class. Figure 3 presents the results. Among the top 15 words,
those containing non-English characters or single numeric
digits were removed during post-processing.

The left figure of Figure 3(a) shows the tokens that con-
tribute most to explaining issues classified as Bug, when SHAP
is applied. The top tokens include ‘not’, followed by ‘images’
and ‘Describe the.’ The token, ‘images,’ suggests that bug
reports may often include image files, implying a potential
link between image attachments and bug-related issues.

The left figure of Figure 3(b) shows the tokens that con-
tribute most to explaining issues classified as Bug, when LIME
is applied. The top tokens include ‘bug’, followed by ‘not’ and
‘reproduce.’ These tokens appear to be highly relevant to the
Bug category.

The center figure of Figure 3(a) shows the tokens that
contribute to explaining issues classified as Enhancement,
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(a) LIME (case 04, classified as Bug)

(b) SHAP (case 04, classified as Bug)

(c) LIME (case 10, classified as Enhancement)

(d) SHAP (case 10, classified as Enhancement)

(e) LIME (case 28, classified as Question)

(f) SHAP (case 28, classified as Question)

Fig. 1: Case studies of explaining automatic issue classification (LIME vs. SHAP)
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(a) LIME (case 08, classified as Question, but should be classified Bug)

(b) SHAP (case 08, classified as Question, but should be classified as Bug)

(c) LIME (case 18, classified as Bug, but should be classified as Enhancement)

(d) SHAP (case 18, classified as Bug, but should be classified as Enhancement)

(e) LIME (case 23, classified as Enhancement, but should be classified as Question)

(f) SHAP (case 23, classified as Enhancement, but should be classified Question)

Fig. 2: Case studies of explaining incorrect automatic issue classification (LIME vs. SHAP)
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Fig. 3: Top 15 tokens in the explanations of XAI models

when SHAP is applied. The top-ranked token is ‘github’,
followed by the verb ‘Add’ and then ‘md’ and ‘sample.’

The center figure of Figure 3(b) shows the tokens that con-
tribute to explaining issues classified as Enhancement, when
LIME is applied. The top-ranked token is ‘add’, followed by
the modal verb ‘would’ and then ‘like’ and ‘support.’ Through
the analysis, we observe that the word ‘add’ contributes to the
classification into the Enhancement category.

The right figure of Figure 3(a) shows the tokens that explain
issues classified as Question, when SHAP is applied. In this
case, the top-ranked token is ‘new,’ followed by ‘trying to,’
and then ‘many.’ The right figure of Figure 3(b) shows the
tokens that explain issues classified as Question, when LIME
is applied. In this case, the top-ranked token is ‘question,’
followed by ‘trying,’ and then ‘vips.’

When examining the highlighted words contributing to
the explanations of SHAP and LIME, we found that LIME
provides more intuitively interpretable terms for each category,
compared to SHAP.

C. Faithfulness of SHAP and LIME

We discuss the faithfulness of SHAP and LIME. Faithful-
ness evaluation was conducted only on correctly classified
samples (Table II, column “TP”).

1) Log-Odds: Table II presents the mean faithfulness scores
comparing LIME and SHAP across different top-k feature
selections. The results demonstrate that LIME consistently
outperforms SHAP across all metrics and k values.

In the case of Log-Odds Drop, LIME consistently showed
larger negative values than SHAP across all values of k. In
particular, it exhibited the strongest effect at k=20 with a
score of −0.5771. This indicates that removing the important
features identified by LIME significantly reduces the model’s
confidence. For example, at k=5, LIME’s score (−0.3299) is
considerably lower than SHAP’s score (−0.0758), suggesting
that the features selected by SHAP had a relatively weaker
impact on the model’s prediction.

In the case of Log-Odds Keep, the values tended to be
close to zero, as the value of k increased. This indicates
that as K becomes larger, sufficient information is retained
to reproduce the prediction. Across all values of k, LIME’s
values consistently remained closer to zero than those of
SHAP, suggesting that LIME more faithfully explains the
model’s decision-making. Therefore, in terms of Log-Odds
Keep, LIME maintained higher faithfulness than SHAP.

2) Comprehensiveness and Sufficiency: Figure 4 presents
comparisons of SHAP and LIME in terms of the faithfulness
metrics—Comprehensiveness and Sufficiency. Here, k denotes
the top-k tokens that most strongly influenced the model’s
prediction in each explanation. We conducted experiments for
k values of 5, 10, and 20.

The upper part of Figure 4 presents a comparison between
SHAP and LIME based on the Comprehensiveness metric.
Comprehensiveness assesses whether the identified tokens are
truly important. When the top-k tokens—deemed most influ-
ential to the model’s prediction—are removed from the input,
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Fig. 4: comprehensiveness and sufficiency by top-k tokens

the extent to which the model’s output probability decreases
is measured. A significant drop in the predicted probability
indicates that the removed tokens were indeed important to the
model’s decision. Higher Comprehensiveness values indicate
better faithfulness.

The experimental result shows that for all values of k (5,
10, 20), the median scores of LIME are higher than those of
SHAP. This indicates that removing the top tokens identified
by LIME leads to a greater drop in the model’s prediction
confidence, suggesting that LIME captures tokens more critical
to the model’s decision-making.

The lower part of Figure 4 presents a comparison between
SHAP and LIME based on the Sufficiency metric. Sufficiency
assesses whether the identified tokens alone are sufficient for
the model’s prediction. When only the top-k tokens—those
deemed most important—are kept and all other tokens are
removed, how much of the model’s output probability is
retained is measured. If the predicted probability remains close
to the original, it suggests that the selected tokens provide
a sufficiently explanatory basis for the prediction. Lower
Sufficiency values indicate better faithfulness.

The experimental results show that LIME consistently

achieves lower median values than SHAP. It indicates that
the model’s prediction confidence is better preserved when
only the top tokens identified by LIME are retained. This
suggests that LIME captures a more essential and sufficient
set of tokens for the model’s prediction.

k Method Log Odds Metrics
Drop (↓) Keep (→0) Comp. (↑) Suff. (↓)

5 LIME -0.3299 -0.5161 0.1621 0.2811
SHAP -0.0758 -0.7168 0.0395 0.3766

10 LIME -0.4729 -0.4212 0.2274 0.2271
SHAP -0.1436 -0.5834 0.0766 0.3056

20 LIME -0.5771 -0.2905 0.2885 0.1568
SHAP -0.2424 -0.4177 0.1304 0.2192

FULL LIME -0.4600 -0.4093 0.2260 0.2217
SHAP -0.1539 -0.5726 0.0822 0.3005

TABLE II: Mean faithfulness scores of LIME and SHAP.
Arrows (↑/↓) indicate higher or lower is better; Keep (→0)
indicates closer to zero is better.

3) Faithfulness of Three Categories: Figure 5 analyzes
the faithfulness of explanations given by LIME and SHAP
for each category—Bug, Enhancement, and Question—from
the perspectives of Comprehensiveness and Sufficiency. As
lower Sufficiency and higher Comprehensiveness indicate bet-
ter faithfulness, the Enhancement category demonstrates the
highest faithfulness, followed by Bug, and finally Question. In
addition, consistent with the previous analyses, LIME shows
higher faithfulness than SHAP.

V. DISCUSSION

We discuss the implications and limitations of our study.

A. Differences in Explanation Quality in Multi-class Issue
Classification

Our findings indicate that extending explainability from
binary to multi-class issue classification does not necessarily
degrade explanation quality. Similar to the binary setting, both
LIME and SHAP are able to distinguish words contributing to
the assigned class from those that do not.

B. Variation in Explanation Difficulty Across Classes

The ease of explanation is not uniform across classes.
Certain categories, such as Bug, are relatively easier to explain
because they are often associated with concrete and domain-
specific words (e.g., error, fix, issue). By contrast, other cate-
gories such as Question are harder to explain, as their linguistic
signals are less distinctive and more context-dependent.

C. Limitations

This study has several limitations. Our research questions
were mainly assessed qualitatively, which leaves room for bias
and restricts statistical confidence in the findings. Moreover,
our work focuses on multi-class issue classification; it remains
unclear how explainability would behave in a multi-label
setting, where an issue may belong to multiple categories
simultaneously.
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VI. CONCLUSION

In this paper, we replicated a prior study on explainable
AI for issue classification and extended it from binary (Bug
vs. Non-bug) to a multi-class setting involving Bug, En-
hancement, and Question. Our results indicate that multi-
class classification is feasible with a seBERT-based model,
but explanation quality varies across categories, sensitive to
class characteristics and error cases. For future work, we
plan to expand the set of issue categories, incorporate larger
datasets, and conduct user studies with developers to evaluate
the usefulness of explanations in real project settings.
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