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Code changes can introduce defects that affect software quality and
reliability. Just-in-time (JIT) defect prediction techniques provide
feedback at check-in time on whether a code change is likely to
contain defects. This immediate feedback allows practitioners to
make timely decisions regarding potential defects. However, a pre-
diction model may deliver false predictions, that may negatively 1 INTRODUCTION
affect practitioners’ decisions. False positive predictions lead to un-
necessarily spending resources on investigating clean code changes,
while false negative predictions may result in overlooking defective
changes. Knowing how uncertain a defect prediction is, would help

Just-in-time (JIT) defect prediction, a.k.a. change-level or commit-
level defect prediction, aims to determine at check-in time whether
a software change is defective or not [37, 44]. A defective software
change is one that introduces one or more defects (a.k.a. faults or
practitioners to avoid wrong decisions. Previous research in defect bugs) into the software [54]. JIT defect prediction helps to decide
prediction explored different approaches to quantify prediction un- whether to perform targeted inspections and code reviews, as well
certainty for supporting decision-making activities. However, these as where and how to allocate testing efforts and resources [41, 58].
approaches only offer a heuristic quantification of uncertainty and Compared with release-level defect prediction (e.g., see [46]),
do not provide guarantees. JIT defect prediction offers several benefits [21, 37, 55, 67]. (1) A

In this study, we use conformal prediction (CP) as a rigorous JIT defect predictor provides predictions at a finer level of gran-
uncertainty quantification approach on top of JIT defect predictors. ularity, which enables practitioners to investigate fewer lines of
We assess how often CP can provide guarantees for JIT defect code for defects. (2) A JIT defect predictor provides predictions
predictions. We also assess how many false JIT defect predictions immediately after committing the change to the code repository,
CP can filter out. We experiment with two state-of-the-art JIT defect thereby providing practitioners with real-time feedback.
prediction techniques (Deep]IT and CC2Vec) and two widely used Decision-making under uncertainty. Acquiring real-time feed-
datasets (Qt and OpenStack). back necessitates practitioners to make decisions on whether to

Our experiments show that CP can ensure correctness with a trust the current prediction and take action. However, the accuracy
95% probability, for only 27% (for Deep]IT) and 9% (for CC2Vec) of of this decision is influenced by prediction uncertainty.

the JIT defect predictions. Additionally, our experiments indicate State-of-the-art JIT defect predictors have delivered substantial
that CP might be a valuable technique for filtering out the false

predictions of JIT defect predictors. CP can filter out up to 100%
of false negative predictions and 90% of false positives generated
by CC2Vec, and up to 86% of false negative predictions and 83% of
false positives generated by Deep]JIT.

improvements in prediction accuracy; e.g., via better software met-
rics [3, 38], better representations of the data [15, 59], ensemble
learning [20, 49, 60], or deep learning [14, 45]. Still, predictions
can never be 100% accurate [16, 52]. There remains some degree of
uncertainty on whether a prediction is correct, i.e., a true prediction.

If practitioners trust a false prediction and act upon it, the action

CCS CONCEPTS might have negative consequences. Trusting a false positive predic-
« Software and its engineering — Software testing and debug- tion (i.e., a clean code change wrongly classified as a defective one)
ging; Formal methods; Software maintenance tools. means that practitioners unnecessarily spend time and effort on

investigating commits that do not actually contain defects [40, 46].
KEYWORDS This may ultimately lead practitioners to ignore the predictions of

the defect prediction tools that produce many false positives [24].
Trusting a false negative prediction (i.e., a defective code change
wrongly classified as a clean one) means that practitioners may

overlook actual defects, requiring costly fixes in later stages of
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prediction probability by analyzing the agreement of base models
in an ensemble [60, 66].

However, these types of uncertainty quantification only pro-

vide a heuristic quantification of uncertainty. They do not provide
guarantees about the model’s confidence in the correctness of a
prediction [23] and thus may not be helpful for decision-making.
Indeed, they may rather deceive a practitioner into trusting a false
defect prediction, thus making the wrong decision.
Rigorous Uncertainty Quantification. An intriguing approach
to address the problem of quantifying prediction uncertainty is
conformal prediction (CP) [43, 50]. CP can be combined with any
prediction model that provides some heuristic notion of uncertainty,
such as the ones mentioned above. CP uses a small amount of addi-
tional calibration data to convert the heuristic notion of uncertainty
into a rigorous one [1, 42]. Instead of generating an output in the
form of a single label, CP generates prediction sets that are guaran-
teed, with probability 1 — «, to contain the true label. In the optimal
case, the prediction sets would consist of only one label.

Other potential solutions to rigorously quantify prediction un-
certainty would have been the Probably Approximately Correct
(PAC) theory and the Bayesian framework. PAC only works well
with clean data [43], which is a concern in defect prediction due to
the quality of defect datasets [7, 8, 26, 27, 29] and noise due to the
data-gathering process [8, 13, 25, 53]. Bayesian methods require
knowing the probability distributions of the variables in the data
and may lead to invalid confidence guarantees otherwise [34, 43].
Contribution. We perform an empirical study to assess how far
CP is applicable and useful for JIT defect prediction. We experimen-
tally evaluate two state-of-the-art JIT defect prediction techniques,
namely Deep]IT (which uses deep learning) [14] and CC2Vec (which
uses representation learning)[15]. We experiment with two popular
defect data sets OPENSTACK and QT, which were also used in the
original evaluation of the techniques.

We address the following research questions:

ROQ1: For what percentage of predictions can CP provide informa-
tive results? CP generates a prediction set for each input instance,
i.e., each prediction made by a JIT defect predictor. While CP al-
ways gives guarantees that the prediction sets contain the true label
with probability 1 — «, a prediction set of size 2 (containing both
labels "defective" and "clean") is obviously not informative, since
one cannot make a decision based on it. This RQ analyzes how
often CP generates prediction sets of size 1 and thus can provide
useful information for decision-making.

RQ2: What is the distribution of the class labels for which CP
provides informative results? This RQ refines the results of RQ1 by
analyzing the distribution of the class labels for prediction sets of
size 1. Given the typically highly imbalanced defect datasets (e.g.,
the QT dataset contains 8% defective commits and the OPENSTACK
dataset 13% defective commits), it might be that CP generates infor-
mative results only for the "clean” class label. Such results would
limit the practical usefulness of CP, as correctly identifying de-
fective commits and correctly identifying clean commits are of
different importance and related costs in practice.

RQ3: What percentage of false predictions can CP filter out? RQ1
and RQ2 focus on the informative results (i.e., prediction sets of size
1) of CP. RQ3 focuses on the non-informative results (i.e., prediction
sets of size 2). We analyze how often false defect predictions end up
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in prediction sets of size 2. Prediction sets of size 2 are considered
non-informative predictions and, thus not used for decision-making.
Via this metric, we assess the usefulness of CP to filter out false
predictions. As indicated above, practitioners might ignore defect
predictions if a defect predictor produces many false predictions.
We thus assess how many of the false predictions produced by the
JIT defect predictors may be avoided when using CP.

Paper Outline Section 2 provides relevant background on con-
formal prediction. Section 3 describes the study design. Section 4
provides the study results and the validity risks. Section 5 presents
a critical discussion. Section 6 discusses related work.

2 CONFORMAL PREDICTION

Conformal prediction (CP) is a model-agnostic technique that can be
combined with any point-prediction model, in order to complement
predictions with their respective confidence measures [1, 42]. A
point-prediction model (for simplicity we will call it a predictor)
can be any prediction model, for e.g. a statistical, machine-learning
(ML), or a deep-learning (DL) model, that generates as output a
label (in the case of classification tasks), or a number (in the case of
regression tasks). CP answers the question "Based on the previously
seen instances, how confident is a predictor that a prediction is
correct, i.e., the prediction matches the ground truth"? CP takes as
input a heuristic quantification of prediction uncertainty ( Section 1)
to compute rigorous uncertainty outcomes, i,e., confidence scores.

Using a calibration data set (a small set of historical data), a
trained predictor, and a given error threshold «, CP learns how to
generate prediction sets, that are guaranteed to contain the ground
truth with probability 1-a. The error threshold o € [0,1], represents
the maximum acceptable error for conformal prediction (CP) to
generate prediction sets that do not include the true label. This is a
user-defined value, usually a small one [1]. In the optimal case, the
prediction sets would consist of a single label (in a classification
task) or a very narrow interval (in a regression task).

The original CP algorithm is Transductive CP (TCP). However,
TCP is computationally expensive [43]. In our study, we thus use an
approximation version of it, namely inductive conformal prediction
(ICP). We explain both these algorithms below.

Transductive CP. CP works for both classification and regression
tasks. In this study we apply CP to a classification task, thus, for
simplicity, we will explain CP in the context of a classification task.

Provided a dataset composed of n training instances and m test
instances, whose possible data classes C are known beforehand, CP
uses the training set to train a predictor f (x) € [0,1]'!, which, for
a given instance x, generates the probability distribution of x over
the possible classes C.

To compute the calibration step, a non-conformity function
g(x,7) should be defined, which is used to quantify the level of
disagreement between the knowledge of the predictor f and the
true label y, given x [43]. It basically measures confidence level of
how much the predicted §j conform to the actual y.

TCP algorithm is as follows:

Step 1: Using f , for every instance (x;,y;) in the training set,
CP generates a set of scores, representing the probabilities of x;
belonging to any of the C possible classes.
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Step 2: CP extracts the probability score § = f (xi)y; correspond-
ing to the true label y; and computes the non-conformity/confidence
score via g(x, 7).

Step 3: The confidence scores of all the instances in the training
set are then used to compute the empirical confidence quantile. CP
first calculates § via the following function:

[(n+1)(1-0a)]

n

§= M
, where n is the number of instances in the training set and [x] is
the ceiling function of x. Then, CP extracts the ¢ —th quantile of the
confidence scores to compute the empirical confidence quantile.

Step 4: The empirical quantile is then used to construct prediction
sets S, given newly unseen data instances. Typically, to assess the
validity of the CP algorithm, one uses a dedicated test set, whose
instances have not been used for training the predictive model. For
each test instance x; € Xyes; CP constructs a prediction set:

S(xt) ={ye : f(xt)yl, > 1 — g}, by including only those labels
Ye € C whose probability score is larger or equal to 1 — g [1].

The generated prediction set is guaranteed to provide the desired
coverage, satisfying [57]:

P(Yiest € S(Xtest)) = (1 - a) (2)

, meaning that the prediction set S, is guaranteed, with a proba-
bility of at least 1-e, to contain the true prediction y;es; of an input
instance Xeg;.

In the case of a binary prediction task:

o if the prediction model is confident about the correctness of
the prediction, only one class label will be included in the
prediction set (set size=1).

o if the prediction model is not confident about the correct-
ness of the prediction, both labels will be included in the
prediction set (set size=2).

Inductive CP. The transductive CP algorithm computes all the
above-mentioned steps of the CP algorithm for every instance in
the test set. As such, it is highly computationally extensive. To
enable the usage of CP algorithms for ML or DL models, which
take a lot of computational resources and time, Papadopoulos et al.
proposed ICP [42].

ICP stands for inductive conformal prediction. ICP first splits the
training set into 2 subsets, namely training and calibration subsets.
The training set is used to train the predictor f (x), which generates
prediction scores for all the classes, given input instance x. The
calibration set to perform the calibration, i.e., to train the conformal
predictor on constructing prediction sets, ICP trains the predictor
f using the training set and computes the empirical confidence
quantile § using the calibration set.

In Equation 1, n represents the number of instances in the cali-
bration set, as opposed to the number of instances in the training
set for TCP. ICP performs the calibration step only once, and the
same generated empirical quantile can be used to construct the
prediction sets for each new instance.

ICP shows a great improvement in terms of runtime efficiency,
in exchange for a slight decrease in terms of coverage [42, 43]. Thus,
the coverage is expected to be almost exactly 1-a, instead of exactly
1-a. This property is known as marginal coverage [1].
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CP correctness. Vovk states that conformal prediction must meet
two desiderata: it should be efficient and valid [56]. This means that
the prediction sets should be as small as possible for them to be
efficient, and they should provide coverage of at least 1-a, for them
to be valid.

To check the correctness of the CP algorithm one can use adap-
tivity to quantify its efficiency, and coverage to quantify validity.
Adaptivity: describes the possible values and frequencies of the
prediction set sizes. Prediction set sizes should be adaptive, mean-
ing that the prediction set size should be as small as possible for
"easy" inputs, and larger for "difficult” inputs. In the case of binary
prediction tasks, the prediction sets can be of either size=1 or size=2.

Coverage: is an important measure of validity for CP. The goal
of CP is for every given input, to construct a prediction set that is
guaranteed, with a probability of almost exactly 1- & to contain the
ground truth label. Thus, to check the validity of the ICP algorithm,
one needs to show that it provides the expected marginal coverage.
Coverage can be measured for all the instances on the dataset, or
for different classes separately.

Marginal coverage assesses coverage across all data instances,
irrespective of their class. The term "marginal” is used to account
for the stochastic impact of selecting instances for the calibration
and test sets. The coverage results are computed and averaged over
different runs, i.e., the marginal probability is estimated. Slight fluc-
tuations are normal due to the lack of infinite data and experiments,
as well as the stochastic nature of generating the calibration set [1].

Unlike marginal coverage, class-conditional coverage aims at en-
suring almost 1 — & coverage in each of the classes in the dataset
[1]. In the case of binary classification, given an error threshold
of @ = 0.05, the class-conditional coverage aims at providing a
coverage of 95% for the "clean” (class=0) data samples and 95% for
the "defective" class=1 data samples. Nevertheless, unlike marginal
coverage, class-conditional coverage is a much stronger assumption
that cannot always be achieved. To compute class-conditional cov-
erage, CP first splits the calibration set instances into classes and
performs the calibration step for each class separately. If the data
set consists of two classes, two different non-conformity quantiles
will be computed, one for each class. For the instances on the test
set, whose true class is not known, CP will compute the prediction
sets using both non-conformity quantiles.

When computing class-conditional coverage for binary classifi-
cation tasks, the prediction sets will result in sets of size 1 (including
the respective class label) or 0 (no labels).

3 STUDY DESIGN

Below we introduce the design of our empirical study, including
the evaluated JIT defect prediction techniques and used data sets.

3.1 JIT Defect Prediction Techniques

We experiment with two state-of-the-art JIT defect prediction tech-
niques, namely DeepJIT and CC2Vec. We chose these techniques
because they are published in top-tier conferences and have a con-
siderable number of citations (CC2Vec-86, Deep]IT-104). We refer
to the citation number in Scopus 1. Both Deep]IT and CC2vec have

!https://www.scopus.com
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been featured as baselines in several JIT defect prediction papers
[36, 39, 45, 64, 65].

3.1.1 DeepJIT. Deep]IT utilizes code, process, and developer met-
rics as input data for training a Convolutional Neural Network
(CNN) [14]. Examples of the used metrics are size and diffusion
metrics extracted from source code, commit messages, number of
added/deleted lines of code extracted from change history, and de-
veloper metrics such as author/reviewer experience metrics. Deep-
JIT makes use of natural language processing to pre-process the
natural-language input, i.e., the commit messages and code alter-
ations, and then feed them into the CNN model for training. The
trained model is used to make predictions on whether a commit
is likely to be defective or clean. To address the imbalance in in-
put data, Deep]IT employs a cost-sensitive learning approach. In
practical terms, this means that the prediction model is penalized
more heavily when it erroneously categorizes a defective commit
as a clean commit, thereby forcing the prediction model to perform
well also for the instances in the minority class.

Deep]IT’s performance is evaluated with QT and OPENSTACK,
resulting in an AUC = 0.765 for QT, and an AUC = 0.771 for OPEN-
STACK 2.

3.1.2  CC2Vec. Hoang et al. propose CC2Vec, a feature represen-
tation technique for software code changes, which can be used
for different software development tasks [15]. In particular, they
combine this feature representation with Deep]JIT to enhance the
predictive performance of DeepJIT. For CC2Vec the authors lever-
age artificial neural networks, specifically a hierarchical attention
network, to generate an efficient representation of code change
artifacts. CC2Vec uses two main code change artifacts, the log mes-
sages and the added/removed lines of code. The first sentence of
a log message is used to extract the semantics of the code change.
The added/removed lines of code are used to generate a vector
representation of the change. CC2Vec employs an attention mecha-
nism to capture the structural dependency of the code change, thus
generating a better representation of the change.

Hoang et al. evaluated CC2Vec on QT and OPENSTACK: They re-
port an AUC = 0.822 for QT, and an AUC = 0.809 for OPENSTACK?.

3.2 Datasets

As datasets, we use QT and OpenStack (collected by McIntosh and
Kamei [33]) because they are widely used in DP research and were
used to evaluate both DeepJIT and CC2Vec. Both datasets consist
of different types of code, process, and author metrics, such as code
size and diffusion metrics, change history metrics, author/reviewer
experience metrics as well as review process metrics.

The QT dataset * consists of data gathered from cross-platform
development of desktop and embedded systems software. The QT
dataset contains a total of 25,150 commits, 8% of them labeled as
"defective".

The OPENSTACK dataset > consists of data from the cloud
computing infrastructure, which is open-source. The OPENSTACK
dataset contains 12,374 commits 13% of them labeled as "defective".

2The dataset & the trained models are available at: https://zenodo.org/records/3965246
3The implementation of CC2Vec: https://github.com/CC2Vec/CC2Vec
“https://www.qt.io/

Shttps://www.openstack.org/
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3.3 Algorithm and Parameterization

As introduced in Section 2, we employ inductive conformal predic-
tion and in particular use the algorithm presented in [43].

The ICP algorithm is relatively generic and needs to be parame-
terized before it can be applied to a specific problem.

Calibration set size n. This parameter represents the number
of data instances used for calibrating the ICP. Even though CP
guarantees hold for any calibration set size, the random selection
of the instances for constructing the calibration set might cause
variability among the results of different runs (repetitions of the
same experiment). Thus a large enough conformal set size could be
necessary for accounting for variability [1]. Angelopoulos & Bates
argue that a set size of 1000 instances is sufficient for ensuring
coverage [1]. In this work [56], Vovk uses a calibration set of 999
instances. Thus, we set the n = 1000. Our experimental datasets
consist of training and test sets. We keep the original set size for
our test sets (1331 instances). We randomly selected n instances to
create the calibration set. Note that the training, calibration, and
test sets are disjoint sets.

User-specified error threshold a. The error threshold repre-
sents the maximum error that the CP can exhibit when computing
confidence scores and prediction sets. Meaning, CP should guar-
antee, with a probability of 1 — «, that the prediction set contains
the true label. The desired error threshold typically depends on the
application domain. For example, high-risk or high-cost domains
require higher prediction confidence and, thus lower error thresh-
old. Other domains can be a bit more flexible regarding the error
threshold. To assess the performance of CP under different settings,
we treat a as an independent variable in our experiments, therefore,
we experiment with three error threshold values, namely « € {0.05,
0.1, 0.15}. Thus, we provide the respective prediction coverages (1 -
a €){95%, 90%, 85%}. We argue that a coverage lower than 85% is
not sufficient, thus we do not experiment with lower coverages.

Non-conformity score function g(x, 7j). ICP requires a non-
conformity score function, which quantifies the model’s confidence
in the correctness of a specific prediction. We use the same function
as in [1, 56]. This is the typical score function used in the literature
unless domain expertise indicates the usage of other score functions
that better fit the data. Specifically, we define the non-conformity
score to be g(x, ) = 1 — Jzrue , Where x is the input instance and
Jtrue is the defect predictor’s sigmoid score corresponding to the
true label of x.

3.4 Independent variables

Our experiments consider three independent variables:

o The JIT defect prediction technique: DeepJIT & CC2Vec

e The dataset: QT & OPENSTACK

e The error threshold: @ € {0.05, 0.1, 0.15}
We perform experiments for all the possible combinations of the
independent variables, resulting in a total of 12 experimental set-
tings. Each experimental setting is repeated 100 times as suggested
by [1, 42], resulting in a total of 1200 experiments.

3.5 Dependent variables

As dependent variables, we measure the following metrics for the
different research questions.
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RQ1 - Rate of informative CP predictions: we compute the rate of
the instances for which the CP algorithm can provide informative
correctness guarantees, in the whole test set. To do so we compute:

Mg=1
Inf = ——
f n

, where mg=1 is the number of instances for which CP generates a
prediction set of size 1, and n is the total number of instances in
the test set.

RQ2 - Distribution of informative CP predictions: For all the infor-
mative CP predictions obtained in RQ1, we investigate the percent-
ages of instances belonging to the class "defective" (class=1) and
"clean" (class=0) respectively.

Ms=1,c=0

Infc:o = m—l, Infc:1 =
s=

, where mg=1 ¢=¢ is the number of instances for which CP gener-
ates a prediction set of size 1 consisting of a class label=0, ms=1 ¢=1
is the number of instances for which CP generates a prediction set
of size 1 consisting of a class label=1, and ms= is the total number
of instances for which CP generates a prediction set of size 1.

RQ3 - The rate of filtered-out FP and FN: we measure the rate of
false positive (FP) & false negative (FN) predictions that CF filters
out. We first compute FP;y; and FNyo;. That is the total number
of FP and FN predictions generated by the selected JIT defect pre-
dictors. Next, we compute FPgjjtereq and FNpjjsereq- Basically, we
count for which percentage of the FP & FN predictions generated
by the JIT-DP technique, CP generates prediction sets of size 2, i.e.,
the prediction’s confidence is lower than the desired confidence
level. To obtain the filtered FP&FN rate we compute:

Ms=1,c=1
ms=1

FPfiltered
FPtot

FNfiltered

filteredFP =
FNzot

, filteredFN =

4 RESULTS

Here we report the results of our research questions. We provide
results averaged over the 100 repetitions for each experimental
setting and also provide their standard deviation. Results of the
individual experiments are available in our repository, as provided
in Section 8. We first describe the results with Deep]IT, then the
results with CC2Vec, followed by the summary of the RQ. We follow
the same structure for all our research questions.

4.1 RQ1: Rate of informative CP predictions

Table 1: Deep]JIT: Rate of Informative CP Predictions

OPENSTACK QT
@ %ss=1 Min-max STDev | %gs=y Min-max STDev
0.05) 27% 175-550 87 28% 187-563 83
(0.10) 46% 398-682 41 52% 480-910 92
(0.15)  55% 601-807 29 70% 748-1134 84
4.1.1 DeepJIT. Table 1 shows the rate of informative predictions

(%ss=1, prediction set size=1), that CP generated for Deep]IT, with
different error thresholds and different datasets. Min-max shows
the minimum vs. the maximum number of instances resulting in a
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Figure 1: Prediction Set Sizes (ss) for Deep]JIT

prediction set of size one, among the 100 runs. STDev shows the
standard deviations of the 100 runs.

As we can observe, when augmenting Deep]IT predictions, CP
generates informative prediction sets 27% resp. 28% of the time for
an « of 0.05. With a much higher margin for error (¢ = 0.15), CP
generates informative prediction sets 55% resp. 70% of the time.

Deep]IT reported an AUC score of 0.771, when trained with the
OPENSTACK dataset, and 0.765, when trained with the QT dataset.
But if we are only interested in predictions whose correctness we
can guarantee, we observe that only for a small fraction of Deep]IT
predictions CP estimates confidence scores that surpass the desired
confidence level, i.e., informative prediction sets.

The histogram in Figure 1, gives the absolute number of infor-
mative (set size=1) and non-informative (set size=2) predictions
for different error thresholds «, for both datasets (OS stands for
OPENSTACK). We observe that for large values of «, CP delivers a
relatively higher rate of informative predictions for the QT dataset
than for the OPENSTACK dataset.

To analyze why, we examine the mean, maximum, and standard
deviation (Table 1). Comparing QT and OPENSTACK, we notice
that the maximum is considerably larger (1134 vs. 807), as is the
standard deviation (84 vs. 29). The test set size is constant for all
experiments. The higher spread of values indicates that results for
the QT dataset vary much more between experiment runs. This
higher variance might be attributed to the larger data set size and
more pronounced data imbalance of the QT dataset in comparison
to the OPENSTACK dataset, affecting the predictor’s decision in a
prediction. This could lead to the occurrence of the defect predictor
performing the so-called label flip, in different training runs. In
simpler words, the model changes the prediction for the instances
for which the model is unsure, i.e., instances that lie close to the
decision boundary, but it does not affect the instances that lay
far from the decision boundary. Thus for smaller error rates, we
observe little variance, which also shows that only a small fraction
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of the instances lay far enough from the decision boundary, thus
the defect predictor can predict their label with confidence.

The variance of Deep]JIT has also been reported in previous
studies. Shahini et al. report an accuracy variance of up to 10.3%
with STDev = 2.72 in terms of per-class accuracy metric for the
"defective" class, for Deep]IT trained several times under identical
settings [51].

4.1.2 CC2Vec. Table 2 shows the rate of informative predictions
(%ss=1), that CP generated for CC2Vec, with different error thresh-
olds and different datasets.

Like for Deep]IT, a larger error threshold allows CP to generate
informative prediction sets up to 24% of the time.

CC2vec reported an AUC score of 0.822 when trained with the
OPENSTACK dataset, and 0.809, when trained with the QT dataset.
But if we are only interested in predictions whose correctness we
can guarantee, we observe that for an & = 0.05 only for 9% of the
predictions (for OPENSTACK) and 8% of the predictions (for QT)
CP provides correctness guarantees. These values are even smaller
than the results of Deep]IT, even though CC2Vec has reported
higher accuracy than Deep]IT.

To investigate this discrepancy, we look at other accuracy metrics
rather than AUC score, for both Deep]IT and CC2vec.

AUC score is a threshold-independent metric, which is not al-
ways appropriate for evaluation, particularly in scenarios where a)
prediction probabilities require calibration, and b) the cost of false
negatives versus false positives is not the same. Both these cases are
desirable for the goal of this study. To gain an understanding of the
CC2Vec model’s performance concerning both minority and major-
ity classes, we calculate the precision, recall, F1-score, specificity,
and FAR (false alarm rate). An interesting observation was that
CC2Vec exhibits a very high recall (up to 99%) which means that it
produces fewer false negatives, but it performs worse than DeepJIT
in terms of precision and FAR (meaning it produces more false posi-
tives and fewer true negatives) ¢. Deep]IT achieves a precision=0.19
and FAR=0.32, meanwhile, CC2Vec achieves a precision=0.096, and
FAR=0.67. These outcomes align with the insights from Pornprasit
et al., who similarly report CC2Vec’s tendency to classify instances
as "defective" [45].

CC2Vec’s tendency to generate false positives, results in CP as-
signing lower confidence scores to individual predictions, thereby
leading to fewer informative sets. Thus, CC2Vec’s improvement
over Deep]IT in terms of AUC score is not reflected in the rate of
informative predictions that CP generates.

Result: Deep]IT achieves an AUC of 0.771, and CC2Vec achieves
higher accuracy (AUC=0.822). When using CP to provide correctness
guarantees we observe that only 27% (for Deep]IT) and 9% (for
CC2Vec) of the predictions can be guaranteed, with a probability of
95%, to be correct.

Accuracy alone does not imply practical usability.

The rest of the results can be found in our supplementary material.
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Table 2: CC2Vec: Rate of Informative CP Predictions

OPENSTACK QT
a %ss=1 Min-max STDev [ %ss=1 Min-max STDev
(0.05) 9% 92-170 14 8% 79-160 20
(0.10) 16% 158-299 23 17% 173-283 24
(0.15) 24% 262-433 26 24% 263-456 41

4.2 RQ2: Distribution of Informative CP

Predictions

In this RQ we look deeper into the informative prediction sets that
we obtained in RQ1, to investigate the distribution of informative
CP results across the class labels "defective” and "clean” respectively.

Table 3: Deep]JIT: Class Distribution of Informative CP Pre-
dictions

OPENSTACK

a #defective  #clean [ %defective  %clean
(0.05) 27 260 9 91
(0.10) 51 417 11 89
(0.15) 74 437 14 86

QT

a #defective #clean | %defective %clean
(0.05) 27 273 9 91
(0.10) 45 505 9 91
(0.15) 57 657 8 92

4.2.1 DeepJIT. Table 3 shows the distribution of informative CP
results (prediction sets of size 1) across both class labels. The left
side of the table shows the exact numbers of the instances whose
true class is "defect" and "clean". The right side of the table shows
the respective percentages.

Our findings reveal that CP generates informative prediction
sets that consist of approximately 12% of instances belonging to
the class "defective" for OPENSTACK dataset and approximately
9% of input instances belonging to the class "defective" for QT.

While these results might seem highly imbalanced, it is impor-
tant to consider the highly imbalanced nature of our experimental
datasets. For context, the OPENSTACK dataset comprises 13% "de-
fective" instances and 87% "clean" instances, while the QT dataset
consists of 8% "defective” instances and 92% "clean" instances.

To gain deeper insights into our results, we examine class-condit-
ional coverages (CCC) (see Section 2) to analyze how far can CP
deliver coverage for the different labels.

Due to the lack of space, the rest of the figures and results can be
found in our supplementary files on Github. The first thing that we
notice is that for QT and OPENSTACK, CP achieves almost exactly
the expected class-conditional coverage for both classes.

For instance, with the OPENSTACK dataset and a = 0.05, CP
achieves a CCC of 0.94 for the subset of instances labeled as "clean”
and 0.97 for the subset of instances labeled as "defective." In the
case of the QT dataset, CP achieves a CCC of 0.95 for the subset of
"clean" instances and 0.94 for the subset of "defective" instances.
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Figure 2: OPENSTACK: CP Class-conditional Coverage

Upon closer examination of class-conditional coverage, we ob-
serve two interesting phenomena:

1: Dispersion in Coverage Values. Analyzing individual exper-
iments, we observe that for both datasets, CP delivers coverage
values exhibit a higher dispersion (STDev) for instances labeled
"defective" (e.g.: for QT with a = 0.05, STD = 0.04) compared to
instances labeled "clean" (STD = 0.007). This observation supports
our hypothesis that dataset imbalance may contribute to increased
variability in the model’s accuracy and calibration set samples.

2: Higher Coverage for "Defective" instances in OPENSTACK. For
the OPENSTACK dataset, we observe higher coverage for the "de-
fective" class instances, compared to the QT dataset. A possible
explanation could be the fact that OPENSTACK has a larger per-
centage of "defective" class instances than the QT dataset. As such
the calibration subsets have a higher chance of containing enough
instances of the minority class, leading to a more accurate estima-
tion of the confidence quantile, and thus better coverage of this
class.

4.2.2 CC2Vec. Table 4 shows the distribution of informative CP
results across the class labels, for CC2Vec.

Table 4: CC2Vec: Class Distribution of Informative CP Pre-

dictions

OPENSTACK

a #defective  #clean | %defective %clean
(0.05) 36 1 97 3
(0.10) 64 2 97 3
(0.15) 82 6 93 7

QT

a #defective  #clean | %defective %clean
(0.05) 32 1 97 3
(0.10) 56 9 86 14
(0.15) 70 26 73 27

Our results show that CP generates informative prediction sets
that consist of approximately 94% of instances belonging to the class
"defective", for OPENSTACK dataset; and ~ 80% of the instances

belonging to the class "defective”, for the QT dataset.
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When compared to the experiments with Deep]JIT, we notice
that the results are almost flipped. As discussed in RQ1, Deep]JIT
and CC2Vec behave very differently in terms of the different errors.
Deep]IT delivers higher precision, meanwhile, CC2Vec delivers
much higher recall.

CC2Vec’s tendency to classify instances as "defective" appears
to influence the class distribution of informative CP results, result-
ing in a higher percentage of informative prediction sets for the
class "defective". Whenever CC2vec generates a false positive, CP
assigns a low confidence score to that prediction, resulting in a
prediction set of size 2. Consequently, when the predictive model
exhibits a tendency to classify instances into a specific class, CP
seeks to mitigate this tendency by reducing the overall number of
informative sets. As observed in RQ1, CP generates fewer infor-
mative predictions for CC2Vec. We also make the assumption that
CC2Vec’s inclination to classify instances as "defective" causes CP
to commit more errors on false positive instances.

For this reason, we further examine CP errors. More specifically,
we analyze instances where CP generated a prediction set of size 1
containing the incorrect label. Remember that CP can make errors
with « probability. As anticipated, for CC2Vec, CP predominantly
makes errors on false positive predictions. For CC2Vec trained with
QT, CP commits 100% of errors on false positive instances across
all values of a. Similarly, for CC2Vec trained with OPENSTACK,
CP commits errors on 95-100% of false positive instances for all «
values.

Result: CP generates informative predictions that cover both the
minority and the majority class labels. Nevertheless, dataset im-
balance and the tendency of a JIT predictor to classify instances
into a particular class will influence the class distribution of the
informative sets, reflecting and aligning with that specific tendency.

4.3 RQ3: Filtered-out False Predictions

Table 5: False predictions of DeepJIT & CC2Vec

Deep]IT CC2Vec
QT OPENSTACK QT OPENSTACK
FP FN|[FP FN [[FP FEN|[ FP FN
(Avg) [ 354 34 [529 25 [[ 808 3 [812 7
(Min) 304 29 | 437 12 601 625 2
(Max) | 414 38 | 658 42 || 1006 8 | 981 12
(STDev) | 21.5 1.8 | 46.2 6.3 839 1.6 | 68.9 2.1

Different from the previous RQs, in this research question we
investigate the instances for which CP generates a prediction set of
size 2, thus leading to practitioners rejecting the prediction of the
JIT predictor. Below we present the average rate of false positives
and false negatives (generated by Deep]IT and CC2Vec) that CP
filters out. We show the results for the different error thresholds we
experimented with, and the different datasets used for evaluating
the model.

4.3.1 DeepJIT. Table 5 outlines the rate of false positive (FP) and
false negative (FN) predictions that Deep]IT produces when trained
with QT and OPENSTACK. When Deep]IT is trained with the QT
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Table 6: DeepJIT: Filtered-out False Predictions
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of false positives generated by CC2Vec, this result underscores CP’s
effectiveness in filtering out false positives as well. Overall, these

OPENSTACK QT findings suggest that CP performs well in mitigating both false
d %FP_STDev | %FN STDev [ %FP STDev [ %FN _STDev positive and false negative predictions generated by CC2Vec.
(0.05) | 86 0.02 82 0.06 81 0.03 83 0.07 Result: Our experiments demonstrate CP’s capability in filtering
(0.10) | 74 0.03 65 0.07 63 0.05 >7 0-1 out both types of errors (FP & FN) produced by JIT defect predic-
(0.15) 60 0.04 62 0.08 42 0.06 34 0.09 . . e .
tors, suggesting that CP is a valuable approach for mitigating false

dataset, it produces an average of 354 FP and 34 FN predictions.
Conversely, when trained with the OPENSTACK dataset, it yields
an average of 529 FP and 25 FN. predictions. As can be seen from
Table 5, Deep]IT exhibits a higher variance, in terms of FP & FN,
when trained with OPENSTACK (STDev=46.2) compared to QT
(STDev =21.5). This observation also supports our above-mentioned
insights regarding the effect of data imbalance on the performance
of the JIT defect predictor.

Table 6 outlines the rates of FP and FN generated by Deep]IT,
which can be filtered out by CP. Notably, CP demonstrates its ef-
fectiveness in reducing both false positive and false negative pre-
dictions, especially for small values of a. As anticipated, with an
increasing error threshold, CP becomes less effective in filtering
out these errors.

An interesting observation is the similarity in the percentages
of filtered-out FP & FN predictions, indicating that CP could be
valuable in practice for mitigating both types of errors. It is crucial
to emphasize that CP, with a probability of 1-a, guarantees that
the true label is within the predicted set. Adhering to the error
tolerance «, CP does not filter out 100% of the FN & FP. If we set a
smaller a, CP would filter more false predictions, but at the cost of
producing fewer informative prediction sets.

4.3.2 CC2Vec. Table 5 outlines the rate of false positive (FP) and
false negative (FN) predictions that CC2Vec produces when trained
with QT and OPENSTACK. When trained with the QT dataset,
CC2Vec produces an average of 808 FP and 3 FN predictions. Con-
versely, when trained with the OPENSTACK dataset, it yields an
average of 812 FP and 7 FN. predictions. Compared to Deep]IT,
CC2Vec produces less FN, but also more FP. This further supports
our observation in RQ1 & RQ2 about the tendency of CC2Vec to
produce false positives, significantly more than Deep]IT.

Table 7: CC2Vec: Filtered-out False Predictions

OPENSTACK QT

a | %FP STDev | %FN STDev [ %FP STDev [ %FN STDev
(0.05) 90 0.02 100 0 90 0.02 95 0.2
(010) | 81 003 | 99 002 | 8 003 | 95 02
(0.15) 72 0.03 99 0.02 71 0.04 95 0.2

Table 7 shows the ratio of FP and FN predictions of CC2Vec,
that CP can filter out. We notice that CP can filter out up to 100%
(for OPENSTACK) and 90% (for QT) of the FN predictions, when
a = 0.05, and 95-99% of the FN for larger values of . This outcome is
expected, considering that CC2Vec yields very few false negatives.

In terms of false positive (FP) predictions, CP demonstrates the
capability to filter out up to 90% of FP instances for both OPEN-
STACK and QT when & = 0.05. Given the significantly high number
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predictions.

4.4 Validity risk

Internal validity The selection of the JIT- defect prediction tech-
niques, might introduce bias in our results. Thus, we experiment
with two different JIT defect predictors of different nature. Deep-
JIT leverages deep learning to improve prediction accuracy, and
CC2Vec leverages representation learning to better represent the in-
put data. CC2Vec is then combined with Deep]IT to improve defect
prediction accuracy. We run the code of the original papers, to make
sure that they deliver the accuracy levels reported in the original
papers. We followed the replication documentation for the GitHub
repositories of the respective JIT defect prediction technique to run
the code. We obtained the same results as reported in the original
publications.

The stochastic nature of the JIT defect predictors might introduce
variance in the obtained results, affecting the internal validity. To
account for this risk, we repeat each experiment 100 times and we
make available the results of all individual experiments.
Construct validity CP requires data exchangeability. Exchange-
ability is a weaker notion of independent identically distributed
(ii.d.). In simple terms, exchangeability means that the order of
the variables does not affect their joint distribution [43]. Given
that i.i.d. is a requirement for applying ML to a dataset, we assume
that our data are also exchangeable since every i.i.d sequence is
exchangeable [50]. Nevertheless, we follow the guidelines of Shafer
& Vovk by randomly permuting all variables, to create an order in
which the sequences become inherently interchangeable. Accord-
ing to the law of large numbers, as we traverse sequences in the
permuted order (to calibrate CP and evaluate it), CP commits errors
at a consistent rate, approximately equal to the expected « [50].

Anotbher risk can arise from the usage ICP algorithm, which is an
approximation version of TCP. As such it might not provide exactly
1-a coverage. Vovk et al. show that ICP offers enhanced compu-
tational efficiency while maintaining (almost) identical coverage
compared to the original CP algorithm [43]. They state that the
choice of the algorithm does not affect the validity of the obtained
results, for as long as we can show that it achieves the desired mar-
ginal coverage 1 - @, and it is adaptive (see Section 2). To account
for this risk we validate our ICP implementation by checking for
adaptivity and coverage [1]. We repeat the experiments 100 times
and plot the results of the coverage for all our runs. We expect the
histogram of the coverage values to be centered around approxi-
mately 1 — a. Slight variations in the observed coverage are normal,
due to the fact that our data and the number of repetitions are finite
[1]. Our results (see supplementary documents) show that the ICP
algorithm delivers the expected adaptivity and marginal coverage.
The histogram in Figure 1, shows that our conformal prediction
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model produces prediction sets with different sizes, indicating that
the implemented ICP is adaptive, and thus working as expected.

External validity We only experimented with two datasets and
two JIT defect prediction techniques, thus we can not ensure gener-
alizability with other JIT defect prediction techniques and datasets.

5 DISCUSSION

Our results suggest that obtaining guarantees for JIT defect predic-
tion techniques, with very small residual error, comes at the cost of
rejecting many predictions for which prediction certainty can not
be established.

On one hand, these outcomes suggest that prediction accuracy
might not be sufficient to properly evaluate JIT defect predictors.
On the other hand, the predictions that are retained, for which
guarantees can be provided, may still be helpful for practitioners.

JIT defect prediction techniques. The outcomes of our experiments
reveal that, for different JIT defect prediction techniques, CP gener-
ates distinct rates of informative predictions, even when applied to
the same datasets. It is noteworthy that a higher AUC score does not
necessarily correlate with more informative results. Additionally,
we observe that the tendency of a JIT predictor to classify instances
into a specific class significantly impacts the class distribution of
informative CP results. This observation underscores the impor-
tance of considering the inherent tendencies of JIT predictors when
evaluating the rate of informative prediction generated via CP.

Datasets. Our results suggest that for small « values, the differ-
ences in the dependent variables are negligible for different datasets.
These results indicate that only for a small fraction of the instances,
JIT defect predictors can make predictions for which CP assigns a
high confidence score. Additionally, we observed that the dataset
imbalance can be projected in the distribution of informative CP
results across the class labels.

Error thresholds. With a larger a, we observe that CP generates
more informative prediction sets, but also filters out fewer false
predictions.

Table 8: Filtered-out True Tredictions

Deep]IT with QT ~ CC2Vec with QT
a mean (%) STDev l mean (%) STDev ‘
(0.05) 43 62 37 79
(0.10) 39 65 34 71
(0.15) 17 56 32 56

CP is capable of filtering out false positives and false negatives,
indicating that it might be a valuable tool for generating prediction
guarantees in JIT defect predictors. However, it is important to
recognize that CP does not filter out only false predictions but also
discards some true predictions. Table 8 illustrates the mean rate and
standard deviation of the true predictions of Deep]IT (on the left)
and CC2Vec (on the right) that CP filters out for different values
of a. Consequently, a thoughtful selection of the error threshold
alpha is recommended, ideally tailoring it to the specific domain of
the application. Furthermore, it might be beneficial to differentiate
between various types of defects and establish an error threshold
accordingly.
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Another important consideration for the successful implemen-
tation of CP in JIT defect predictors is the choice of the non-
conformity score function. In this study, we used a generic and
commonly used non-conformity score function as a naive baseline.
Customizing this function based on a better understanding of the
data may yield improved results in terms of informative prediction
sets. Thus leading to a more efficient filtering of the defect pre-
dictor true predictions. One might also differentiate between the
type of errors, to obtain a more selective filtering of false and true
predictions.

The JIT defect prediction models used in this study produce a
probability (sigmoid) score that is used to make a prediction. We
use this score as an input for our non-conformity score function.
However, a better uncertainty quantification heuristic may better
reflect the model’s understanding of the data patterns, leading to a
higher rate of informative prediction sets.

5.1 Future directions

Existing JIT defect prediction techniques continuously report com-
petitive accuracies in research. Nevertheless, these techniques need
to be evaluated in other dimensions apart from accuracy, to ensure
take-off and acceptance in practice. No matter how good a new JIT
defect predictor is, it will always exhibit some degree of uncertainty,
leading to false predictions. False predictions may lead to enormous
consequences in practice, thus researchers should consider how to
evaluate JIT-defect prediction tools in more practical ways.

Recent approaches have proposed to also take into considera-
tion the amount of effort needed to inspect the predicted defective
change. These approaches are called effort-aware JIT defect predic-
tion. They typically quantify effort in terms of the total number of
changed lines of code and use this score to order or rank the soft-
ware changes so as to prioritize defect density, or inspection effort,
or to find a trade-off between them [21, 62, 67]. While considering
effort in fault prediction is a useful aspect, the proposed approaches
do not provide guarantees that the effort-aware JIT predictions are
actually correct.

Complementing the individual predictions made by JIT defect
predictors with confidence guarantees is desirable, to build trust
for the practitioners.

The next step could then be to use explainable AT (XAI) to help
developers better understand the predictions of these techniques.
For e.g., using contrastive explanations might help practitioners
understand the prediction and also guide them on how to fix the
defect(s). In a study by [19], the authors found that practitioners
regard contrastive explanations as convenient and helpful.

6 RELATED WORK

Researchers have proposed several approaches that aim to improve
the accuracy of JIT defect predictors:a) by analyzing which input
artifacts, i.e., proposing change metrics that are better predictors of
defects [31, 32, 48], b) by introducing better data representation ap-
proaches [15, 68], ¢) by improving the quality of the datasets [7, 47],
or d) by leveraging better ML/DL algorithms [14, 46, 61]. Neverthe-
less, these approaches improve accuracy but do not provide any
correctness guarantees for the specific predictions.
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Ensemble models have also gained great popularity in JIT-DP
community. Yang et al. [60] and Zhang et al. [66] employ ensemble
methods to improve within-project and cross-project JIT defect
prediction accuracy. Aside from the improved accuracy and more
stable results, ensemble methods can also provide prediction inter-
vals instead of single-point prediction. However, intervals do not
provide any guarantees about the accuracy of the predictions.

Mesquita et al. construct a defect predictor with a reject option
[35]. They train two classification models and compare their predic-
tions to derive the predicted label. If the models disagree they reject
the prediction, i.e., no prediction is made. The authors extract the
predictive model’s output probability score and use it to represent
the model’s confidence. As mentioned above, this heuristic is not a
reliable confidence score, and it can often be misleading.

Guo et al. address the uncertainty associated with automatically
labeling commit changes by employing the widely recognized SZZ
algorithm [11]. They introduce the CLI model, Confidence Learning
Imbalance, which identifies labels predicted with low confidence
and quantifies the level of uncertainty through a probability matrix.
However, it’s worth noting that the authors do not measure or
address the uncertainty of the JIT defect predictor trained with the
cleaned data.

Stepping away from just-in-time (JIT) defect prediction and
examining the broader landscape of defect prediction research,
various studies address uncertainty at distinct stages of constructing
defect predictors. These stages include the data level, training level,
and prediction level.

Research on uncertainty at the data level primarily addresses
uncertainties introduced during the measurement and gathering
process of the data. Azzeh et al. employ gray relational analysis
(GRA) and fuzzy set theory (FST) to mitigate the level of uncertainty
in defect datasets [2]. In other studies, a combination of uncertainty
sampling and active learning is employed to manually label in-
stances for which the predictive model exhibits high uncertainty
about the correctness of the predicted label [30, 63].

Bowes et al. assess uncertainty at the training level by measur-
ing the uncertainty of different classifiers in terms of label-flipping
(i.e., changing the prediction), among 100 training runs [6]. Shahini
et al. measure the uncertainty of defect predictors across identi-
cal training runs, stemming from the inherent non-deterministic
introducing factors present in the ML models[51].

Research on uncertainty at the prediction levels primarily re-
volves around the selection of predictive models capable of comput-
ing a posterior probability as an estimate of uncertainty. Bayesian
methods are commonly employed for this purpose [9, 12? ]. Ad-
ditionally, some studies focus on models that calculate prediction
intervals to illustrate the uncertainty associated with a specific
prediction [4, 5, 22].

7 CONCLUSION

In this study, we use conformal prediction (CP) to generate cor-
rectness guarantees for the predictions of two state-of-the-art JIT
defect prediction techniques. Specifically, we make the following
contributions:

o We demonstrate how conformal prediction can be applied to
defect prediction, using 2 state-of-the-art defect prediction
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techniques, to complement individual predictions with their
respective confidence levels.

e We empirically evaluated how useful the selected defect pre-
diction techniques are in practice by measuring the rate of
the prediction whose correctness can be guaranteed, given a
desired error threshold, a. We experiment with three differ-
ent o values.

e We analyzed how far can CP provide coverage to both the
majority and the minority classes of the data, to account for
data imbalance.

e We measured the added value of complementing JIT defect
prediction with CP by measuring how many false positives
and false negative predictions can we avoid.

e We evaluate our results using two publicly available datasets.

e To support open science, we publish our implementation
and results.

Our results show that achieving high accuracy does not nec-
essarily mean that the predictions generated by these techniques
are practically useful. Our experiments show that CP can ensure
correctness with a 95% probability, for only 27% (for Deep]IT) and
9% (for CC2Vec) of the JIT defect predictions. While the rate of
informative predictions that CP generates for the selected JIT de-
fect predictors is not very high, these results are still better than
having predictions without any guarantees. It can still be useful for
a practitioner to obtain a fraction of predictions that are guaranteed
with a probability of 95% to be correct.

CP generates informative predictions that cover both the minor-
ity and the majority class labels. Nevertheless, a) dataset imbalance
and b) the tendency of a JIT predictor to classify instances into a par-
ticular class will influence the class distribution of the informative
sets, reflecting and aligning with that specific tendency.

Lastly, our experiments indicate that CP might be a valuable
technique for filtering out the false predictions of JIT defect pre-
dictors. CP can filter out up to 100% of false negative predictions
and 90% of false positives generated by CC2Vec, and up to 86% of
false negative predictions and 83% of false positives generated by
Deep]IT, as such it may be valuable in practice.

Based on this study outcomes, we strongly recommend researchers
and practitioners to consider combining conformal prediction with
just-in-time (JIT) defect predictors for improved recall and precision.
The integration of conformal prediction with JIT defect predictors
does not impose significant additional efforts in the development
of a JIT defect predictor. However, the provision of predictions
accompanied by correctness guarantees can be instrumental in
minimizing costs associated with defects.

7.1 Future work

In our future work, we aim to enhance the generalizability of this
study by expanding our assessment to include other just-in-time
(JIT) defect prediction techniques. Additionally, we plan to explore
alternative methods to increase the rate of informative predictions
generated by conformal prediction (CP) and particularly minimize
the rate of filtered true predictions, by experimenting with different
non-conformity functions.

Moreover, our future work will involve utilizing CP not only for
assessment but also as a complementary approach to JIT defect
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predictors. Thus, we plan to explore different ways how to lever-
age CP for its capabilities in providing confidence guarantees and
improving the overall robustness of JIT defect predictors.

8 DATA AVAILABILITY

To adhere to the open science policy we make our implementa-
tion, additional scripts, and obtained results used in this study
publicly available. For our experiments, we use two publicly avail-
able datasets 7. Our implementation and experimental results are
made available in GitHub 2.
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