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Abstract—In cross-version defect prediction (CVDP), histor-
ical data is derived from the prior version of the same project
to predict defects of the current version. Recent studies in
CVDP focus on subset selection to deal with the changes of the
data distributions. No prior study has focused on training data
arriving in streaming fashion across the versions where the
significant differences between versions make the prediction
unreliable. We refer to this situation as Drift Propensity
(DP). By identifying DP, necessary steps can be taken (e.g.,
updating or retraining the model) to improve the prediction
performance. In this paper, we investigate the chronological
defect datasets and identify DP in the datasets. The no-memory
data management technique is employed to manage the data
distributions and a DP detection technique is proposed. The
idea behind the proposed DP detection technique is to monitor
the algorithm’s error-rate. The DP detector triggers DP, warn-
ing, and control flags to take necessary steps. The proposed
technique is significantly superior in identifying the distribution
differences (p-value < 0.05). The DP’s identified in the data
distributions achieve large effect sizes (Hedges′g ≥ 0.80) during
the pair-wise comparisons. We observe that if the error-rate
exponentially increases, it causes DP, resulting in prediction
performance deterioration. We thus recommend researches and
practitioners to address DP in the chronological datasets. Due
to its potential effects in the datasets, the prediction models
could be enhanced to get the best results in CVDP.

Keywords-software defect prediction, cross-version defect
prediction, drift propensity, streaming data, two-window-based
data distributions

I. INTRODUCTION

Software defect prediction (SDP) is nowadays pervasive

in both software engineering (SE) academia and industry

[1]. The SDP models classify the modules that are likely to

be faulty [13]. Efficient identification of defective modules

help to allocate the testing resources [2]. It is inevitable to

identify the faulty modules for producing a quality software

product [3, 15].

In the past decade, several prediction models including

machine learning and statistical approaches have been pro-

posed [4–8]. Traditional SDP models utilize the historical

data to predict defects of the unlabeled data [9]. For within-

project defect prediction (WPDP), prediction models are

trained on labeled data and tested on the unlabeled data

within the same project. In WPDP, cross-validation tech-

niques are used to partition the training and test datasets

within the same project’s version, and moreover, is called

inner-version defect prediction (IVDP) [12]. However, the

development of software projects are becoming more sophis-

ticated and the development process experiences frequent

changes over time [10]. For the projects with multiple

versions, the prediction model is more appropriate if the

training data is obtained from the previous version and

conducts the prediction of the upcoming version. This is

called cross-version defect prediction (CVDP).

The software development environment is an evolving

process where a mature project undergoes multiple changes

by incorporating new requirements when the version is up-

dated [10]. During this process, the updated version becomes

more complicated due to refactoring and module deletion

from the previous version. This causes distribution differ-

ences among the versions of the software project [11, 12].

The studies of [11, 12, 31] argued that the data distribution

differences among the versions make the prediction results

misleading. Dong et al. [13] affirmed that the prediction

results of a well-trained prediction model could be inaccurate

if the historical data differs over time. However, in the

domain of SE prediction research, not many researchers have

investigated it. In the CVDP setting, it is recommended by

the studies of [11, 12, 31] to consider the previous version

of the contemplated project as a training dataset for getting

a better prediction since the prior version yields the related

distribution information [14]. These studies noticed a certain

degree of differences in the data distributions, which impacts

the prediction performance.

Recent studies of Xu et al. [31–33] considered the issue

of data distribution differences of the versions for CVDP.

However, no studies considered that data comes in streaming

fashion, taking all the versions into account in the context of

CVDP. According to streaming data analytics, the learning

process becomes more complicated due to the non-stationary

environment leading to changes in data distributions [24].

The changes in data distribution are referred to as concept

drift in the field of data stream mining [16]. Ekanayake et

al. [17, 18] investigated the phenomenon of concept drift

and conducted an empirical study to assess the reason why

the prediction accuracy fluctuates in SDP. However, the

studies of [17, 18] mainly focused on finding the location
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of significant changes in data distribution and not compre-

hensive in the context of CVDP. In our prior work [19], we

assessed the significant effect of concept drift and provided

a systematic study of the impact of concept drift in SDP.

To the best of our knowledge, this is the first attempt to

consider the data that comes in streaming fashion. We refer

to this situation as Drift Propensity (DP): significant changes

in data distribution among the versions and if the DP is

not addressed in the data distribution, it results in poor

prediction performance. Identification of DP is essential to

take necessary steps for improving prediction performance

in the cross-version scenario. Since the differences of data

across the versions have adverse influences on the prediction

performance of CVDP.
In this work, we address the concern as DP and propose

a DP detection technique that identify the DP’s in the

chronological defect datasets. By recognizing DP’s in the

datasets, practitioners could take necessary steps to enhanced

the prediction results. We conduct an empirical study on

26 versions of six projects from the PROMISE repository

to evaluate the effectiveness of our proposed DP detection

method.
We highlight the main contributions as follows:

1) We propose a DP detection method potentially identi-

fied the DP’s where the prediction accuracy varies in

the versions during the learning process. We trigger

three flags (i.e., DP, warning, and control flag) to take

necessary steps during the DP detection process.

2) We provide analysis by performing experiments on

26 versions of six benchmark datasets. To our best

knowledge, this is the first effort to identify DP by

conducting experiments in the cross-versions defect

datasets.

3) We employ fisher’s based statistical test to identify

the significant DP values during the detection process.

Furthermore, we use the scheme of two-window-based

data management technique to manage the versions

and to create the scenario of cross-version.

4) The effect size computation for the pair-wise compar-

ison, Hedges’g, ensures that the identified DP’s are

meaningful and practically significant. Based on the

results, we observe that an exponential increase of

the error-rate addresses the DP’s in the chronological

defect datasets.

We inspire the use of proposed technique to detect DP

in the chronological defect datasets for CVDP. Further, the

DP ’s are critical to classification problem due to inequality

in the decision boundary, thereby influences the classifi-

cation performance. By identifying DP, the classification

performance could be improved. The exponential increases

of error-rate cause DP in the versions of software defect

datasets and consequently exhibit poor prediction perfor-

mance.
The rest of this paper is structured as follows. Section II

describes the related work on CVDP. Section III presents

the definition of DP. The two-window-based DP detection

process is described in section IV. We introduce fisher’s

based statistical significant DP detection process in the

section V. In section VI, we determine the configuration

settings of our experiment. We outline the experimental

results in section VII. Section VIII points the potential

threats and section IX concludes this work by outlining

future direction.

II. RELATED WORK

CVDP has drawn high interest because of its applicability

to the real development scenario where the previous version

is used to predict defects in the current version of the same

project, and distribution differences among the versions

influence the prediction performance. However, not many

researchers have considered it.

Yang and Wen [34] examined the ridge and lasso re-

gression model for investigating the performance of CVDP.

By employing 11 projects with 41 versions, they tried to

find the strong correlations among the predictors and found

the existence of multicollinearity in the considered datasets.

Their work focused on ranking the defects. They avoided

the task of feature selection and specified that it loses the

information during the selection process. However, they

didn’t focus on the issue of data distributions differences,

which affects prediction performance.

Shukla et al. [14] considered CVDP in their experiment

and explained it as the problem of multi-objective optimiza-

tion with two objectives: maximizing recall with minimizing

the cost of misclassification and quality assurance. They

studied 11 projects containing 41 versions and revealed

that the multi-objective regression outperformed the single-

objective regression. This study didn’t focus on the distri-

bution differences among the versions in CVDP, and it’s

applicability of building prediction models in cross-version

settings.

Bennin et al. [20] performed cross-release performance

evaluation of 25 software projects comprised of only two re-

leases by considering Norm(Popt) effort-aware performance

measure where M5 and k* outperformed 9 other prediction

models. They observed the strong correlation between the

accuracies for intra-version and cross-version. However, the

conducted 11 models were not statistically significant. This

study also didn’t consider the distribution differences among

the releases that make the prediction accuracies outdated.

Lu et el. [21] considered the data distribution differences

and performed feature selection task by using active learning

method for CVDP and tried to alleviate distribution differ-

ences. However, the selected modules were unable to act as

representative modules of the recent version as claimed by

Huang et al. [23].

Xu et al. [33] developed a framework by combining

principal component analysis and hybrid active learning
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for selecting informative and representative modules from

the current versions and tried to alleviate the distribution

differences. By experimenting on ten projects comprising

of 31 releases, they attempted to improve the prediction

performance and further improved the work of Lu et al. [21].

In this work, the selected modules were added to previous

versions, which required extra effort in labeling the modules.

Later, Xu et al. [32] proposed a subset selection technique

based on dissimilarity for CVDP. They selected the repre-

sentative modules from the previous version and combined

them with current versions. In the work of [33], they chose

the modules from the current version and added them to

the prior release by using a hybrid active learning approach.

Similar to the work in [32], they selected the modules from

the previous version and added them to the current version.

In both ways, they tried to alleviate the distribution differ-

ences by combining the selected modules to previous and

current version accordingly. However, it requires extra effort

to label the selected modules in the combining procedure.

The studies of [14, 21, 34] developed the prediction model

for cross-version projects by using all the modules of the

previous version without taking the issue of distribution

differences into account. Besides, the studies in [31–33] used

data selection methods to alleviate the distribution differ-

ences. For combining the selected modules to the considered

versions for training the model, it requires extra effort during

the adding process. None of these studies considered that the

data across the versions come in streaming fashion, where

data drifting within the versions can influence the prediction

performance in cross-version settings.

III. DRIFT PROPENSITY

This section provides a formal definition of drift propen-

sity (DP), which may manifest in various ways in the data

distributions.

DP describes unforeseeable variations in the data distri-

butions by changing the statistical properties over time. The

changes might occur for the hidden changes of variables.

Formally, DP can be defined as follows: for a classification

problem, given in a time period (0, t), with a set of data

samples D(0,t) = {d0, d1, ..., dt} in which each instance

d contains (X, y) where X is feature with the class label

(y ∈ Y ). DP occurs at the time t, if the distribution of

D(0,t) is significantly different from the D(t+1),∞(X, y)
as simply defined as D(0,t)(X, y) �= D(t+1),∞(X, y). DP

is critical for classification problem. Particularly, in cross-

version defect prediction, the data distribution comes over

time and trained data is derived from the previous version

of the defect datasets where current version is considered

as test data. DP creates such differences that may lead to

inequality in the decision boundaries, thereby decreasing

learning accuracy.

In the data distributions, DP can occur by changing the

probability F of X and y at time t. Fig. 1 portraits how

Figure 1. DP detection in target feature space by changing the decision
boundary. White circle and diamond are the two class labels at time t where
black circle and diamond of class labels at time (t+ 1).

DP occurs in a feature space. It may occur in the following

ways (Fig. 1):

1) Feature Space DP: The decision boundary of

Fig. 1(a) and Fig. 1(b) remain unchanged though

Ft(X) �= Ft+1(X). In this case, Ft(X) and

Ft+1(y|X) are same.

2) Decision Boundary DP: In Fig. 1(c), DP causes

by changing the decision boundary where Ft(X) �=
Ft+1(y|X). In this case, Ft(X) and Ft+1(X) are

same.

3) Feature Space with Decision Boundary DP: In

Fig. 1(d), DP occurs for the both cases, changing the

feature space with decision boundary where Ft(X) �=
Ft+1(X) and Ft(X) �= Ft+1(y|X).

IV. DP DETECTOR

In this paper, we propose a DP detection technique to

compare the two consecutive data distributions. As a base

learner, we use naı̈ve Bayes (NB) in our experimental

study. For detecting DP in the chronological software de-

fect datasets, we assume that the data comes in streaming

fashion. In our proposed DP technique, we assume the two

consecutive versions of a software project as two-window-

based data distributions that arrive over time. In the CVDP,

the prior version of a software project is considered as histor-

ical data, and the model is built on that data to predict defects

for the next release of the software project. We employ the

scheme proposed by drift detection method (DDM) [22]

to identify DP in the chronological defect datasets in the

CVDP settings. The idea behind the method is to monitor the
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algorithm’s error-rate. If the difference between two adjacent

versions of defect datasets is significant, it indicates DP that

exits in the examined versions. The remedy is to retrain or

enhance the model again to get better performance.

In this method, we assume that the data comes over time.

We observe the error-rate (r) from the incoming n data

samples that contains the number of instances i. The data

comes at time t with standard deviation di =
√
ri(1− ri)/i.

The DP detector stores the values of error-rate ri and

standard deviation di during the learning process. When the

new window arrives, the model is built and stored the error-

rate with its standard deviation. The DP detector manages

two registers for minimum values of error-rate rlow and

standard deviation dlow. From the stored error-rate ri and

standard deviation di, the detector compares with rlow and

dlow to the target version of datasets. This comparison

helps to identify the data distribution differences of the the

adjacent defect datasets. During the detection process, the

DP detector triggers three flags to identify the DP in the

data distributions: DP flag, warning flag, and control flag.

As suggested by Gama et al. [22], the flag of DP is triggered,

if ri + di ≥ rlow + 3dlow and warning flag is triggered, if

ri+di ≥ rlow+2dlow. DP flag indicates that DP is detected,

where the necessary actions are imminent to achieve more

reliable prediction performance. By triggering the warning

flag, it implies that the target distributions will tend to be

drift. Otherwise, the distribution is stationary by triggering

the control flag. If the DP exits on that version, the current

model will be outdated, and it needs to be retrained or

updated. Thereby, DP is detected by processing the data that

arrives in bundles.

Algorithm 1 presents the pseudo-code of DP detector. The

model is built on the old window Ot and tested on recent

window Rt based data distributions. DP detector detects the

differences in data distributions by treating the data as chunk

by chunk. However, error-rate is calculated ri with standard

deviations di (lines 2 to 5) of the considered versions of the

defect datasets. The minimum values of error-rate rlow and

its standard deviation dlow are kept in register to compare

it with the recent values. In this DP detection settings,

more than two versions are considered for this learning

process and also to make the scenario of cross-version of

the software project. The DP detector triggers the flags to

identify DP in the data distribution by executing lines 7 to

13.

V. FISHER’S BASED STATISTICAL SIGNIFICANT DP

DETECTION

Fisher’s Exact test is proposed to analyze contingency

table and considered as exact test [25]. This test doesn’t lose

precision because it is not dependent on approximation and

is not influenced by data behavior (e.g., imbalanced data)

[26]. This test can be applied to analyze m×n dimensional

Algorithm 1 Outline of DP Detector

Input:

The old window Ot and recent window Rt

Learning algorithm L
The sample of train and test i
Result:

DP Fdp, Warning Fw and Control Fc.

Process:

1: for t = 1, 2, ... do

2: Build the learner on Ot

3: Learner predicts on Rt

4: Calculate error-rate ri
5: Calculate di =

√
ri(1− ri)/i

6: Store ri, di and find the minimum error-rate rlow and

standard deviation dlow during the process

7: if (ri + di ≥ rlow + 3dlow) then

8: Fdp detected // DP flag

9: else if (ri + di ≥ rlow + 2dlow) then

10: Fw detected // warning flag

11: else

12: Fc // control flag

13: end if

14: end for

tables. It is generally used 2× 2 contingency tables, which

fit the case of two-window-based data distribution.

Assume, we have two distributions which indicate two

windows: recent window and old window. The confusion

matrix for the recent window and old window is given below

(e.g., in Table I and II).

Table I
FOR RECENT WINDOW

Positive
Prediction

Negative
Prediction

Actual Positive q1 r1

Actual Negative s1 t1

Table II
FOR OLD WINDOW

Positive
Prediction

Negative
Prediction

Actual Positive q2 r2

Actual Negative s2 t2

The primary reason for adopting a statistical test is to

ensure that DP is not caused by sampling error and the

DP value is statistically significant. Fisher’s Exact test is

implemented for the two-window-based data distributions

using the 2 × 2 contingency tables presented in Tables I

and II and explained below.

Given labeled datasets Xi and Xj are transformed into
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Table III
ADAPTED GENERALIZED CONTINGENCY TABLE FOR RECENT AND OLD

WINDOW

Labels Recent window Old window Total

# Errors s t s + t

# Correct Classes q r q + r

Total q + s r + t q + r + s + t

vector space Vi = (q1, r1, s1, t1) and Vj = (q2, r2, s2, t2)
of the recent and old window, accordingly in Table I and

II. Most classification models are assessed employing a

confusion matrix. Two-window-based data distributions (i.e.,

recent window and old window) where four types of out-

comes are achieved as follows: q1, q2 are the faulty instances

that are correctly classified as faulty; s1, s2 are non-faulty

instances incorrectly classified as faulty; r1, r2 are the faulty

instances incorrectly classified as not faulty; t1, t2 are non-

faulty instances classified as not faulty. Therefore, for the

recent window, the total number of correct classification

q = q1 + t1 and misclassification s = s1 + r1. For the old

window, the total number of correct classification r = q2+t2
and misclassification t = s2 + r2.

In the Eq. 1 and 2, p denotes as probability matrix of

any event, m = 1 − p, and ! is factorial of the data. From

the Table III, the t occurrences in the independent events of

s + t can be expressed by ((s + t)!/(s! × t!)) ×ps × mt.

Similarly, the events of probability q in q+r is determined by

((q+r)!/(q!×r!))×pq×mr. According to 2×2 contingency

table, the probability of the two windows can be presented

by the Table III and determined by the Eq. 1. By using the

combined analysis, Yates [27] and Fisher [26] proved that

the Eq. 1 could be formed by the Eq. 2.

p =
(q + r)× (s+ t)!

q!× r!× s!× t!
× pq+s ×mr+t (1)

p =

(
q+r

q

)
×

(
s+t

s

)
(

n

q+s

)
=

(q + r)!× (s+ t)!× (q + s)!× (r + t)!

q!× r!× s!× t!× n!
(2)

Assuming, the null hypothesis is that the distribution on

both windows Xi and Xj is not similar if and only if

the observed p − values are less than the significant level.

Furthermore, our concern is to check if the windows are

affected by the DP or not. The null hypothesis that the

error of both windows should be rejected if and only if the

observed values of p (0.05) are less than at 5% significant

level.

We calculate the p− values from the Eq. 2.The factorial

functions of each item from the data distributions [0...n]
where n is the seen examples. As suggested by Lu et al.

[24], the size of the window can be determined by the user.

For simplicity, without discarding any instance, we consider

the full data of the two consecutive versions as old and new

window of the data distributions. Thus, we implement the

Fisher’s Exact test for two-window-based data distributions

to identify the significant DP of the considered datasets.

VI. EXPERIMENTAL METHODOLOGY

In this section, we describe the experimental configura-

tion in detail containing the chronological software defect

datasets, and the illustration of the DP detection process

with the data management technique.

A. Benchmark datasets

In this empirical study, we consider 26 versions of six

benchmark datasets extracted from the PROMISE Repos-

itory which were provided by Jureczko and Madeyski

[29, 30]. These datasets have been used in the studies of

CVDP [31–34]. The statistics of the considered datsets are

shown in Table IV where #Modules, #DefectiveM, and

%DefectiveM denote the number of modules, the number

of faulty modules, and the ratio of defect, respectively. This

study requires datasets that include several versions of the

same projects to prepare the scenario of CVDP. The datasets

comprise modules where each module is characterized by

the label of defective or non-defective with 20 static code

software metrics (Table V).

Table IV
SUMMARY OF SELECTED DATASETS EXTRACTED FROM PROMISE

DATA REPOSITORY

Project Version #Modules #DefectiveM %DefectiveM

ant

1.3 126 20 15.9%
1.4 178 40 22.5%
1.5 293 32 10.9%
1.6 352 92 26.1%
1.7 745 166 22.3%

camel

1.0 339 13 3.8%
1.2 608 216 35.5%
1.4 872 145 16.6%
1.6 965 188 19.5%

jedit

3.2 272 90 33.1%
4.0 306 75 24.5%
4.1 312 79 25.3%
4.2 367 48 13.1%
4.3 492 11 2.2%

poi

1.5 237 141 59.5%
2.0 314 37 11.8%
2.5 385 248 64.4%
3.0 442 281 63.6%

xalan

2.4 723 110 15.2%
2.5 803 387 48.2%
2.6 885 411 46.4%
2.7 909 898 98.8%

xerces

init 162 77 47.5%
1.2 440 71 16.1%
1.3 453 69 15.2%
1.4 588 437 74.3%
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Table V
DESCRIPTION OF METRICS USED IN THE CHRONOLOGICAL DEFECT

DATASETS

Abbreviation Description

WMC the sum of weighted methods in a class

DIT the level of depth of inheritance tree for a class

NOC the number of direct successor of a class

CBO the number of coupling classes between objects

RFC
the number of methods responded from where
received messages

LCOM the set of methods not related to share the class fields

Ca the number of other classes uses the specific class

Ce the number of other classes are used by specific class

NPM the number of declared public methods

LCOM3 a variant of LCOM

LOC the number of line of code

DAM the number of protected attributes declared

MOA measuring the part-whole relationship

MFA
measuring the number of methods inherited meaning
functional abstraction

CAM cohesion among methods of class

IC inheritance coupling

CBM
measuring the number of methods where methods are
coupled

AMC average method complexity

MaxCC
the maximum values of cyclomatic complexity of
methods in a class

Avg(CC)
the average number of arithmetic mean of
cyclomatic complexity of methods in a Class

BUG bugs in the class

B. Evaluation setup

In this section, we describe the evaluation process of our

empirical study. Learning from such environment where the

data comes over time is very challenging task [28]. In data

stream mining, the drift detection techniques are limited, in

the sense that the methods are performed over every data

instance in the streaming and are threshold dependent [35].

Table VI
CONFUSION MATRIX SETUP FOR TWO-CLASS PROBLEM

Predicted
Positive

Predicted
Negative

Actual Positive TP FN

Actual Negative FP TN

However, this study uses the DP detection process (see

Section IV) to identify the DP in the chronological datasets.

Following the DP detector method, error-rate is computed

for each version by building the prediction model where train

data is used as previous version and tested the classification

model on the new version. Most of the models are evalu-

ated from the confusion matrix and error-rate is computed

described in Table VI where error− rate = 1− accuracy.

Accuracy is computed as
(TP+TN)

(TP+TN+FP+FN) where True

Positives (TP) are the defective modules that are correctly

classified, False Positives (FP) are the non-defective modules

that are incorrectly classified, True Negatives (TN) are the

non-defective modules as non-defective, and False Negatives

(FN) are the defective modules that are incorrectly classified

as non-defective, respectively.

Train Data

Test Data

ve
rs

io
n

Version 2 Version 3

Version 3 Version 4

Version 4 Version 5

Version 5 Version 6

Version 1 Version 2

time

Train Data

Test Data

Version 5 Version 6Version 4Version 3Version 2Version 1

Figure 2. Adopted no-memory data management approach to manage the
versions of the chronological defect datasets.

Prediction 
model

Incoming 
version

Testing data

Chronological 
datasets

Next version

Evaluation 
prediction

DP detector

DP state

Previous version

Figure 3. Evaluation process

Our proposed DP detection approach operates the data

based on the two-window-based data management tech-

nique. We adopt the data processing scheme of no-memory

data management technique to handle the data and execute

it as two-window (see Fig. 2). In Fig. 2, versions of the data
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distributions that shifts over time are observed by modifying

the version update. Cross-version scenario is designed by

considering the two adjacent versions as portrayed in Fig. 2.

As an example, the model is trained by employing poi 1.5

and tested on poi 2.0. Our evaluation process adopts the

single base learner naı̈ve Bayes (NB) to compute the error-

rate. The evaluation process is illustrated in Fig. 3. In the

learning process, error-rate is monitored by triggering the

flags as proposed in Algorithm 1. As mentioned above,

the proposed DP detector triggers three flags values. By

triggering the DP flag, it implies that DP is detected in the

examined version, where the necessary steps (e.g., updating

or retraining the model) are imminent to obtain more reliable

prediction performance. By triggering the warning flag, it

suggests that the target distributions will tend to be drift.

The control flag determines the stability of the environment

(i.e., the distributions do not change over time). By executing

fisher’s based statistical significant test (Section V), we

ensure that the DP’s are not caused by sampling error, but

they are statistically significant as well.

C. Effect size computation for two-sample case

Effect size (ES) is considered as a quantitative measure

of magnitude that has been applied in many studies of

behavioural science [36]. Carl et al.[37] recommended the

use ES in empirical studies to obtain practical significant,

and meaningful results.

Moreover, the conclusion extracted from hypothesis test-

ing might be imprecise because of the sufficient number

of experimental subjects and the p − values may also

become inaccurate. Thus, weak inferences are not evaluated

as part of the experimental settings [38]. Therefore, it is

also recommended by [38–41] to consider effect sizes in the

experimental study of SE along with significant statistical

test for getting practical and meaningful results. Kampenes

and Sjøberg [38] mentioned that 1% increase in defect

detection would be highly practical significance for critical

software if the defects belong to more critical defects.

As a robust ES computation standardized method,

Hedges’g [42, 43] is considered to affirm the practical

significance of our empirical study. This test reveals the

significant differences between two consecutive data distri-

butions and indicates meaningful and practical significance.

Furthermore, it is an unbiased method and helps to find

the identified differences that are significant for the small

size of data distributions [37]. It is calculated by employing

the means and the sample based standard deviations of

the two data groups where the ES component is indicated

as Hedges’s g [41]. Suppose two data distributions are

considered as two sequential versions of the chronological

defect datasets. These two sequential data distributions are

treated as control and experimental condition where the ES

is defined by the Eq. 3.

Hedges′g =
Xov −Xrv

Spooled

(3)

Eq. 3 implies the ratio of the two means (Xov and Xrv)

of the sequential defect datasets considered as old and

recent version in the control and experimental condition. The

difference between the two means is divided by the pooled

standard deviation Spooled. Since the versions of the defect

datasets are dissimilar in size from each other, we calculate

the pooled standard deviation by the Eq. 4.

Spooled =

√
(nov − 1) ∗ s2ov + (nrv − 1) ∗ s2rv

nov + nrv − 2
(4)

In Eq. 4, nov , sov , nrv , and srv are the number of sub-

jects, measurement of standard deviation of old version, the

number of subjects, and measurement of standard deviation

of recent version, respectively. We consider the absolute

values of Hedges’g that are interpreted as follows: the

values of Hedges’g < 0.20 indicate as the small effect, the

values of about 0.50 interpret as moderate effect, and the

values of about 0.80 explain as large effects using Cohen’s

benchmarks [44] and also adopted in the studies of [45, 46].

VII. EXPERIMENTAL RESULTS AND DISCUSSION

In this section, we discuss the results of this experimental

study. The results are presented based on the proposed

DP detection technique and identify statistically significant

values of DP in the chronological defect datasets using

Hedges’g effect size and fisher’s based statistical test at 5%

significant level.

In this experimental study, we consider defect datasets

which had at least four versions to establish a solid scenario

of cross-version and to perform more generalizable results.

The aim of this empirical study is to detect the distribution

differences among the versions that are responsible for DP

in the defect datasets. Mentioned above, the versions of the

defect datasets are managed by the no-memory data man-

agement approach (Figure 2) and to establish the scenario of

CVDP. The predictive error-rates are computed to identity

the DP in the datasets based on the proposed DP detector.

Please note that the experiment is conducted very carefully

specifically in selecting the data distributions of the versions

and group comparisons to eliminate any randomness in

the experimental settings. In this case, the no-memory data

management approach plays a vital role in our study.

The datasets contain several versions considered as

chronological where the versions are created over time

(Table IV). Experimental results are illustrated by adopting

a two-window-based approach. In Table VII, we observe the

error-rate attained using the two consecutive versions where

IVersion, #InsOWin, and #InsRWin refer the initial version,

number of instances of old version, and recent version,

respectively. The values of DP obtained from the experiment
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Table VII
PERFORMANCE OBSERVATION OF THE DP DETECTION TECHNIQUE IN THE CHRONOLOGICAL DEFECT DATASETS. TWO-WINDOW-BASED FISHER’S

EXACT TEST RESULTS AND EFFECT SIZES OF THE PAIRWISE COMPARISON FOR TWO CONSECUTIVE DATA DISTRIBUTIONS. LARGE EFFECT SIZES POINT

TO A PRACTICAL SIGNIFICANCE IN FAVOR OF DP DETECTION.

Project OVersion #InsOWin RVersion #InsRWin DP value p-value
Pooled effect
size Hedges’g

ant

1.3 125 1.4 178 4.91 2.62E-03* 1.526**
1.4 178 1.5 293 15.10 8.69E-10* 0.856**
1.5 293 1.6 351 2.40 0.157 0.046
1.6 351 1.7 745 1.02 0.093 0.092

camel
1.0 339 1.2 608 9.72 6.29E-07* 0.834**
1.2 608 1.4 872 5.04 6.16E-05* 0.805**
1.4 872 1.6 965 1.02 0.0864 0.085

jedit

3.2 272 4.0 306 10.20 0.032* 1.902**
4.0 306 4.1 312 2.42 0.101 0.019
4.1 312 4.2 367 2.19 0.059 0.317
4.2 367 4.3 492 0.97 0.061 0.438

poi
1.5 237 2.0 314 1.02 0.285 0.178
2.0 314 2.5 385 15.85 1.53E-03* 1.262**
2.5 385 3.0 442 1.51 0.114 0.017

xalan
2.4 723 2.5 803 4.07 1.77E-08* 0.850**
2.5 803 2.6 885 11.07 1.14E-03* 1.457**
2.6 885 2.7 909 2.34 0.798 0.035

xerces
init 162 1.2 440 4.45 0.004* 0.868**
1.2 602 1.3 453 1.00 0.055 0.025
1.3 1055 1.4 588 27.34 1.07E-05* 1.456**

Old version (OVersion); Recent version (RVersion); number of instances in old window or version (#InsOWin); number of instances
in recent window or version (#InsRWin); Drift Propensity value (DP value). “*” donates the values of 5% statistical significance p.
“**” denotes the practical significance at Hedges′g ≥ 0.80 calculated for large effect size and unequal data distributions.

are illustrated in the Table VII. To summarize the results and

for easy understanding, we use “*” to denote the significant

values of the DP’s in the associated versions. Further, we use

“**” to indicate the practical significance using pair-wise

comparison with effect size test across the versions of the

defect datasets. The effect size Hedges’g test is considered

along with significant statistical analysis to ensure practical

and meaningful results, and to avoid misleading p−values.

Since the experiment includes fewer subjects in the settings,

it is recommended by [41] to consider ES test as part

of the SE empirical study. The boldface values represent

the best results gained from our proposed algorithm and

illustrate the identification of DP’s in the associated versions

of the project. The DP flags are triggered on those versions

according to our detection process. Results from the DP

detection process by pair-wise comparison among the two

adjacent data distributions, we identify DP in the ant 1.3 and

1.4 versions among the seven versions, which achieve the

best significant values (p− value� 0.001). These versions

gain large effect size (i.e., ≥ 0.80). In this case, the most

guided practice is to update or retrain the model if DP

is identified in the data distributions to get more reliable

prediction performance. In addition, the flags of DP are

triggered in the versions of 1.0 and 1.2 for camel, 3.2 for

jedit, 2.0 for poi, 2.4 and 2.5 for xalan, and init and 1.3

for xerces, which are statistically significant and achieve the

more substantial effect in pair-wise comparisons.

The proposed DP detection technique identifies the num-

ber of DP’s and their positions across the versions of the

defect datasets. It is worth mentioning that the adaptation

of fisher’s exact test is computationally costly because of

astute inability of factorial calculation, as also identified as

limitation in [26]. Fisher’s based statistical test for significant

DP detection itself, a worthy contribution, can be utilized

for similar types of problems. In addition to this, it can

be applied in two-window-based data distributions in offline

cases as well. Apart from this, the effect size computation

for the pair-wise comparison, Hedges’g, ensures that the

identified DP’s are meaningful and practically significant.

One can consider how DP can hinder the prediction

performance of CVDP. To explain, please consider the

following scenario. The poi project contains four versions. If

the model is built using the data of poi 2.0 as historical data

to predict defects for consecutive releases, the prediction

model won’t be able to detect defects accurately. Based

on the results of our empirical study, we observe that the

model needs to be updated for predicting defects for the

version of 2.5 because the difference of the data distributions

is statistically significant, causing DP in that version and

resulting poor performance of prediction model. Therefore,

we advise addressing DP in the versions of the chronological

defect datasets for defect prediction.

VIII. THREATS TO VALIDITY

In the empirical study, it is necessary to be aware of

threats to validity of the obtained results [47]. Basili et al.

889

Authorized licensed use limited to: CITY UNIV OF HONG KONG. Downloaded on September 17,2026 at 02:15:30 UTC from IEEE Xplore.  Restrictions apply. 



[48] argued that it is challenging to make a general con-

clusion from an experiment in SE because the experimental

process requires a large number of relevant context variables.

We consider 26 cross-versions defect datasets from six

benchmarks projects. To make the cross-versions scenario,

we take the datasets that have at least four versions. For

managing the data, we consider a two-window-based data

management technique, no-memory approach. Others could

have different preferences to make the scenario and for

managing the defect datasets of the versions.

In our empirical study, we consider a single base learner

to execute our proposed DP detection method. One could

explore other classifiers to know the prediction perfor-

mances. The aim of this study is to recognize the significant

distribution differences that make the prediction misleading.

Another possible threat is the adopted statistical test. We

calculate the magnitudes of differences using Hedges’g. One

could consider the other post hoc tests to identify the DP’s

in the datasets. As a consequence, the results might be

different, although our adopted techniques work better on

such large datasets in CVDP.

IX. CONCLUSION

Cross-version defect prediction (CVDP) is a more realistic

scenario for predicting defects of software projects compared

with cross-project. Very few studies have been conducted

in the domain of CVDP specifically data with different

distributions. In this paper, we formalize the issue of data

distributions difference of two consecutive versions of defect

datasets as drift propensity (DP) in cross-version settings. In

our work, we propose a DP detection method that identifies

the distribution differences of two consecutive versions of

the defect datasets. We conduct our empirical study on

26 versions of six projects. We observe that significant

distribution differences affect the prediction performance.

The considered statistical test ensure that the DP’s are

statistically significant and obtain large effect size by cal-

culating the magnitudes of the data distribution differences.

It is observed that the exponential increase of the error-

rate indicates the DP’s in the cross-version of chronological

defect datasets. Therefore, the identification of DP’s in the

versions may be useful for building more reliable prediction

techniques for CVDP.

In the future, we seek to find the sources of DP’s in the

defect datasets. We intend to investigate the proposed DP

detection technique in other domains.
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