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ABSTRACT
Previous research have utilized public software defect datasets such
as NASA, RELINK, and SOFTLAB, which only contain class label
information. Almost all Effort-Aware Defect Prediction (EADP)
studies are carried out around these datasets. However, EADP stud-
ies typically relying on bug density (i.e., the ratio between bug
numbers and the lines of code) for ranking software modules. In or-
der to investigate the impact of neglecting bug number information
in software defect datasets on the performance of EADP models,
we examine the performance degradation of the best-performing
learning to rank methods when class labels are utilized instead
of bug numbers. The experimental results show that neglecting
bug number information in building EADP models results in an
increase in the detected bugs. However, it also leads to a significant
increase in the initial false alarms, ranging from 45.5% to 90.9% of
the datasets, and an significant increase in the modules that need
to be inspected, ranging from 5.2% to 70.4%. Therefore, we recom-
mend not only the class labels but also the bug number information
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should be disclosed when publishing software defect datasets, in
order to construct more accurate EADP models.
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1 INTRODUCTION
Software bugs have an obvious influence on the software quality
and even the economy of software. Early detection of buggy mod-
ules in software development is an urgent problem that needs to
be solved. Software Defect Prediction (SDP) is one of the feasible
methods, which employs machine learning techniques to predict
whether there exist software bugs in a software project relying on
historical development database and discovered bugs [58, 55, 44, 59].
The conventional approach for modeling SDP involves training a
binary classification model on existing software database to predict
the presence of bugs in new modules [24]. Accurately predicting
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the distribution of bugs in software projects can help testers allo-
cate scarce resources to the predicted buggy modules that require
inspection [56, 15, 45, 23].

However, the traditional binary classification-based SDP model
does not take into account the density of various software modules,
resulting in equal allocation of testing resources among software
modules with different bug densities. To solve the problem, Mende
et al. [28] and Kamei et al. [20] put forward a concept of Effort-
Aware Defect Prediction (EADP), which sorts software instances
based on the bug density. To represent effort, both researchers made
use of the number of detected Lines Of Code (LOC).

To advance the research on SDP, many researchers have pub-
lished numerous software defect datasets, such as NASA [36], Eclipse
[62], AEEEM [10], SOFTLAB [37], RELINK [41], Change-level datasets
[21], Android datasets [6], and PROMISE [5]. The open-source na-
ture of these datasets greatly facilitates subsequent researchers’
in-depth exploration of SDP methods. Almost all EADP studies are
carried out around these open-source datasets. But EADP studies
typically rely on bug density for ranking software modules, thus
requiring bug number information in the training set. However,
our investigation found some EADP studies [27, 28, 20, 21, 29, 33,
26, 43, 53, 11, 7, 46, 52, 14, 17, 34, 60, 42, 61, 9] employed class la-
bels (buggy or non-buggy) instead of bug numbers for modeling,
which can impact the prediction performance. Therefore, we aim to
investigate the impact of using class labels instead of bug numbers
on the performance of EADP.

Our investigation reveal that six open-source datasets are com-
monly utilized in EADP studies, including NASA [36], Eclipse [62],
PROMISE [5], AEEEM [10], Change-level datasets [21], and An-
droid datasets [6]. Some datasets of them (e.g., PROMISE) contain
bug numbers, while some of them lack this information. Bug num-
bers can affect the performance of the models, as EADP models
usually rely on bug density to rank software modules. Therefore,
we seek to investigate the performance degradation of the best-
performing learning to rank methods when class labels are used
instead of bug numbers. Recently, Yang et al. [48] proposed the
differential evolution based supervised method DEJIT to build the
Just-In-Time (JIT) EADP model. Their experimental results have
demonstrated DEJIT’s superiority over existing models in defect
prediction across both cross-release and cross-project setups. In
addition, a recent research by Yu et al. [54] showed that LTR-linear
(Learning-To-Rank with the linear model) demonstrated outstand-
ing performance in the cross-release setup, while both LTR-linear
and LTR-logistic exhibit excellent overall performance in the cross-
project setup. Therefore, we employ these three learning to rank
algorithms to construct the EADP models on the PROMISE dataset.
Our experiment results indicate that:

(1) The models established using class labels instead of bug num-
bers on average increase the number of Initial False Alarms (IFA)
ranging from 7 to 9 modules under the cross-project setting and
from 3 to 7 modules under the cross-release setting. Moreover, these
three learning-to-rank algorithms increase IFA ranging from 45.5%
to 90.1% across the 11 cross-project experiments, and from 50%
to 70% across the 30 cross-release experiments. However, IFA is a
critical metric, and it needs to be controlled within 10. According to
Kochhar et al.’s research [22] almost all respondents (close to 98%)

agreed that examining more than ten actual clean modules was
beyond their acceptable level. If the first few recommendations are
all false alarms, testers are not willing to use the prediction models.

(2) When inspecting the top 20% LOC, LTR-linear established
using class labels instead of bug numbers exhibit significant in-
creases in PMI@20% (Proportion of Module Inspected when the top
20% LOC are inspected) by 15.4% under the cross-project setting
and 10.4% under the cross-release setting. LTR-logistic significantly
increases PMI@20% by 46.3% under the cross-project setting and
11.4% under the cross-release setting. LTR-linear and LTR-logistic
show a significant reduction of Precision@20% by 2.5% and 21%,
respectively. DEJIT increases PMI@20% by 1% and 5.2% under the
cross-project and cross-release setups, respectively. This implies
that the testing team need expend a considerable amount of time on
the overhead of switching between modules in most situation, as
high PMI@20% indicates that they need to inspect a greater number
of modules.

(3) However, in terms of the average values of PofB@20% (Proportion
of the found Bugs when the top 20% LOC are inspected), LTR-linear,
LTR-logistic, and DEJIT under the cross-project setting exhibit
significant increases of 7.2%, 17.6%, and 9.1%, respectively. Under
the cross-release setting, these three methods show significant in-
creases of 7.8%, 7.6%, and 5.4%, respectively. This indicates that
models established using class labels can lead to the detection of
more bugs. Using class labels to construct models instead of relying
on bug numbers tends to prioritize modules with less LOC, as they
have a higher defect density. As a result, during the inspection of
the same amount of LOC (i.e., the top 20% LOC), software testers
are compelled to examine a greater number of modules, leading to
a higher PMI@20% value. Consequently, they are presented with
increased opportunities to identify buggy modules and detect de-
fects, yielding higher PofB@20% values. However, the experiment
results (1) and (2) suggest that the increase in PofB@20% comes at
the expense of significant increases in IFA and PMI@20%.

In summary, using only the class labels to construct EADP mod-
els tends to degrade the performance. Therefore, we recommend not
only the class labels but also the bug numbers should be disclosed
when publishing software defect datasets, in order to facilitate the
establishment of more accurate EADP models by future researchers.

2 BACKGROUND
The objective of EADP is to develop a forecasting model from the
training dataset that can sort new modules relying on the predicted
bug density. We have selected three EADP algorithms, including
DEJIT, LTR-linear, and LTR-logistic. These algorithms have shown
excellent performance in the module-level EADP algorithms, ac-
cording to recent research [48, 54, 57].

According to Yu et al.’s study [54, 57], LTR-linear exhibits supe-
rior performance under cross-release setup. LTR-linear [46] is one
of the listwise algorithms. LTR-linear trains a linear model that is
identical to the one used in linear regression, i.e.,

y = f(b, x) = b0 + b1x1 + b2x2 + ... + b𝑚x𝑚, (1)

but it employs the composite differential evolution approach to
optimize the PofB@20% metric directly and determine the optimal
value for b.
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In addition, some studies [17, 8] used the logistic regression
model to describe the relationship between software features and
the number of defects or defect density:

y =
1

1 + 𝑒−(b0+b1x1+b2x2+...+b𝑚x𝑚 ) . (2)

According to Yu et al.’s study [54], they also investigate the per-
formance of LTR when using the logistic regression model to build
EADP models. They denote LTR with linear model as LTR-linear,
and denote LTR with logistic regression model as LTR-logistic.

Furthermore, as presented in Yang et al.’s research [48], DEJIT
has been proven to possess superior performance. DEJIT uses the
Density-Percentile-Average (DPA) as optimization objective on
the training set and employs logistic regression to construct the
prediction model. To maximize DPA on the training set, DEJIT uses
the differential evolution algorithm to determine the coefficients of
the logistic regression model.

3 RELATEDWORK
Mende et al. [27] proposed a simple model and compared it with
other classification methods. The results using NASA datasets indi-
cated that the simple model performed well when considering LOC
as effort. Subsequently, Mende et al. [28] further incorporated effort
into the SDP procedure and evaluated the predictive performance
of Random Forest (RF) on 12 publicly available NASA and three
Eclipse datasets. Kamei et al. [20] further explored the performance
of three EADP classification algorithms, (i.e., Linear Regression
(LR), CART, and RF) on three Eclipse datasets. Yang et al. [51] as-
sessed the practical applications of slice-based cohesion metrics in
EADP. Yang et al. [49] and Bennin et al. [4] revisited prior research
and delved further into machine learning methods and impacting
factors for enhancing the performance of EADP. Subsequently, Ben-
nin et al. [3] and Yu et al. [53] investigated the data resampling
techniques to further enhance the performance of EADP. Yang et
al. [50] proposed an unsupervised method called ManualUp and
Liu et al. [25] put forward an unsupervised model based on code
churn called CCUM. The results on change-level datasets showed
that their unsupervised models outperformed supervised models in
JIT EADP. Yan et al. [43] built upon the research of Yang et al. [50]
and further compared unsupervised and supervised EADP models
on the PROMISE dataset. Miletić et al. [29] explored the use of
cross-release code churn to predict software defects in evolution.
The results on Eclipse indicated that the model obtained a better
performance while cross-release code churn was employed. Qu et
al. [35] and Du et al. [11] adopted the k-core decomposition on class
dependency networks to investigate the distribution of software
bugs and enhance the efficacy of EADP models. They leveraged
LR and RF techniques to establish EADP models and validated the
proposed top-core equation on 18 Java software datasets, demon-
strating an improvement in the performance of EADP. Kamei et
al. [21] constructed a model using LR based on various factors of
software change characteristics, and conducted a comprehensive
study on commercial and change-level projects in multiple domains.
Fu et al. [14] put forward a simple supervised model called OneWay
for JIT EADP. The experiments showed that OneWay outperformed
most unsupervised models. Huang et al. [17] re-examined previous
work on EADP and introduced a supervised model called CBS+

that has demonstrated superior performance compared to both
unsupervised and supervised models. Chen et al. [8] put forward a
supervised method for building JIT EADP models based on multi-
objective optimization. The approach surpassed the performance
of advanced supervised and unsupervised techniques. Qiao et al.
[34] put forward an approach for JIT EADP based on deep learning,
named NNR. The approach used a neural network to select rele-
vant features for prediction and has shown promising results while
comparing to other methods in the literature. Zhang et al. [60] put
forward an semi-supervised model named EATT for JIT EADP,
which outperformed existing supervised and unsupervised models
in terms of various labeled rates on change-level datasets. Guo et
al. [16] analyzed the impact of classification accuracy on capability
and interpretation of JIT EADP, while Fan et al. [12] specifically
studied the impact of mislabeled changes. Xu et al. [42], Cheng
et al. [9], and Zhao et al. [61] proposed three JIT EADP models
for Android applications. Panichella et al. [33] and Yang et al. [48]
employed Genetic Algorithms (GA) to train their predictive models.
The results obtained on the PROMISE dataset and other six open-
source projects indicate that regression models trained by GA were
significantly superior to traditional regression models. Ma et al.
[26] explored the correlation between defect-proneness and single
network measures in EADP by constructing a software source code
network in POMISE dataset. Jiang et al. [19] reviewed past model
evaluation techniques and introduced and discussed the cost curve.
Based on the publicly available NASA database, they indicated that
the optimal model cannot be selected without considering project
cost features. Ni et al. [7] proposed an improved supervised method
called EASC through comparing existing EADP methods. Further
comparisons were made with unsupervised methods. Based on ex-
periments on four datasets (NASA, AEEEM, RELINK, PROMISE),
the results showed that EASC has better prediction performance
in cross-project scenarios. Nguyen et al. [31] and Muthukumaran
et al. [30] investigated whether algorithms for defect prediction
based on effort performed better traditional methods for defect
prediction. Wang et al. [39] put forward a top-k learning ranking
method and presented a novel data resampling approach named
SMOTE-PENN to address the imbalance problem. The results on
PROMISE datasets indicated that this approach outperformed other
algorithms. Yang et al. [47] delved into the examination of the ef-
ficacy of two new models in cross-version defect prediction and
compared their performance with conventional regression models.
The study conducted on the PROMISE dataset revealed that the
two models displayed superior performance. Ulan et al. [38] put
forward an automated method relying on unsupervised learning for
weighted metrics aggregation in EADP. The results on the change-
level dataset showed that the unsupervised method can function as
an agnostic predictor when ground truth is not available.

4 EXPERIMENT SETTING
4.1 Datasets
Numerous publicly-accessible module-level bug datasets, includ-
ing NASA [36], RELINK [41], and SOFTLAB [37], which hold only
class labels. However, EADP usually rely on bug density for rank-
ing software modules. Therefore, we conduct experiments based
on PORMISE dataset as it provide bug number information. The
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PROMISE dataset comprises of 41 releases from 11 open-source
software projects, and every module in this dataset comprises 20
distinct code features. The experimental projects originate from
diverse application domains, exhibiting varying sizes, ranging from
205 to 965 modules, and differing proportions of buggy modules,
ranging from 2.2% to 98.8%. This diversity proves advantageous in
enhancing the generalization of our experiments. Furthermore, the
PROMISE dataset are publicly accessible, allowing other researchers
to replicate the findings of this paper to a significant extent.

4.2 Validation Setup
We employ the following two evaluative configurations.
Cross-Project Setup: We employ eleven software projects as the
experimental datasets. It is difficult to determine which project to
use as a training set to build a better model, so we choose one
dataset as a within-project for testing and the remaining ten cross-
projects for training at each time. The cross-project experimental
setting is the same as Huang et al.’s [18] study. From the 41 versions
of 11 projects available in the PROMISE dataset, we select only the
original release to be used as either the training or testing dataset.
Cross-Release Setup: In this scenario, the prediction model is
assessed within the same project, while the chronological order
of modules is taken into consideration. For datasets at the module
level, we employ the preceding and current releases for training and
testing, respectively. For example, we train on Ant1.3 and test on
Ant1.4. Finally, we attain 30 sets of paired training and test datasets.

To mitigate potential biases during hyperparameter tuning, we
repeat the training and testing process for each pair ten times under
both cross-project and cross-release setups.

4.3 Evaluation Measures
In our study, we generally constrain the effort to 20% of the overall
LOC. Fenton et al. [13] and Andersson et al. [2] have noted that
roughly 20% LOC are responsible for 80% or more of the bugs,
leading to the use of 20% as a commonly accepted cutoff value
for determining the effort required for bug inspection, as noted in
studies by [32, 50, 45]. For some specific metrics such as PofB, PMI,
and PofB/PMI, we also consider absolute LOC, specifically 3000
LOC and 5000 LOC.

Given a dataset with N modules, Q LOC, andM bugs, there are P
buggy modules out of the N modules. Under the assumption of 20%
LOC, nmodules are inspected, yieldingm bugs and p buggymodules
found. Additionally, upon discovering the first buggy module, n’
modules have been inspected.

Precision@20% measures the proportion of actual buggy mod-
ules among all inspected modules. A lower Precision@20% could
affect developer confidence in the EADP model [17].

Precision@20% = p/n (3)

Recall@20% represents the proportion of actual buggy modules
among all the actual buggy modules that have been inspected.
More buggy modules could be discovered with a higher value of
Recall@20%.

Recall@20% = p/P (4)

F1@20% takes into account both the Precision@20% and Recall@20%
simultaneously, which is a harmonic average of the two.

𝐹1@20% =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛@20% × 𝑅𝑒𝑐𝑎𝑙𝑙@20%
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛@20% + 𝑅𝑒𝑐𝑎𝑙𝑙@20%

(5)

PofB@effort is the Proportion of the inspected Bugs among
all bugs, where a higher value means a greater number of bugs
can be detected. This metric is equivalent to "Recall@effort" when
each buggy module only has one bug. Previous research [17], [8]
have referred to "PofB" as "Recall" as the class labels of modules
was treated as bug numbers. Due to the varying sizes of different
instances in the dataset, some instances may have a hundred LOC,
while others may have a thousand lines of code. Inspired by the
work of Ni et al. [7], we consider two types of PofB@effort to com-
prehensively investigate the performance. These are the relative
LOC of PofB and the absolute LOC of PofB.

PofB@20% = m/M, where effort equals to 20% of total LOC (6)

PofB@3000 = m/M, where effort equals to 3000 LOC (7)
PofB@5000 = m/M, where effort equals to 5000 LOC (8)

PMI@effort refers to the Proportion ofModules Inspectedwhen
examining the top LOC. A high PMI@effort implies that a larger
number of modules need to be inspected for the same amount of
LOC. Similar to PofB@effort, we also use the relative LOC of PMI
and the absolute LOC of PMI to evaluate the performance.

PMI@20% = n/N, where effort equals to 20% of total LOC (9)

PMI@3000 = n/N, where effort equals to 3000 LOC (10)
PMI@5000 = n/N, where effort equals to 5000 LOC (11)

PofB/PMI@effort is employed to assess the efficiency of the
EADP models. A higher value of PofB/PMI@effort implies that
more bugs will be discovered for per unit of LOC inspected.

PofB/PMI@20% = PofB@20%/PMI@20% (12)
PofB/PMI@3000 = PofB@3000/PMI@3000 (13)
PofB/PMI@5000 = PofB@5000/PMI@5000 (14)

𝑃𝑜𝑝𝑡 is ametric predicated on the cumulative lift chart depicted in
Figure 1, devised by Kamei et al. [20] to assess the predictive model.
The chart shows the cumulative percentage of LOC on the x-axis
and the cumulative percentage of bugs found given that LOC on the
y-axis. The chart displays three curves, representing the prediction
model, the optimal model, and the worst model. The modules are
sorted based on their predicted bug numbers or densities from the
prediction model, actual bug numbers or bug densities from the
optimal model, and increasing actual bug numbers or bug densities
from the worst model. The measure evaluates the effectiveness of
the prediction EADP model in finding bugs.

𝑃𝑜𝑝𝑡 is calculated as follows:

𝑃𝑜𝑝𝑡 =
Area(prediction) − Area(worst)
Area(optimal) − Area(worst) (15)

where Area() is the area under the corresponding curve.
A greater 𝑃𝑜𝑝𝑡 value implies a more insignificant disparity be-

tween the prediction and optimal models. 𝑃𝑜𝑝𝑡 differs from previous
evaluation metrics, as it assesses the global ranking of predicted
occurrences.
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Figure 1: A cumulative lift chart.

IFA is the number of Initial False Alarms before the testing
team could discover the first buggy module. A higher value of
IFA suggests that a greater amount of effort, in terms of module
inspection, would be invested before discovering the first bug.

IFA = n’ (16)

4.4 Procedure
We organize the experiment by answering the following research
question.

What is the effect of bug numbers in buildingmodule-
level EADP models?

The main procedure of the experiment is designed in Figure 2.
Specifically, we first generate a training dataset and a testing dataset
under two different setups, as described in Subsection 4.2. We then
construct two EADP models using the algorithms described in Sec-
tion 2: one with bug numbers and the other without bug numbers
(i.e., using class labels). Finally, we compare the performance of
these two models and analyze the experimental results.

4.5 Statistical Comparison Test
Wilcoxon signed-rank test [40] is a type of statistical hypothesis
test for evaluating performance metrics. The Bonferroni correction
[1] is employed to address issues with multiple comparisons. The
original hypothesis is that the predicted models after training have
no significant difference, with a significance level set at 0.05. If the
Bonferroni-corrected p-value is less than 0.05, we reject the original
hypothesis; otherwise, we accept the original hypothesis.

5 RESULTS
Approach. We compute the performance reduction of the best
learning to rank algorithms (including LTR-linear, LTR-logistic and
DEJIT) in both cross-project and cross-release scenarios that are
trained using class labels instead of bug numbers. We then present
the distribution of performance reduction for each evaluation mea-
sure using boxplots. We employ the Wilcoxon signed-rank test
[40] with a Bonferroni correction [1] to assess if the performance
reduction is statistically significant. Different colors of the boxplots
indicate different magnitudes of the performance reduction. Red

Table 1: The IFA value of the three methods under each cross-
project experiment.

Test Dataset LTR-linear LTR-log DEJIT
Ant1.3 -4.4 -29.1 -24.3

Camel1.0 -2 -28.8 -26.9
Ivy1.1 -0.3 -3.5 -3.8
Jedit3.2 1.7 -3 -4.8
Log4j1.0 0.1 0.6 -10.2
Lucene2.0 3.4 -2.1 -3.4
Poi1.5 1.8 -1.2 -1.8

Synapse1.0 -0.1 -1.4 -12.5
Velocity1.4 0 0.2 0.7
Xalan2.4 4.4 -2.3 -3.3
Xerces1.1 -1.6 -1.1 -0.8

Table 2: The IFA value of the three methods under each cross-
release experiment.

Dataset pair LTR-linear LTR-log DEJIT
Ant1.3_Ant1.4 -1.4 3.3 0.5
Ant1.4_Ant1.5 5 -14.4 -3.8
Ant1.5_Ant1.6 -0.7 -0.7 -0.1
Ant1.6_Ant1.7 -8.4 -6.4 -1.8

Camel1.0_Camel1.2 -11 -11 0
Camel1.2_Camel1.4 -9.3 -12 -28.8
Camel1.4_Camel1.6 -20 -20 0

Ivy1.1_Ivy1.4 9.9 15.1 -0.4
Ivy1.4_Ivy2.0 15.4 -68.6 -0.4

Jedit3.2_Jedit4.0 -0.8 -0.8 -0.7
Jedit4.0_Jedit4.1 -8.9 -5 -8.2
Jedit4.1_Jedit4.2 -31.5 -1.6 1
Jedit4.2_Jedit4.3 -0.1 -0.1 1.6
Log4j1.0_Log4j1.1 -1 -1 -0.1
Log4j1.1_Log4j1.2 0 0 0

Lucene2.0_Lucene2.2 0.1 -3 -0.2
Lucene2.2_Lucene2.4 -1 0 0

Poi1.5_Poi2.0 -11.1 -14.7 -20
Poi2.0_Poi2.5 -0.7 -0.7 0
Poi2.5_Poi3.0 -4.1 3.8 1.1

Synapse1.0_Synapse1.1 -1 0.6 0.1
Synapse1.1_Synapse1.2 -0.8 -1 0
Velocity1.4_Velocity1.5 -2.9 -4 0
Velocity1.5_Velocity1.6 4.2 4.1 0
Xalan2.4_Xalan2.5 -3.6 -4.8 0
Xalan2.5_Xalan2.6 2.4 -22.7 -3
Xalan2.6_Xalan2.7 0 0 0
Xerces1.1_Xerces1.2 8.2 1.4 -4.1
Xerces1.2_Xerces1.3 -22.2 -43 -2.8
Xerces1.3_Xerces1.4 -1 2.6 -0.1

represents the magnitudes of the performance reduction are signif-
icant, while the black represents there is no significant difference.
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Figure 2: An overview of the procedure.

Table 3: The ten metric values of DEJIT under each cross-project experiment when inspecting the top 20% LOC or 3000/5000
LOC.

Test Dataset PofB@20% PMI@20% PofB/PMI
@20%

Popt PofB@3000 PMI@3000 PofB/PMI
@3000

PofB@5000 PMI@5000 PofB/PMI
@5000

Ant1.3 -0.038 -0.012 -0.063 -0.007 0.039 -0.009 0.118 -0.035 -0.011 -0.067
Camel1.0 -0.022 -0.013 -0.018 -0.010 0.024 -0.007 0.076 -0.028 -0.015 -0.033
Ivy1.1 -0.280 -0.003 -0.407 -0.278 -0.201 -0.005 -0.367 -0.270 -0.006 -0.402
Jedit3.2 -0.221 -0.007 -0.322 -0.200 -0.060 -0.004 -0.207 -0.071 -0.005 -0.196
Log4j1.0 -0.035 -0.002 -0.063 -0.072 -0.075 -0.001 -0.158 -0.028 -0.004 -0.042
Lucene2.0 -0.102 0.000 -0.175 -0.174 -0.056 0.011 -0.135 -0.102 -0.006 -0.231
Poi1.5 -0.089 -0.010 -0.147 -0.166 -0.009 -0.003 -0.023 -0.007 0.002 -0.021

Synapse1.0 -0.005 -0.014 -0.006 -0.054 -0.015 -0.005 -0.040 -0.010 -0.004 -0.020
Velocity1.4 -0.101 -0.040 -0.095 -0.048 -0.083 -0.023 -0.134 -0.089 -0.031 -0.113
Xalan2.4 -0.025 0.003 -0.041 -0.034 -0.004 0.001 -0.020 -0.004 0.002 -0.016
Xerces1.1 -0.074 -0.001 -0.091 -0.067 -0.095 -0.001 -0.163 -0.100 0.002 -0.159

Table 4: The ten metric values of LTR-linear under cross-project setting when inspecting the top 20% LOC or 3000/5000 LOC.

Test Dataset PofB@20% PMI@20% PofB/PMI
@20%

Popt PofB@3000 PMI@3000 PofB/PMI
@3000

PofB@5000 PMI@5000 PofB/PMI
@5000

Ant1.3 0.067 -0.226 0.565 0.072 0.018 -0.218 0.450 0.109 -0.238 0.758
Camel1.0 0.036 -0.119 0.231 -0.021 0.087 -0.112 0.501 0.069 -0.120 0.341
Ivy1.1 -0.293 -0.285 -0.111 -0.255 -0.286 -0.340 -0.221 -0.275 -0.282 -0.085
Jedit3.2 -0.152 -0.209 -0.064 -0.161 -0.053 -0.195 0.432 -0.049 -0.216 0.227
Log4j1.0 -0.032 -0.056 0.001 0.003 -0.085 -0.053 -0.134 0.003 -0.055 0.063
Lucene2.0 -0.051 -0.119 0.077 -0.042 -0.080 -0.069 -0.132 -0.066 -0.090 -0.019
Poi1.5 -0.110 -0.135 0.031 -0.144 -0.117 -0.258 3.445 -0.092 -0.173 0.181

Synapse1.0 0.047 -0.099 0.173 0.071 0.014 -0.086 0.142 0.041 -0.097 0.171
Velocity1.4 -0.190 -0.160 -0.036 -0.094 -0.290 -0.236 -0.163 -0.237 -0.198 -0.075
Xalan2.4 -0.031 -0.206 0.206 -0.013 -0.019 -0.030 0.014 -0.013 -0.066 1.971
Xerces1.1 -0.085 -0.088 0.000 -0.054 -0.162 -0.090 -0.123 -0.106 -0.057 -0.075

Visualizations: Figure 3 presents the distribution of performance
reduction of DEJIT, LTR-linear, and LTR-logistic trained using the

class labels for 15 effort-aware evaluation measures under the cross-
project setting. Figure 4 presents the distribution of the performance
reduction of the three methods that trained using the class labels
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Table 5: The ten metric values of LTR-logistic under cross-project setting when inspecting the top 20% LOC or 3000/5000 LOC.

Test Dataset PofB@20% PMI@20% PofB/PMI
@20%

Popt PofB@3000 PMI@3000 PofB/PMI
@3000

PofB@5000 PMI@5000 PofB/PMI
@5000

Ant1.3 0.061 -0.162 0.355 0.085 0.006 -0.230 0.414 0.074 -0.185 0.501
Camel1.0 0.012 -0.480 4.326 -0.001 -0.071 -0.347 1.972 0.001 -0.428 3.889
Ivy1.1 -0.384 -0.673 15.018 -0.377 -0.387 -0.559 -0.692 -0.352 -0.652 15.041
Jedit3.2 -0.222 -0.556 4.644 -0.171 -0.075 -0.285 0.729 -0.108 -0.344 0.723
Log4j1.0 0.084 -0.455 3.694 0.112 0.051 -0.416 3.730 0.136 -0.458 2.865
Lucene2.0 -0.090 -0.299 0.893 -0.061 -0.107 -0.236 4.501 -0.105 -0.270 4.214
Poi1.5 -0.286 -0.481 1.698 -0.347 -0.138 -0.281 2.623 -0.174 -0.345 2.426

Synapse1.0 0.246 -0.365 2.877 0.155 0.171 -0.322 5.796 0.236 -0.352 3.436
Velocity1.4 -0.707 -0.657 -0.229 -0.577 -0.471 -0.429 -0.129 -0.542 -0.506 -0.128
Xalan2.4 -0.035 -0.268 0.359 -0.021 -0.012 -0.021 0.368 -0.020 -0.040 0.899
Xerces1.1 -0.613 -0.704 1.086 -0.444 -0.576 -0.550 0.884 -0.609 -0.615 1.074

Table 6: The mean of ten metric values of the DEJIT, LTR-linear, and LTR-logistic under cross-release setting when inspecting
the top 20% LOC or 3000/5000 LOC.

Method PofB@20% PMI@20% PofB/PMI
@20%

Popt PofB@3000 PMI@3000 PofB/PMI
@3000

PofB@5000 PMI@5000 PofB/PMI
@5000

DEJIT -0.078 -0.052 0.442 -0.061 -0.023 -0.029 -0.139 -0.029 -0.037 0.159
LTR-linear -0.076 -0.104 0.477 0.251 -0.042 -0.087 0.882 -0.056 -0.104 1.036
LTR-logistic -0.054 -0.114 0.460 0.270 -0.048 -0.099 1.642 -0.053 -0.112 1.024

under the cross-release setting. Since the scales between IFA and
other performance measures are different, we use a single figure
(i.e., Figure 5) to show the distribution of the performance reduction
on IFA. Table 1 and Table 2 present the IFA values for the DEJIT,
LTR-linear, and LTR-logistic methods under each cross-project
and cross-release experiment. Table 3, Table 4, and Table 5 display
the 10 metric values for the three methods in each cross-project
experiment. We use Table 6 to present the average results of these
three methods under cross-release setup.
Results on IFA metric: From Figure 5, it is evident that the mod-
els established using class labels show a significant increase in
IFA except for DEJIT under the cross-project setting. The models
established using class labels on average increase IFA by from 7
to 9 modules under the cross-project setting and by from 3 to 7
modules under the cross-release setting. This implies that testing
personnel would need to inspect more modules before detecting
the first buggy module. Moreover, according to Table 1 and Table 2,
these three methods established using class labels instead of bug
numbers increase IFA on 10, 5, and 9 experiments under 11 cross-
project experiments, and on 15, 21, and 20 experiments under 30
cross-release experiments. In particular, the LTR-logistic method
increases IFA by a maximum of 68.6 under the cross-release exper-
iment setting and by a maximum of 29.1 under the cross-project
experiment setting. Moreover, for the 11 cross-project experiments,
these three learning-to-rank algorithms increase IFA in 45.5% to
90.1% of the datasets, and for the 30 cross-release experiments, they
increase IFA in 50% to 70% of the experiments.

DEJIT increases IFA value by more than 10 in 36.4% of the
datasets under the cross-project setting and in 6.7% of the datasets
under the cross-release setting. LTR-linear increases IFA by more

than 10 in 16.7% of the datasets under the cross-release setting. LTR-
logistic increases IFA value by more than 10 in 18.2% and 26.7%
of the datasets under the cross-project and cross-release settings,
respectively. However, it is crucial to control IFA within 10, as em-
phasized in Kochhar et al.’s research [22]. Such a significant increase
in IFA values can render other metrics of the model statistically
insignificant, as testers are not willing to use the prediction models
if the first few recommendations are all false alarms. Clearly, estab-
lished using class labels would lead to more resource consumption
for the testing personnel.
Results under cross-project setting: (1) When inspecting the
top 20% LOC, DEJIT established using class labels instead of bug
numbers under the cross-project setting shows significant increases
of 9.1%, 12.9%, and 10.1% in PofB@20%, PofB/PMI@20%, and 𝑃𝑜𝑝𝑡 ,
respectively. This indicates that the model established using class
labels can identify more bugs. However, on the other hand, using
class labels to build the model can significantly increases PMI@20%,
implying that testing personnel will need to inspect more mod-
ules, resulting in increased time overhead due to module switching.
When checking a fixed number of LOC (i.e., inspecting 3000 LOC
and 5000 LOC), DEJIT established using class labels can increases
the average value of PofB@3000 and PofB@5000 by 4.9% and 6.8%,
respectively.

(2) When inspecting the top 20% LOC, LTR-linear established
using class labels shows a significant increase of 15.4% in PMI@20%
and a decrease of 2.5% in Precision@20%, while the other metrics
do not exhibit significant differences. When checking 3000 LOC,
LTR-linear established using class labels significantly increases
PMI@3000 by 15.3% and PofB@3000 by 8.8%. However, when check-
ing 5000 LOC, only PMI@5000 shows a significant increase of 14.5%.
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(a) DEJIT under cross-project setting
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(b) LTR-linear under cross-project setting
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(c) LTR-logistic under cross-project setting

Figure 3: The performance reduction of the learning to rank
algorithms that trained using the class labels for 6 effort-
aware performance measures under cross-project setting. A
blue line indicates a performance difference of zero (i.e., no
reduction). (Different colors of the boxplots indicate differ-
ent magnitudes of the difference. Red represents that the
magnitudes of the difference are significant, while black rep-
resents there are no significant difference.)

Pr
ec

is
io

n@
20

%

R
ec

al
l@

20
%

F1
@

20
%

Po
fB

@
20

%

PM
I@

20
%

Po
fB

/P
M

I@
20

%

Po
pt

F1
@

30
00

Po
fB

@
30

00

PM
I@

30
00

Po
fB

/P
M

I@
30

00

F1
@

50
00

Po
fB

@
50

00

PM
I@

50
00

Po
fB

/P
M

I@
50

00

0.5

0.0

0.5

1.0

1.5

2.0

2.5

3.0

D
EJ

IT

(a) DEJIT under cross-release setting
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(b) LTR-linear under cross-release setting
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(c) LTR-logistic under cross-release setting

Figure 4: The performance reduction of the learning to rank
algorithms that trained using the class labels for 6 effort-
aware performance measures under cross-release setting. A
blue line indicates a performance difference of zero (i.e., no
reduction). (Different colors of the boxplots indicate differ-
ent magnitudes of the difference. Red represents that the
magnitudes of the difference are significant, while black rep-
resents there are no significant difference.)
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Figure 5: The performance reduction of the learning to rank
algorithms that trained using the class labels for IFA. A blue
line indicates a performance difference of zero (i.e., no re-
duction). (Different colors of the boxplot indicate different
magnitudes of the difference. Red represents that the magni-
tudes of the difference are significant, while black represents
there are no significant difference.)

This indicates that using class labels to build the model can signifi-
cantly increases the number of modules that need to be inspected.

(3) When inspecting the top 20% LOC, LTR-logistic established
using class labels shows a significant increase of 46.3% in PMI@20%
and a decrease of 21% in Precision@20%. It is worth noting that the
models established using class labels significantly reduces PofB/PMI@20%
by 316%, indicating that the increase in PMI@20% is much larger
than the increase in PofB@20%. When checking 3000 LOC and 5000
LOC, it shows a significant increase of 33.4% and 38.1% in PMI@3000
and PMI@5000, respectively, and a significant increase of 183% and
317% in PofB/PMI@3000 and PofB/PMI@5000, respectively.

(4) Thus, in the cross-project setting, using class labels to build
themodel will increase PofB@effort to some extent, increase PMI@effort
and decrease PofB/PMI@effort. This means that testing personnel
will need to spend a considerable amount of time on the overhead
of switching between modules and they can find more bugs, as high
PMI@effort indicates that they need to inspect a greater number of
modules when checking a certain LOC.
Results under cross-release setting: (1) When inspecting the
top 20% LOC, DEJIT established using class labels significantly
increases the average PofB@20% by 7.8% and 𝑃𝑜𝑝𝑡 by 6.1%, but at
the same time, it also significantly increases PMI@20% by 5.2%.
When checking the top 3000 LOC and top 5000 LOC, PofB@3000
and PofB@5000 both show a significant increase of 2.9%, PMI@3000
and PMI@5000 show a significant increase of 2.9% and 3.7%, re-
spectively. This indicates that in this setting, the DEJIT established
using class labels can detect more bugs, but meanwhile it also need
inspect more modules.

(2) When inspecting the top 20% LOC, LTR-linear established us-
ing class labels significantly increases PofB@20% by 7.6%. However,
both LTR-linear and LTR-logistic established using class labels
significantly increase the average PofB/PMI@20% by 47.7% and

46%, respectively, and significantly decrease the average 𝑃𝑜𝑝𝑡 by
25.1% and 27%. When checking the top 3000 LOC and top 5000
LOC, LTR-linear established using class labels significantly in-
creases the average PofB/PMI@3000 and PofB/PMI@5000 by 88.2%
and 103.6%, respectively. Similarly, LTR-logistic established using
class labels significantly increases the average PofB/PMI@3000
and PofB/PMI@5000 by 164.2% and 102.4% for the two settings.
Both methods show an average increase of 10.4% and 11.4% in PMI,
respectively.

(3) Therefore, in the cross-release setting, we can conclude that
these methods established using class labels can increase the num-
ber of modules that need to be inspected. It can also increase the
number of detected bugs, but at the cost of sacrificing a amount of
Precision@20%, PMI@20%, and 𝑃𝑜𝑝𝑡 . Taking into consideration the
significant decrease in the PofB/PMI@20% metric, we believe that
the extent of sacrificing PMI@20% is greater than the improvement
in PofB@20%.

Summary: Under cross-project and cross-release set-
tings, methods using label-based will significantly in-
creases IFA on a substantial proportion of the datasets.
If the first few recommendations are all false alarms,
testers are notwilling to use the predictionmodels. Addi-
tionally, using class labels to build the model also leads
to a significant increase in PMI@effort and PofB@effort,
indicating that testing personnel will need to inspect
a larger number of modules. While it can result in de-
tecting more bugs, it comes at the cost of sacrificing a
considerable amount of IFA, PMI@effort, and 𝑃𝑜𝑝𝑡 .

6 DISCUSSION
6.1 Threats of validity
(1) We solely investigate the decline in performance of the top-
performing learning to rank techniques when class labels are lever-
aged instead of bug numbers, but only on the module-level datasets.
This is due to the published change-level and Android datasets
do not encompass information regarding the count of bugs. Fur-
thermore, all software projects are conceived by the open-source
community, and it remains ambiguous whether our conclusions
can be extrapolated to business projects. We will curtail this threat
by scrutinizing additional modules from other defect repositories
in the future work.

(2) We employ the LTR-linear, LTR-logistic, and DEJIT methods
as approaches to build EADP models in cross-project and cross-
release setups, since some research [54, 48] found that these algo-
rithms performed optimally in their respective setups through a
large-scale experiment. In particular, Yu et al. [54] compared 24
pointwise L2R algorithms, 4 pairwise algorithms, and 3 listwise
algorithms. The results showed that LTR-linear showed the most
excellent performance in the IFA indicator.

(3)We utilize the Precision@20%, Recall@20%, F1@20%, PofB@effort,
PMI@effort, PofB/PMI@effort, IFA, and 𝑃𝑜𝑝𝑡 to evaluate our mod-
els in the effort-aware scenario [18, 7]. We employ PofB@effort,
Recall@20%, and 𝑃𝑜𝑝𝑡 to evaluate whether the models meet the
goal of EADP. Precision@20% is also used as it is often paired
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with Recall@20%. A higher value of PMI@effort requires software
testers to check more modules. Therefore, to correct any biases
that can arise from using PofB@effort and PMI@effort, we employ
PofB/PMI@effort. Additionally, previous study [18] present that
high IFA value would significantly reduce the confidence of soft-
ware testers, so we also use IFA measure. Furthermore, we use the
non-parametric statistical Wilcoxon test to compare different mod-
els and to guarantee that any disparities observed are statistically
meaningful.

6.2 Implications
We provide recommendations based on experiments for researchers
in EADP studies. Both class labels and bug numbers should
be indicated when publishing software defect datasets. Many
publicly-available module-level defect datasets hold only class la-
bels. Our experimental results show that using class labels to con-
struct module-level EADP models causes a increase of the found
bugs, but meanwhile it will lead to a significant increase of IFA and
PMI@20%. The change-level datasets that are generated by SZZ
approaches do not hold bug numbers either. However, many stud-
ies [21], [50], [49], [14], [25], [8], [16] considered the proportion
of class labels of a change and the responding LOC as the actual
defect density and then used it to construct EADP models. Since we
cannot obtain the change-level datasets that hold bug number infor-
mation, we do not investigate whether not using the bug numbers
to construct change-level EADP models impacts the performance.
But we still encourage researchers to extract the number of defects
of changes and publish the datasets.

7 CONCLUSION
This paper explores the effects of disregarding bug numbers on
the effectiveness of EADP models in software defect datasets. We
examine the decline in the efficacy of the best learning to rank
methods when class labels are utilized instead of bug numbers,
and constructing an EADP model using LTR-linear, LTR-logistic,
and DEJIT under both cross-project and cross-release setups. To
assess the performance reduction of the best algorithms trained
using the class labels, we compute the distribution of performance
reduction for each evaluation measure (i.e., Precision@20%, Re-
call@20%, F1@20%, PofB@effort, PMI@effort, PofB/PMI@effort,
IFA, and 𝑃𝑜𝑝𝑡 ) using boxplots and employ the Wilcoxon test to
present the statistical significance of the reduction. The experi-
mental results indicate that incorporating the numbers of bug in
building EADP models can lead to an decrease in the detected bugs.
But it can lead to software testers inspecting fewer modules and
more efficiently identifying the first buggy module in the majority
of cases. Therefore, we suggest that not only the class labels but also
the number of bugs should be indicated when publishing software
defect datasets to construct more accurate EADP models.
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