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Abstract

Background: Line-level software defect prediction (LL-SDP) serves as a valuable tool

for developers to detect defective lines with minimal human effort. Recently,

GLANCE was proposed as a readily implementable baseline for assessing the efficacy

of newly proposed LL-SDP models.

Problem: While DeepLineDP, a cutting-edge LL-SDP model rooted in deep learning,

has demonstrated state-of-the-art performance, it has not yet been compared

against GLANCE.

Objective: We aim to empirically compare DeepLineDP with GLANCE to obtain a

comprehensive understanding of how deep learning contributes to solving the LL-

SDP challenge.

Method: We compare GLANCE against DeepLineDP to assess the extent to which

DeepLineDP surpasses GLANCE in predicting defective files and identifying problem-

atic lines. In order to obtain a reliable conclusion, we use the same dataset and per-

formance metrics utilized by DeepLineDP.

Result: Our experimental findings indicate that DeepLineDP does not outperform

GLANCE in LL-SDP. This suggests that the application of deep learning, in this con-

text, does not yield the anticipated significant improvements.

Conclusion: This finding underscores the need for further research in deep learning-

based LL-SDP to attain the state-of-the-art performance that remains elusive for less

advanced techniques.
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1 | INTRODUCTION

Line-level software defect prediction (LL-SDP) predicts whether a line of code is defective using dedicated prediction models.1–5 Unlike traditional

defect prediction models that operate at coarser granularities (such as file-level or function-level defect prediction6–12), LL-SDP operates at a finer

level of granularity by focusing on individual lines of code. By assessing individual lines of code, it allows for the precise pinpointing of defective

locations within a software system. This pinpoint accuracy is invaluable to developers, as it enables them to focus their attention and efforts on

specific lines that require immediate attention, rather than dealing with entire files or functions.

Over the past few decades, significant efforts have been dedicated to the field of LL-SDP. Presently, this area of research can be categorized

into three primary domains.2 The first category involves the use of automatic static analysis tools to detect potentially problematic lines of
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code.13–15 If code lines conform to predefined bug patterns, they are flagged as potentially buggy. The second category employs natural language

processing techniques to identify potentially buggy lines.4,5 These approaches typically construct statistical language models, such as n-grams, to

assess the “naturalness” or the suspicion score of source code. The underlying premise is that less “natural” code is more likely to harbor defects.

The third category leverages model interpretation techniques to predict defective lines.3 These approaches achieve LL-SDP by interpreting the

contributions of tokens within the context of a coarse-grained defect prediction model (typically at the file-level). Consequently, lines that contain

risky tokens are identified as potentially buggy.

The aforementioned three categories encompass a range of strategies employed within the field of LL-SDP. Each of these categories offers

unique insights and approaches to address the challenge of identifying defective lines within software code. However, despite these advance-

ments, there remains uncertainty about the extent of progress made in solving the LL-SDP problem. To shed light on this matter, Guo et al con-

ducted an extensive experiment with the aim of evaluating the effectiveness of state-of-the-art (SOTA) LL-SDP approaches.2 Specifically, they

introduced a straightforward heuristic baseline solution called GLANCE, along with three implementations (GLANCE-MD, GLANCE-EA, and

GLANCE-LR), as the baseline model. Their experimental findings revealed that GLANCE exhibited prediction performance comparable to or even

superior to existing SOTA LL-SDP approaches. Consequently, they recommended the adoption of GLANCE as a readily implementable baseline in

future studies to showcase the utility of newly proposed LL-SDP approaches.

Recently, Pornprasit et al made a significant contribution to the field of LL-SDP by introducing deep learning techniques.1 Their novel

approach, DeepLineDP, harnesses the power of deep learning to autonomously extract semantic properties from the surrounding tokens and

lines, facilitating the identification of defective lines within software code. In their study, Pornprasit et al conducted experiments employing three

SOTA LL-SDP approaches as the baselines: n-gram, ErrorProne, and random forest. This comprehensive analysis involved a case study

encompassing 32 releases from nine projects. Remarkably, their findings revealed that DeepLineDP exhibited remarkable cost-effectiveness, out-

performing other LL-SDP approaches by a substantial margin—specifically, it demonstrated a cost-effectiveness improvement ranging from 47%

to an impressive 250%. While DeepLineDP has unquestionably demonstrated state-of-the-art performance in LL-SDP, an intriguing aspect

remains to be explored: a direct comparison with the GLANCE approach. This comparison represents an intriguing avenue for further research in

the realm of LL-SDP, with the potential to shed light on the strengths and weaknesses of these two distinct approaches. Such insights could ulti-

mately contribute to the refinement and advancement of LL-SDP methodologies, further enhancing our ability to identify and mitigate defects in

software code.

In this study, we conduct a comprehensive empirical comparison between DeepLineDP and GLANCE, with the aim of gaining a deep under-

standing of how deep learning contributes to addressing the challenges of LL-SDP. To this end, we employ a rigorous methodology to conduct

the experiment. To begin, we utilize the replication package of DeepLineDP, ensuring a faithful reproduction of the original experiment. Simulta-

neously, we employ the shared codebase of GLANCE, specifically tailored to the same dataset initially used by DeepLineDP. This dual approach

allows us to explore the extent to which DeepLineDP surpasses GLANCE in its predictive accuracy for identifying defective lines in software

code. To maintain consistency and comparability with the original DeepLineDP study, we adopt the same set of performance metrics. This meticu-

lous setup ensures that we utilize the original implementations of both DeepLineDP and GLANCE, thereby eliminating potential sources of bias

and ensuring the objectivity of our conclusions. The results of our rigorous experimentation reveal that GLANCE is comparable or even superior

to DeepLineDP, a finding that challenges the prevailing belief that the application of deep learning would yield significant improvements in LL-

SDP. This finding underscores the pressing need for further exploration in the domain of deep learning-based LL-SDP. Achieving the elusive

state-of-the-art performance, which has thus far remained beyond the reach of less advanced techniques, necessitates a deeper and more

nuanced understanding of the underlying mechanisms and challenges in this field. In essence, our study emphasizes the importance of continued

research efforts to unlock the full potential of deep learning in the context of LL-SDP.

In summary, we make the following contributions to this study:

• Empirical Comparison of DeepLineDP and GLANCE. DeepLineDP and GLANCE, both published in 2023, employ different methodologies,

with one relying on manually designed features, and the other utilizing features automatically generated through deep learning. However, the

comparative superiority of these approaches remains unexplored. Our study fills this gap with an empirical comparison between DeepLineDP

and GLANCE.

• Challenging prevailing assumptions. Our finding challenges the prevailing assumption that the application of deep learning would inherently

lead to significant improvements in LL-SDP. By demonstrating that DeepLineDP does not outperform GLANCE, we contribute to a nuanced

understanding of the impact of deep learning in this field.

• Highlighting the need for further research. Our study emphasizes the need for continued research in deep learning-based LL-SDP to achieve

elusive state-of-the-art performance through a deeper understanding of underlying challenges.

The rest of this paper is organized as follows: Section 2 offers an introduction to contemporary line-level defect prediction models. In

Section 3, we present an illustrative motivational example that inspired this study. Our study's design is outlined in Section 4, while Section 5 pre-

sents the experimental results. Factors influencing our findings are discussed in Section 6, followed by the implications of our findings in Section 7
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and an analysis of potential validity threats in Section 8. Section 9 introduces related work, and Section 10 concludes the paper while also out-

lining directions for future research.

2 | STATE-OF-THE-ART LINE-LEVEL DEFECT PREDICTION MODELS

In this section, we introduce two SOTA LL-SDP models: GLANCE and DeepLineDP. GLANCE serves as our baseline model, leveraging straightfor-

ward code characteristics, while DeepLineDP represents the forefront of LL-SDP models, harnessing the power of deep learning techniques.

2.1 | GLANCE

After analyzing defective code across multiple projects, Guo et al made the following observations2: (1) defective code lines tend to exhibit high

complexity, as measured by both their code size and the number of function calls; and (2) many defective code lines are associated with control

structures such as “for,” “if,” and “while” statements. Based on these observations, Guo et al hypothesized that two types of code lines would be

more likely to contain defects:

• Control lines. These are lines containing at least one control element, which can be categorized into three types: branch control, loop control,

and jump control, depending on their effects.

• Complex lines. These lines have intricate structures, which can be measured along two dimensions: the number of function calls and the num-

ber of code tokens.

Building upon these insights, Guo et al introduced a straightforward heuristic baseline solution called GLANCE (short for “aiming at Control-

And ComplEx-statements”). The name reflects the idea that one can quickly identify potentially buggy lines by examining control structures and

complexity metrics in code lines. GLANCE operates as a two-stage framework. In the first stage, a file-level classifier is constructed to predict

defective files within a target project. In the second stage, they calculate the defect-proneness score for a given code line l as follows:

DefectPronessScore lð Þ¼NT lð Þ� NFC lð Þþ1½ �

where NT measures the complexity of a code line in terms of the number of code tokens, and NFC measures complexity in terms of the number

of function calls. GLANCE then arranges all code lines within a file in descending order of their corresponding DefectPronessScore, moving lines

containing control elements to the front of the ranking list. If code lines have tied ranks, they will be prioritized based on their respective orders

(i.e., line number) in the file. This strategy simulates developers' typical practice of reviewing code from the beginning to the end.

In Guo et al's study,2 they examined three distinct GLANCE implementations, each paired with different file-level classifiers: GLANCE-MD

(utilizing the ManualDown classifier), GLANCE-EA (employing the Effort Aware ManualDown classifier), and GLANCE-LR (utilizing the logistic

regression classifier). In contrast to GLANCE-LR, both GLANCE-MD and GLANCE-EA are simple unsupervised classifiers. These classifiers operate

based on the code size of modules, measured by the source lines of code in the target project, independent of the source project. Their experi-

mental findings showed that GLANCE-LR outperformed both GLANCE-MD and GLANCE-EA. Notably, they reported that GLANCE-LR exhibited

prediction performance on par with or even surpassing existing state-of-the-art LL-SDP approaches, including those based on natural language

processing, model interpretation techniques, and static analysis tools. Consequently, they recommended the adoption of GLANCE-LR as an easily

implementable baseline for LL-SDP in future studies.

2.2 | DeepLineDP

DeepLineDP is meticulously designed to detect defective code lines by harnessing the power of bidirectional GRU units, which learn from adja-

cent tokens and lines using a hierarchical attention network.1 At its core, it maintains the hierarchical structure of source code, wherein tokens

form lines and lines form files. DeepLineDP uses a two-layer attention network, encompassing a token layer and a line layer. This network incor-

porates four essential components: a token encoder, a token-level attention layer, a line encoder, and a line-level attention layer.

In the token-level processing, DeepLineDP generates a vector representation for each token using Word2Vec.16 The token encoder leverages

a bidirectional GRU17 to amalgamate information from both the preceding and succeeding contexts of the token, resulting in an annotation that

encapsulates its contextual information. Subsequently, DeepLineDP employs the attention mechanism to accentuate tokens pivotal to the seman-

tics of the source code lines and aggregates these informative token representations to construct a line vector. In a parallel manner, for each line,
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the line encoder employs a bidirectional GRU to derive an annotation encoding its contextual information. Afterward, DeepLineDP utilizes the

attention mechanism to spotlight lines that are crucial to the semantics of the source code file and consolidates the representations of these infor-

mative lines into a file vector. This file vector is then fed into a one-layer Multi-Layer Perceptron (MLP) to calculate the probability of the file

being defective.

In the final step, the token-level attention layer is employed to identify faulty lines based on the most critical tokens contributing to the pre-

diction of defective files. To discern these faulty lines, DeepLineDP extracts the attention score for each code token within the defective file. This

attention score serves as a proxy for indicating the riskiness of code tokens. To accomplish this, DeepLineDP ranks the attention scores obtained

from the token attention layer in descending order and selects the top-k tokens with the highest attention scores. Subsequently, DeepLineDP

computes the line-level risk score as the sum of the risk scores for any tokens appearing in the top-k. Finally, DeepLineDP generates a ranking of

the most risky lines based on the assigned risk scores for each line. In their study, the value of k is set to 1,500.

In an extensive case study involving 32 releases of 9 software projects, Pornprasit et al reported remarkable results for DeepLineDP.1 It

exhibited a 17%-37% increase in accuracy compared to four file-level defect prediction approaches: Bag of Words (BoW), Deep Belief Network

(DBN), Convolutional Neural Network (CNN), and Bidirectional Long Short-Term Memory (BiLSTM). Moreover, it demonstrated a substantial

47%-250% increase in cost-effectiveness when compared to three line-level defect prediction approaches: n-gram, ErrorProne, and random for-

est. These findings underscore the critical importance of considering surrounding tokens and lines to pinpoint the precise locations of defective

files, namely, defective lines.

3 | MOTIVATING EXAMPLE

In 2023, both GLANCE and DeepLineDP were introduced, representing distinct methodologies. GLANCE relies on conventional manually

designed features, while DeepLineDP is founded on automatically generated features utilizing cutting-edge deep learning techniques. This con-

trast prompts a crucial query: how does DeepLineDP compare with GLANCE? Addressing this question is pivotal in illuminating the actual pro-

gress in current line-level defect prediction.

To investigate this problem, we evaluated the performance of GLANCE using the identical datasets employed in the original DeepLineDP

study. Table 1 presents the results of the line-level defect prediction for both GLANCE-LR and DeepLineDP, applied to the file

PreAddPartitionEvent.java in the hive-0.12.0 target project. The first column enumerates the line number for each line, where lines 1-17 and

33-35 are comments, and lines 18, 20, 23, 25, 27, and 32 are blank. Among the remaining 13 non-comment and non-blank code lines, 3 lines

(31, 38, and 39) consist solely of “}”. Based on DeepLineDP and GLANCE, only the following 10 lines are deemed defect-prone: 19, 21, 22, 24,

26, 28, 29, 30, 36, and 37 (highlighted in yellow background in the first column). The second column provides the code for PreAddPartitionEvent.

java. According to the line-level defect oracle information provided by,1 the following five lines are indeed defective: 26, 28, 30, 36, and

37 (highlighted in amber background). The third column lists the metrics NT (Number of Tokens), NFC (Number of Function Calls), and CE

(Control Elements) utilized to calculate the line score, along with the resulting rank under GLANCE. The last column displays the line score

(i.e., line attention) predicted by DeepLineDP, along with the corresponding rank for each line.

From the data presented in Table 1, the following observations can be made. Under GLANCE-LR, the defective lines 37 and 28 occupy the

top two positions in the rankings for line-level defect prediction. This results in the following performance metrics: Recall@Top20%LOC = 0.4,

Effort@Top20%Recall = 0.1, and IFA = 0. These metrics collectively indicate that under the GLANCE-LR model, software developers can achieve

the following: (1) identify 40% of actual defective lines by inspecting only the top 20% of lines of code (LOC), (2) uncover the top 20% of actual

defective lines by scrutinizing a mere 10% of the code lines, and (3) detect the initial defective line without the need to examine any preceding

lines. Contrastingly, in the case of DeepLineDP, all five defective lines receive low rankings (with line 26 being the highest at rank 4). As a result,

the performance metrics are as follows: Recall@Top20%LOC = 0, Effort@Top20%Recall = 0.4, and IFA = 0. From these results, it is evident that

GLANCE-LR outperforms DeepLineDP in line-level defect prediction for PreAddPartitionEvent.java. This suggests that, at least in this particular

example, DeepLineDP does not exhibit an advantage over GLANCE-LR, especially considering that DeepLineDP is computationally intensive

while GLANCE-LR is computationally efficient.

Intuitively, given the use of state-of-the-art deep learning techniques capable of generating powerful semantic features, one might expect

DeepLineDP to outperform GLANCE, which relies on simple syntactical features. However, the example above indicates that this may not be the

case. To arrive at a dependable conclusion, our next step involves conducting a comprehensive experimental comparison of the line-level defect

prediction capabilities between DeepLineDP and GLANCE.

4 | STUDY DESIGN

In this section, we will outline our study design, encompassing the research questions, datasets, analysis methodology, evaluation metrics, and sta-

tistical analysis method.
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4.1 | Research questions

To obtain a comprehensive understanding of how deep learning contributes to solving the LL-SDP challenge, we investigate the following

research questions:

RQ1 (Effectiveness in predicting defective files): To what extent does DeepLineDP outperform GLANCE in its ability to predict defective

files?

The aim of RQ1 is to assess DeepLineDP's efficacy in terms of file-level classification performance as compared to GLANCE. GLANCE, being

a baseline approach with a simplistic structure, is pitted against DeepLineDP, which boasts a more intricate architecture. Consequently, our

primary inquiry is whether DeepLineDP surpasses GLANCE in its ability to predict defective files with superior classification performance. The

resolution of this research question holds the key to illuminating the utility of DeepLineDP and affording us a genuine understanding of its perfor-

mance in the realm of file-level defect prediction.

RQ2 (Cost-effectiveness in locating defective lines): To what extent does DeepLineDP outperform GLANCE in its ability to locate defective

lines?

TABLE 1 The line-level defect prediction performance when applying GLANCE-LR and DeepLineDP to “metastore/src/java/org/apache/
hadoop/hive/metastore/events/PreAddPartitionEvent.java” in the target project hive-0.12.0.

Line PreAddPartitionEvent.java

GLANCE-LR DeepLineDP

NT NFC Score CE Rank Attention score Rank

1 /**

2 * Licensed to the Apache Software Foundation (ASF) under one

…

17 */

18

19 package org.apache.hadoop.hive.metastore. events; 7 0 7 0 6 0.99994306 3

20

21 import org.apache.hadoop.hive.metastore. HiveMetaStore.HMSHandler; 8 0 8 0 3 0.99996625 1

22 import org.apache.hadoop.hive.metastore.api. Partition; 8 0 8 0 4 0.99996621 2

23

24 public class PreAddPartitionEvent extends PreEventContext { 5 0 5 0 8 0.99721108 5

25

26 private final Partition partition; 4 0 4 0 9 0.99948066 4

27

28 public PreAddPartitionEvent (Partition partition, HMSHandler handler) { 6 1 12 0 2 0.13964098 6

29 super (PreEventType.ADD_PARTITION, handler); 4 1 8 0 5 0.07722895 8

30 this. partition = partition; 3 0 3 0 10 0.08214881 7

31 }

32

33 /**

34 * @return the partition

35 */

36 public Partition getPartition() { 3 1 6 0 7 0.06477406 9

37 return partition; 2 0 2 1 1 0.04723226 10

38 }

39 }

Recall@Top20%LOC 0.4 (better) 0

Effort@Top20%Recall 0.1 (better) 0.4

IFA 0 (better) 3
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The aim of RQ2 is to evaluate DeepLineDP's effectiveness in terms of line-level ranking performance relative to GLANCE. Our central investi-

gation revolves around whether DeepLineDP outperforms GLANCE in terms of cost-effectiveness for identifying defective lines, specifically with

superior ranking performance. The answer to this research question is pivotal in shedding light on the practical utility of DeepLineDP and provid-

ing us with a comprehensive understanding of its performance in the context of line-level defect prediction.

RQ3: (Characteristics of detected defective lines): Are there variations in the characteristics of detected defective lines, including defect cat-

egories, sizes, and locations, when comparing DeepLineDP with GLANCE?

The aim of RQ3 is to thoroughly examine potential disparities in the characteristics of identified defective lines. More precisely, this investiga-

tion aims to ascertain whether variations exist in defect categories, sizes, and locations among detected defective lines when comparing

DeepLineDP with GLANCE. This inquiry contributes to a comprehensive understanding of how each approach may excel or differ in addressing

specific aspects of defective lines, providing valuable insights for evaluating their respective strengths and weaknesses.

4.2 | Data sets

In our study, we utilize the same defect dataset employed in the study by Pornprasit et al.1 This dataset comprises 9 popular open-source Java

systems, encompassing a total of 32 different releases. An overview of this dataset is presented in Table 1. The first two columns provide the pro-

ject's name and description, while the third and fourth columns offer file-level information, including the range of the number of files and the

range of the proportion of buggy files across the subject releases, respectively. The fifth and sixth columns present line-level details for each pro-

ject, encompassing the range of the number of lines of code and the range of the proportion of buggy lines across the subject releases. The final

column lists the subject releases for each project. Notably, these projects under examination exhibit variability in application domains, size, and

the proportion of faulty files. It is worth mentioning that this dataset has been employed in many previous research studies.1,18,19

4.3 | Analysis methodology

We conducted a comprehensive comparative analysis between DeepLineDP and GLANCE, using a cross-release evaluation methodology across

multiple software projects. In this evaluation framework, we considered each software project, assuming it had n releases. To ensure a consistent

basis for comparison, we followed a standardized procedure:

1. Release chronology ranking. We initially organized the releases of each project chronologically, based on their release dates. This step ensured

that the evaluation would proceed systematically, from older to newer versions.

2. DeepLineDP evaluation. For DeepLineDP, we adopted a training-validation-testing scheme. We used release 1 as the training dataset and

release 2 as the validation dataset to train the model. Subsequently, we tested the trained model on the subsequent releases (i.e., releases

3 through n). This evaluation setting mirrors the approach utilized in a prior study by Pornprasit et al.1

3. GLANCE evaluation. In contrast, GLANCE employed a distinct evaluation approach. For GLANCE, we employed a sliding window evaluation

strategy. Specifically, for release i, it was utilized as the training dataset, while release i + 1 served as the test dataset. We applied this strategy

for releases 2 through n, adhering to the evaluation methodology established by Guo et al.2

It is worth noting that both DeepLineDP and GLANCE used the same test sets, ensuring a direct comparison of their performances. The pri-

mary distinction lay in the choice of training data, which varied for each technique. This systematic evaluation approach yielded a total of

14 unique train-test evaluation combinations, corresponding to various projects: 3 combinations for ActiveMQ, 2 combinations for Camel, 2 com-

binations for JRuby, 2 combinations for Lucene, 1 combination for Derby, 1 combination for Groovy, 1 combination for Hbase, 1 combination for

Hive, and 1 combination for Wicket. Finally, to assess the effectiveness of each technique on a specific project, we individually evaluated the

results for each combination and computed their average performance. This comprehensive analysis allowed us to estimate the overall perfor-

mance of an LL-SDP approach across a diverse range of software projects.

For GLANCE and DeepLineDP, we conduct a manual analysis to identify potential differences in their recognition of true defective lines. This

involves randomly selecting a statistically significant sample of true defective lines identified by each defect prediction model. Following

established guidelines, our sample is determined with a 95% confidence level and a 5% margin of error.20 The sample sizes for DeepLineDP,

GLANCE-MD, GLANCE-EA, and GLANCE-LR are 371, 370, 365, and 366, respectively. These sizes are determined based on the differing total

numbers of true defective lines identified by each defect prediction model within the dataset, which are 10,735, 10,397, 7,900, and 7,438,*

respectively. Subsequently, we examine variations in the characteristics of the detected defective lines, such as defect category, size, and location.

Independent inspections of each true defective line are carried out by two authors to determine its category. In case of any inconsistencies, the
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authors engage in discussions to reach a consensus on the final category. To gauge the agreement level between the two authors when categoriz-

ing the same samples, we compute Cohen's Kappa coefficient.21 Cohen's Kappa coefficients range from 0 to 1, with values closer to 1 indicating

higher consistency between evaluators.

4.4 | Evaluation metrics

We employ the same performance metrics utilized in the study conducted by Pornprasit et al for our evaluation. As previously mentioned, LL-

SDP involves two distinct stages: first, the prediction of defective files, and second, the localization of defective lines within the predicted defec-

tive files. The former stage is formulated as a classification task at the file level, while the latter is treated as a ranking task at the line level.

For the file-level classification, we utilize the following evaluation metrics:

• AUC (Area Under the Curve): AUC represents the area under the Receiver Operating Characteristic (ROC) curve, which plots the true positive

rate against the false positive rate.22 AUC values range from 0 to 1, where a value of 1 signifies perfect discrimination, and a value of 0.5 indi-

cates random guessing.

• Balanced Accuracy: Balanced Accuracy computes the mean of the True Positive Rate (i.e., the ratio of correctly predicted defective files,

TP/[TP + FN]) and the True Negative Rate (i.e., the ratio of correctly predicted clean files, TN/[TN + FP]). In this context, TP, TN, FP, and FN

represent True Positive, True Negative, False Positive, and False Negative, respectively. A high balanced accuracy score signifies the capability

of an approach to make accurate predictions for both defective and clean files.

• MCC (Matthews Correlation Coefficient): MCC measures the correlation coefficient between actual and predicted outcomes. According to,23 an

MCC value of 1 indicates a perfect prediction, and conversely, a lower value indicates a weaker prediction. Consequently, a higher MCC value

corresponds to a more effective model.

These performance metrics provide a comprehensive assessment of the LL-SDP approach's performance in predicting defective files at the

file level. It is crucial to emphasize that when dealing with classification tasks, Balanced Accuracy and MCC hold greater significance for practi-

tioners compared to AUC. This preference arises from the practical reality that, in most real-world scenarios, only the instances predicted as

potentially defective or belonging to the positive class are subjected to further testing or inspection. However, AUC measures the overall discrimi-

native power of a classifier across a range of decision thresholds but does not consider the specific operational conditions of the task. In other

words, it may not directly address the primary concerns of practitioners who are focused on isolating and dealing with potentially defective

instances.

For the line-level ranking, we utilize the following evaluation metrics:

• Recall@Top20%LOC. This metric assesses the ability to precisely identify defective lines within the top 20% LOC within the entire release. A

high value indicates that an LL-SDP approach effectively ranks a substantial number of genuine defective lines at the top, streamlining the pro-

cess of identifying these defects with minimal effort. Conversely, a low value suggests that a noteworthy portion of clean lines is located within

the top 20% of LOC, demanding developers to invest more effort in pinpointing defective lines.

• Effort@Top20%Recall. This metric quantifies the amount of effort, measured in LOC, needed to identify the 20% of actual defective lines within

the entire release. A low value suggests that developers require only a minimal amount of effort to locate the top 20% of actual defective lines.

Conversely, a high value indicates that developers need to invest a significant amount of effort to uncover the top 20% of actual defective

lines.

• IFA (Initial False Alarm). This metric represents the number of lines that must be examined before identifying the first defective line.24 As indi-

cated by Parnin et al,25 developers typically prefer to halt their inspection once they no longer encounter defective lines among the top rec-

ommended lines. Therefore, a lower IFA value signifies a more effective LL-SDP model, as it necessitates fewer line inspections to uncover the

initial buggy line.

In summary, these line-level evaluation metrics offer a multi-dimensional assessment of the LL-SDP approach's proficiency in prioritizing

defective lines within software releases.

4.5 | Statistical analysis

We employ the ScottKnott Effect Size Difference (ESD) test to meticulously categorize distributions into statistically distinct ranks, as highlighted

in references [26, 27]. The ScottKnott ESD test delivers a ranking of these techniques, all the while guaranteeing two critical criteria:

ZHOU ET AL. 7 of 22
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• Minimized intra-rank variation. Within each rank, the ScottKnott ESD test ensures that the magnitude of the difference between the distribu-

tions is statistically negligible. This stringent criterion guarantees that the techniques within the same rank are indeed similar in their effects,

reducing the likelihood of false distinctions.

• Highlighted inter-rank disparities. Conversely, between different ranks, the test brings to the forefront the magnitude of the differences in dis-

tributions, emphasizing their non-negligible nature. This emphasizes the significance of disparities between ranks, helping to identify the tech-

niques that exhibit distinct and noteworthy effects.

By adhering to these two criteria, we achieve a comprehensive and rigorous categorization of techniques, allowing us to draw meaningful

conclusions about their relative performance and characteristics. This approach empowers us to discern not only which techniques excel in certain

aspects but also to gauge the significance of these differences in a statistically robust manner.

5 | EXPERIMENTAL RESULTS

In this section, we provide a comprehensive account of the experimental results obtained from our comparative analysis between GLANCE and

DeepLineDP. Our focus is on assessing the performance of these two approaches in terms of their ability to predict defective files and their cost-

effectiveness in pinpointing defective lines within the codebase.

5.1 | RQ1: effectiveness in predicting defective files

Figures 1, 2, and 3 report the ScottKnott ESD rankings in conjunction with the corresponding distribution plots for AUC, Balanced Accuracy, and

MCC metrics, facilitating a thorough comparative assessment of GLANCE and DeepLineDP in each scenario. To deepen our comprehension,

Table 2 furnishes an exhaustive breakdown of these performance metrics, delivering a detailed examination of the predictive capabilities of

GLANCE and DeepLineDP across 14 target releases within a diverse range of nine open-source subject projects in identifying defective files.

From Figures 1, 2, 3, and Table 2, the following observations can be made:

• AUC. As depicted in Figure 1, the ScottKnott ESD test unveils a three-tier ranking structure: GLANCE-EA and GLANCE-MD occupy the top

rank, DeepLineDP secures the second rank, and GLANCE-LR falls into the third rank. This ranking alignment is substantiated by the AUC find-

ings in Table 2, where GLANCE-EA and GLANCE-MD exhibit the most substantial mean/median AUC, while GLANCE-LR registers the lowest

mean/median AUC.

• Balanced Accuracy. As shown in Figure 2, the ScottKnott ESD test unveils a four-tier ranking structure. GLANCE-MD and GLANCE-EA emerge

as the leaders in the top two tiers, while GLANCE-LR solidifies its position in the third tier. Meanwhile, DeepLineDP takes its place in the

fourth tier. This hierarchical arrangement is corroborated by the Balanced Accuracy results presented in Table 2. Specifically, GLANCE-MD

and GLANCE-EA exhibit the highest mean and median Balanced Accuracy values, underscoring their superior performance. In contrast,

DeepLineDP records the lowest mean and median Balanced Accuracy scores, highlighting its comparatively lower accuracy.

F IGURE 1 The ScottKnott ESD ranking on AUC: DeepLineDP vs. GLANCE.

8 of 22 ZHOU ET AL.
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• MCC. As illustrated in Figure 3, the ScottKnott ESD test reveals a hierarchical ranking structure consisting of four tiers. At the highest rank, we

find GLANCE-LR, followed by GLANCE-EA and GLANCE-MD in the second and third positions, respectively. DeepLineDP occupies the fourth

rank. This ranking alignment is supported by the MCC results presented in Table 2. Specifically, GLANCE-LR demonstrates the highest mean/

median AUC values, while DeepLineDP records the lowest mean/median MCC values.

The key takeaway from the aforementioned observations is the unexpected finding that DeepLineDP does not exhibit superior file-level

defect prediction performance in comparison to GLANCE. This outcome is particularly surprising in light of the following factors. GLANCE, a

remarkably simplistic method, relies solely on the syntax features of source code, while DeepLineDP employs the cutting-edge deep learning

technique known as HAN to model the hierarchical structure of source code, aiming to capture its semantic intricacies. Within our community,

there has been a long-held belief centered on two fundamental premises: (1) semantic features possess a greater predictive capacity for defects

F IGURE 3 The ScottKnott ESD ranking on MCC: DeepLineDP vs. GLANCE.

TABLE 2 The detailed statistical information of all releases in each studied project.

Project Description

File-level Line-level

Releases#files %buggy #lines %buggy

ActiveMQ Messaging and integration patterns 1884-3,420 2%-7% 142 k-299 k 0.08%-0.44% 5.0.0, 5.1.0, 5.2.0, 5.3.0, 5.8.0

Camel Enterprise integration framework 1,515-8,846 2%-8% 75 k-485 k 0.09%-0.24% 1.4.0, 2.9.0, 2.10.0, 2.11.0

Derby Relational database 1963-2,705 6%-28% 412 k-533 k 0.10%-0.63% 10.2.1.6, 10.3.1.4, 10.5.1.1

Groovy Java-syntax-compatible OOP 757-884 2%-4% 74 k-93 k 0.10%-0.17% 1.5.7, 1.6.0.Beta_1, 1.6.0.Beta_2

HBase Distributed scalable data store 1,059-1834 7%-11% 246 k-537 k 0.17%-1.02% 0.94.0, 0.95.0, 0.95.2

Hive Data warehouse system for Hadoop 1,416-2,662 6%-19% 290 k-567 k 0.31%-2.90% 0.9.0, 0.10.0, 0.12.0

JRuby Programming language for JVM 731-1,614 2%-13% 106 k-240 k 0.03%-0.09% 1.1, 1.4, 1.5, 1.7

Luence Text search engine library 805-2,806 2%-8% 101 k-342 k 0.07%-0.39% 2.3.0, 2.9.0, 3.0.0, 3.1.0

Wicket Web application framework 1,672-2,578 2%-16% 106 k-165 k 0.05%-0.46% 1.3.0.beta1, 1.3.0.beta2, 1.5.3

F IGURE 2 The ScottKnott ESD ranking on balanced accuracy: DeepLineDP vs. GLANCE.
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compared to syntax features; and (2) deep learning, as a powerful technique, excels in capturing the semantic nuances inherent in source code.

Notably, in a prior study referenced as,1 DeepLineDP emerged as the frontrunner, outperforming four state-of-the-art file-level defect prediction

approaches: Bag of Words (BoW), Deep Belief Networks (DBN), Convolutional Neural Networks (CNN), and Bidirectional Long Short-Term Mem-

ory (BiLSTM). However, it is important to recognize that despite DeepLineDP's previous success in comparison to these techniques, the present

findings indicate that it falls short of outperforming the comparatively simplistic GLANCE. This underscores the nuanced nature of software

defect prediction, where the apparent advantage of semantic feature extraction through deep learning does not guarantee a consistent superiority

over simpler methods based on syntax features. Further investigation and analysis are warranted to unravel the intricacies behind these unex-

pected results and to refine our understanding of the interplay between syntax and semantics in source code analysis for defect prediction.

5.2 | RQ2: cost-effectiveness in locating defective lines

Figures 4, 5, and 6 not only display the ScottKnott ESD rankings but also present visual representations of the corresponding distribution plots

for three essential metrics: Recall@Top20%LOC, Effort@Top20%Recall, and IFA. To achieve a comprehensive and nuanced grasp of our findings,

Table 3 provides a thorough and detailed breakdown of the performance metrics, shedding light on the intricate mechanisms underlying GLANCE

and DeepLineDP. Within this section, we conduct a meticulous examination of these two approaches' performance across 14 target releases,

encompassing a diverse array of nine open-source subject projects. In essence, Figures 4, 5, and 6 convey the visual narrative of our analysis,

while Table 3 enriches our understanding by supplying the intricate details about GLANCE and DeepLineDP's predictive abilities in identifying

defective lines.

From Figures 4, 5, 6, and Table 3, we have the following observations:

• Recall@Top20%LOC. As depicted in Figure 4, the results of the ScottKnott ESD test reveal a two-tier hierarchical ranking structure. GLANCE-

EA, GLANCE-LR, and GLANCE-MD occupy the first tier, while DeepLineDP takes the second tier. Referencing Table 4, it is clear that regard-

less of whether the mean or median Recall@Top20%LOC is considered, GLANCE-EA, GLANCE-LR, and GLANCE-MD significantly outperform

DeepLineDP. Strikingly, DeepLineDP's achieved recall is notably lower than the results documented in the original study.1 A thorough

F IGURE 4 The ScottKnott ESD ranking on recall@Top20%LOC: DeepLineDP vs. GLANCE.

F IGURE 5 The ScottKnott ESD ranking on effort@Top20%recall: DeepLineDP vs. GLANCE.

10 of 22 ZHOU ET AL.
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examination highlights that the inclusion of code comments in the performance evaluation, as expounded in Section 6.1, inflates the recall in

the original study.

• Effort@Top20%Recall. Figure 5 illustrates a three-tier hierarchical ranking structure, determined by the ScottKnott ESD test. Notably,

GLANCE-EA and GLANCE-MD are positioned at the top tier, followed by GLANCE-LR in the second tier, and DeepLineDP in the third.

Assessing the Effort@Top20%Recall metric reveals that GLANCE exhibits superior performance compared to DeepLineDP. It is worth

highlighting that both GLANCE-EA and

GLANCE-MD showcases an average Effort@Top20%Recall value of approximately 0.175, representing a substantial 34% reduction in com-

parison to DeepLineDP's score of 0.266. This finding is particularly intriguing, considering that GLANCE-EA and GLANCE-MD function as

unsupervised classifiers, thus highlighting their independence from the training data.

• IFA. As depicted in Figure 6, the ScottKnott ESD test reveals a distinct ranking among the tested methods. Notably, GLANCE-MD secures the

top position, with DeepLineDP following closely in second place and GLANCE-LR in third, while GLANCE-EA occupies the lowest rank.

The findings from Table 3, which delve into the ranking of risky lines within each defective file, highlight that GLANCE-MD achieves a mean

(median) IFA of 33.607 (25.500), while DeepLineDP records a mean (median) IFA of 41.464 (33.750). These results clearly demonstrate that

the ranking of risky lines generated by GLANCE-MD surpasses that of DeepLineDP. Consequently, developers can anticipate reduced inspec-

tion effort when utilizing GLANCE-MD to identify initial defective lines.

The aforementioned observations emphasize a distinct and significant superiority of GLANCE over DeepLineDP in terms of line-level defect

prediction performance. This notable performance disparity becomes particularly apparent when analyzing GLANCE's specialized variant,

GLANCE-MD. Specifically, when comparing GLANCE-MD directly with DeepLineDP, GLANCE-MD emerges as the clear and compelling option

for line-level defect prediction, demonstrating exceptional outcomes within a fixed 20% LOC inspection effort. Moreover, the implementation of

GLANCE-MD significantly streamlines the process of identifying the initial defective line, effectively reducing the overall time required for defect

localization. This revelation serves as compelling evidence that the hierarchical structure and comprehensive code context, adeptly captured by

DeepLineDP, do not necessarily translate into a more cost-effective or efficient approach to defect localization when juxtaposed with the capabil-

ities of GLANCE-MD. In essence, this highlights that while DeepLineDP excels in comprehending the intricate structural nuances of the code and

the contextual relationships among tokens and lines, these advantages do not inherently result in a more streamlined or accurate process for

pinpointing defective lines compared to the capabilities of GLANCE-MD. Consequently, the overarching conclusion here underscores that

GLANCE-MD stands out as the superior choice for efficient and precise line-level defect prediction. This assertion underscores that in the domain

of defect identification, simpler and more focused approaches can often outperform sophisticated and context-heavy methods such as

DeepLineDP.

5.3 | RQ3: characteristics of detected defective lines

The numbers of randomly selected true defective lines identified by DeepLineDP, GLANCE-MD, GLANCE-EA, and GLANCE-LR are 371, 370,

365, and 366, respectively. Following in,28 we classify true defective lines into the following five categories:

F IGURE 6 The ScottKnott ESD ranking on IFA: DeepLineDP vs. GLANCE.
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• Computation: computation-related defects involve changes to assignment statements, such as adding/deleting assignment statements or modi-

fying equations, resulting in incorrect values being assigned to variables.

• Data: data-related defects typically involve changes to data declaration or initialization statements, such as modifications in variable types.

• Interface: interface-related defects involve issues with function definitions or dependencies on other functions, such as incorrect function defi-

nitions or faulty function calls.

• Logic/control: logic/control-related defects involve issues with the execution sequence or state of the software, further categorized into

changes on loop statements, branch statements, and return/goto statements.

• Others: all other defects that cannot be classified into the above four categories, such as changes in preprocessor directives and code

movement.

When classifying true defective lines into the above categories, the average Cohen's Kappa21 coefficient is 0.81, In practical terms, a Kappa

coefficient of 0.81 is typically considered indicative of “almost perfect” agreement.29 Such a high level of agreement provides reliable assurance

for the results of a study or task, allowing us to rely on these classification outcomes with confidence, indicating very good agreement in the clas-

sification between the two authors.

Table 5 reports the characteristics of true defective code lines identified by GLANCE and DeepLineDP, encompassing the defect size mea-

sured in tokens, alongside their mean absolute and relative positions within the files. Figure 7 illustrates the distributions of these true defective

code lines across defect categories.

From Figure 7 and Table 5, we have the following observations:

1. Categories of defects. GLANCE and DeepLineDP consistently present a similar distribution of defect categories in their predictions, indicating

shared patterns in identifying defect types. Notably, both models project defect category distributions with a greater prevalence of interface

and logic/control defects, each accounting for over 30%. Interface defects hold a slight edge over logic/control defects, demonstrating a mar-

ginal advantage. The proportion of computation category defects is comparatively lower, approximately around 17%, while defects falling into

the data and others categories exhibit even lower proportions, each below 15%.

2. Size of defects. In comparison to DeepLineDP, GLANCE more effectively identifies longer lines of code with increased token counts. This

capability can be attributed to GLANCE's incorporation of NT as a contributing factor when computing defect-prone scores. Nonetheless, the

marginal disparity in the number of tokens within true positive lines identified by both models suggests that although GLANCE takes into

account the token count when evaluating lines of code for defects, its influence is relatively limited.

3. Location of defects. In terms of defect localization, both GLANCE and DeepLineDP consistently identify defects typically situated toward the

middle to later sections of files. However, there is a notable contrast in the line numbers of code lines detected by GLANCE, which tend to be

higher compared to those identified by DeepLineDP. This implies that GLANCE demonstrates greater proficiency in predicting defect-prone

code lines within files containing a larger number of lines of code, as opposed to DeepLineDP. This variance may arise from GLANCE's consid-

eration of the total number of source code lines within a file during the file classification phase. Files with a greater number of source code

lines are regarded as more likely to harbor defects, thereby leading to a focus on defect prediction at the line level primarily within larger-scale

files.

From the above observations, we can conclude that there is no substantial difference in the characteristics of detected true code lines when

comparing GLANCE with DeepLineDP.

6 | DISCUSSION

In this section, we delve into the influence of code comments on the prediction performance of DeepLineDP, Furthermore, we analyze the contri-

butions of features in GLANCE and examine the influence of file-level prediction on line-level defect prediction.

TABLE 5 The mean size and position of true defective code lines.

Number of tokens Line position number Line position percentage

GLANCE-EA 4.64 7,804 53%

GLANCE-MD 4.78 6,230 56%

GLANCE-LR 4.95 7,317 54%

DeepLineDP 4.58 5,658 53%
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6.1 | Influence of code comments on DeepLineDP

For line-level defect prediction, it is customary to exclude comment lines. In,1 during the evaluation of DeepLineDP, all comment lines were

assigned a score of 0. Consequently, comment lines received the lowest rank when the code lines in a file were ranked. However, due to an

unintended error in the original R script, comment lines were inadvertently included when counting the total number of code lines in a file. This

led to unintentional inflation of the total number of code lines, resulting in an overestimation of defect prediction performance, including metrics

like Recall@Top20%LOC and Effort@Top20%Recall. Table 6 provides an illustrative example of this scenario. As can be seen, when comment lines

are excluded, the total number of code lines involved in ranking is 10. Consequently, Recall@Top20%LOC and Effort@Top20%Recall have values

of 0 and 0.4, respectively. However, when comment lines are not excluded, the total number of code lines involved in ranking is 30. Consequently,

Recall@Top20%LOC and Effort@Top20%Recall have values of 0.4 and 0.133, respectively. This inadvertent inclusion of comment lines signifi-

cantly inflated the line-defect prediction performance.

The boxplots presented in Figure 8 offer a comprehensive overview of DeepLineDP's line-level defect prediction performance across the pro-

jects enlisted in Table 2, with and without the exclusion of comment lines. Strikingly, our observations closely parallel the findings documented in

the initial research study,1 highlighting the consistency and robustness of our results, especially concerning Recall@Top20%LOC and

Effort@Top20%Recall when comment lines were taken into account. However, our investigation exposed a notable decline in the line-level defect

prediction efficacy when comment lines were excluded, as depicted in Figure 8. Specifically, we observed a marked decrease in Recall@Top20%

LOC, coupled with a substantial increase in Effort@Top20%Recall. This clear regression serves as a compelling testament to the pivotal role

played by comment lines in reinforcing the predictive effectiveness of DeepLineDP. The discernible deterioration emphasizes the critical necessity

of factoring in the exclusion of comment lines during evaluations, ensuring a meticulous and dependable assessment of the model's performance.

This underscores the crucial significance of acknowledging the influence of comment lines, ultimately refining the precision and reliability of

DeepLineDP's defect prediction capabilities.

6.2 | Contributions of features in GLANCE

RQ2 indicates that GLANCE outperforms DeepLineDP in line-level prediction, possibly due to its utilization and integration of three syntax fea-

tures of code lines for defect identification. To understand why these three features enhance GLANCE's capability in line-level defect prediction,

we conducted an ablation experiment to determine the effectiveness of individual features/heuristics. Table 7 summarizes the performance

trends observed in GLANCE across various feature combinations. The first column outlines different feature combination settings employed in

our ablation experiment. In the single-factor group (rows two to four), we exclusively focus on individual features. For example, “NT” indicates

that GLANCE relies solely on the NT feature to identify defective code lines, while “NFC” implies exclusive consideration of the NFC feature, and

F IGURE 7 The distributions of identified true defective code lines over defect categories.
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“CE” suggests that only the CE feature is being exclusively considered. Moving to the two-factor group (rows five to seven), we individually

exclude one feature from the three individual features in the single-factor group to examine their impact on GLANCE. For instance, “w/o NT”
means that the NT feature is not used in defect identification, providing a perspective on GLANCE's line-level prediction effectiveness using only

“NFC + CE”. In the all-factor group (the last row), all three features are fused to formulate the GLANCE approach.

The findings presented in Table 7 offer significant insights into the effects of ablation con-figurations on GLANCE. First, in the single-factor

group, solely using “CE” as the metric significantly diminishes the performance of line-level defect prediction. In contrast, exclusive utilization of

“NT”, while maintaining similar overall effectiveness, yields marginal improvements in GLANCE-specific metrics. Nevertheless, exclusive reliance

on the “NFC” feature leads to enhancements across all three GLANCE features, indicating the sensitivity of NFC in identifying defective code

lines. Second, in the two-factor group, compared to the single-factor group, diverse performance is observed in line-level defect prediction. Spe-

cifically, “w/o NFC”, a significant decline is observed compared to with “NFC”. Conversely, “w/o NT” and “w/o CE” exhibit significant and stable

improvements over the single-factor groups of “NT” and “CE”, respectively. Notably, “w/o CE” exhibits competitive performance surpassing even

the best-performing “NFC”, consistent with our findings from the single-factor analysis. Moreover, it underscores the complementary nature of

NFC and NT in identifying defective code lines. Incorporating both NFC and NT into feature selection for further research on line-level defects,

as facilitated by GLANCE, may offer promising avenues for future investigation. Third, integrating all three individual features in the single-factor

group into GLANCE does not yield superior results for LL-SDP. Compared to “w/o NT”, the inclusion of NT marginally reduces Recall@Top20%

TABLE 6 Line-level defect prediction performance of DeepLineDP on “PreAddPartitionEvent.java” with/without the exclusion of comment
lines.

PreAddPartitionEvent.java

Without Comments With Comments

Attention score Rank Attention score Rank

1 /** 0 11

2 * Licensed to the Apache Software Foundation (ASF) under one 0 12

… 0 …

17 */ 0 27

18

19 package org.apache.hadoop.hive.metastore. events; 0.99994306 3 0.99994306 3

20

21 import org.apache.hadoop.hive.metastore. HiveMetaStore.HMSHandler; 0.99996625 1 0.99996625 1

22 import org.apache.hadoop.hive.metastore.api. Partition; 0.99996621 2 0.99996621 2

23

24 public class PreAddPartitionEvent extends PreEventContext { 0.99721108 5 0.99721108 5

25

26 private final Partition partition; 0.99948066 4 0.99948066 4

27

28 public PreAddPartitionEvent (Partition partition, HMSHandler handler) { 0.13964098 6 0.13964098 6

29 super (PreEventType.ADD_PARTITION, handler); 0.07722895 8 0.07722895 8

30 this. partition = partition; 0.08214881 7 0.08214881 7

31 }

32

33 /** 0 28

34 * @return the partition 0 29

35 */ 0 30

36 public Partition getPartition() { 0.06477406 9 0.06477406 9

37 return partition; 0.04723226 10 0.04723226 10

38 }

39 }

Recall@Top20%LOC 0 0.4 (better)

Effort@Top20%Recall 0.4 0.133 (better)

IFA 3 3
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LOC. In contrast, incorporating NFC results in improvements across all metrics compared to “w/o NFC”. However, the addition of CE significantly

lowers all performance metrics compared to “w/o CE”. The potential exclusion of CE from GLANCE warrants careful consideration as a potential

enhancement.

6.3 | Influence of file-level prediction on line-level defect prediction

The evaluation process in our study did not distinctly analyze file-level and line-level predictions. Rather, the line-level prediction may be

influenced by file-level prediction outcomes. GLANCE and DeepLineDP both perform line-level defect prediction exclusively on the target defec-

tive files filtered out by their own file-level classifiers. Specifically, GLANCE's potential superiority over DeepLineDP in line-level prediction may

stem from its robust file-level prediction performance. Notably, if DeepLineDP's file-level prediction matches GLANCE's performance, their line-

level prediction performances might also align.

In the following, we investigate whether GLANCE's superior performance in line-level prediction compared to DeepLineDP is attributed to

GLANCE's file-level prediction. We seek the answer to this question through the following two steps. In the file-level prediction stage, we utilize

three versions of GLANCE's file-level classifier ManualDown, Effort Aware ManualDown, and Logistic Regression (short for MD, EA, and LR,

respectively) for target defective files. Subsequently, in the line-level prediction stage, we apply DeepLineDP's line-level prediction to target

defective files identified in the first stage. This approach results in three composite models based on the aforementioned strategy, named MD-

DeepLineDP, EA-DeepLineDP, and LR-DeepLineDP.

Table 8 presents the line-level defect prediction performance for each version of GLANCE and its corresponding composite model. It is evi-

dent that every version of GLANCE surpasses its respective composite model. To clarify, when substituting DeepLineDP's line-level prediction for

F IGURE 8 Comparison of the line-level defect prediction performance of DeepLineDP with and without the exclusion of comment lines.

TABLE 7 The median LL-SDP performance of GLANCE under different ablation settings (the performance values exceeding GLANCE are
marked in bold).

Feature fusion

GLANCE-MD GLANCE-EA GLANCE-LR

R@20% E@20% IFA R@20% E@20% IFA R@20% E@20% IFA

NT 0.08 0.22 31.00 0.16 0.18 42.00 0.20 0.16 37.50

NFC 0.19 0.17 25.00 0.24 0.15 40.00 0.27 0.15 31.50

CE 0.00 0.29 42.50 0.05 0.25 90.25 0.13 0.29 58.00

w/o NT 0.17 0.19 23.50 0.20 0.18 57.50 0.19 0.20 43.25

w/o NFC 0.14 0.19 30.75 0.16 0.17 63.50 0.15 0.20 37.00

w/o CE 0.29 0.15 19.50 0.30 0.12 36.25 0.30 0.12 30.75

GLANCE 0.16 0.19 25.50 0.19 0.17 57.50 0.16 0.19 35.00

*R@20%: Recall@Top@20%LOC, E@20%: Effort@Top20%Recall.
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the original one in each GLANCE version, a noticeable decrease in line-level prediction performance occurs. For example, in the comparison

between GLANCE-EA and EA-DeepLineDP, GLANCE-EA consistently outperforms EA-DeepLineDP across all three metrics. This observation

underscores the interconnected nature of file-level and line-level predictions within defect prediction models. Consequently, we can deduce that

GLANCE's superior performance in line-level prediction is not solely attributed to its excellence in file-level prediction.

7 | IMPLICATIONS FOR DEFECT PREDICTION COMMUNITY

The promise of deep learning for LL-SDP does not always translate into significant improvements. Our research challenges the widely-held

assumption that applying deep learning will inherently lead to substantial advancements in LL-SDP. By demonstrating that GLANCE achieves

comparable results to DeepLineDP, we provide a more nuanced perspective on the influence of deep learning in this field. This implies that the

effectiveness of deep learning in LL-SDP could depend on multiple factors, and its advantages may not have universal applicability.

Depending exclusively on complex methods as the primary baselines could prove insufficient when evaluating LL-SDP. A comprehensive

assessment requires the incorporation of a diverse set of techniques and methodologies beyond sophisticated approaches. Integrating straightfor-

ward yet efficient baselines in the evaluation of LL-SDP fosters a more thorough comprehension of its performance, taking into account not only

the potential advantages but also the limitations and trade-offs inherent to deep learning within this field. Expanding our evaluation criteria

enables us to make well-informed decisions about the most effective strategies for both developing and deploying LL-SDP solutions.

GLANCE should be considered as a highly practical and robust baseline for LL-SDP. By adopting GLANCE as a baseline, researchers and

practitioners can enjoy several advantages. First, its simplicity in implementation ensures that it can serve as an accessible starting point for those

new to the field, allowing them to quickly grasp the fundamentals of LL-SDP. Second, GLANCE's stellar performance serves as a dependable refer-

ence against which to gauge the effectiveness of more intricate approaches. In summary, GLANCE's simplicity, robustness, and strong perfor-

mance make it an ideal choice as a baseline for LL-SDP.

There is a pressing imperative to delve deeper into the application of deep learning to enhance LL-SDP. We firmly hold the belief that deep

learning harbors immense potential for bolstering the efficacy of LL-SDP, as evidenced by its remarkable successes in numerous other domains.

Nevertheless, the existing research on deep learning-based LL-SDP remains insufficient, and there remains a substantial journey ahead to fully

uncover the ways in which deep learning can be harnessed to enhance LL-SDP.

8 | THREATS TO VALIDITY

Construct validity is the degree to which the dependent and independent variables accurately measure the concept they purport to measure. In

our study, we rely on the same dataset employed in the research conducted by Pornprasit et al.1 Within this dataset, the dependent variable

in use is a binary indicator that signifies whether a file or a code line is deemed defective. A paramount concern affecting construct validity is the

potential existence of inaccurately labeled files or code lines. It is essential to note that these labels were acquired through the affected-version

approach, a method that has been argued for its precision in recent studies when compared to alternative label collection techniques such as the

time window approach and the SZZ-based approach.18,19 However, it is imperative to acknowledge that, even with the advantages of

the affected-version approach, the ongoing pursuit of more accurate datasets remains essential to mitigate this specific threat to construct validity

in future research endeavors.

Internal validity is the degree to which conclusions can be drawn about the causal effect of independent variables on the dependent vari-

ables. In our study, a critical concern revolves around potential biases introduced during the implementation of DeepLineDP and GLANCE. To mit-

igate this threat to internal validity, we have taken deliberate steps. Specifically, we employed the source codes directly from their respective

TABLE 8 The media performance of GLANCE and corresponding composite models (the best performance value of each indicator is marked
in bold in each combination).

Approaches Recall@TOP20%LOC(") Effort@TOP20%recall(#) IFA(#)
GLANCE-EA 0.191 0.174 57.5

EA-DeepLineDP 0.092 0.231 68

GLANCE-MD 0.156 0.189 25.5

MD-DeepLineDP 0 0.235 35.25

GLANCE-LR 0.164 0.195 35

LR-DeepLineDP 0 0.237 51.5
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replication packages. This approach is designed to enhance the rigor of our study by ensuring that the implementations of DeepLineDP and

GLANCE align faithfully with their original designs, reducing the potential for implementation-related biases to affect our conclusions. By adopting

this strategy, we bolster the internal validity of our research and enhance our ability to draw meaningful and reliable causal inferences from our

findings.

External validity is the degree to which the results of the research can be generalized to the population under study and other research set-

tings. In our experiment, we utilized a dataset comprising nine popular open-source Java projects with 32 distinct releases, encompassing a

diverse array of application domains and project sizes. Our analysis of this dataset yielded consistent results in terms of performance comparisons

across most projects. Consequently, we are reasonably confident that our findings remain within an acceptable margin of external validity. Never-

theless, it is essential to acknowledge that real-world project characteristics can be inherently stochastic and subject to change. As a result, we

refrain from asserting that our results can be universally generalized to all projects. To address this potential limitation, future research should aim

to replicate our study across a wider spectrum of projects, including those outside the Java ecosystem and in commercial settings. This broader

scope of investigation will help mitigate potential external validity concerns.

9 | RELATED WORK

In this section, we provide an overview of the most pertinent previous research related to our work, encompassing fine-grained defect prediction

and the exploration of the efficiency of deep learning in software engineering tasks.

9.1 | Enhancing defect prediction through fine-grained analysis

The field of defect prediction has witnessed a significant evolution over the past decades. Initially, it primarily centered around coarse-grained

defect prediction, where defects were categorized at package, commit, file, and method levels.7–9,30–36 Early methods heavily relied on manually

crafted features, including product metrics and process metrics, to construct defect prediction models. However, these features often focused on

specific module attributes and struggled to effectively capture their higher-level semantic relationships, consequently limiting their predictive

capacity. To overcome this constraint, a multitude of deep learning techniques have been employed to autonomously generate semantic features

from source code.37–49 These approaches have laid a solid foundation for comprehending and mitigating software defects.

In recent years, research emphasis has shifted toward a more detailed and precise level: line-level defect prediction.3–5,50–55 In,3 a model

interpretation technique56 is used to predict buggy lines by interpreting risky code tokens within a defect prediction model. In,4,5 natural language

processing techniques are employed to determine whether a line contains defects. In the industry, various static analysis tools, including

FindBugs,52 PMD,53 CheckStyle,54 and Error Prone,55 are utilized to identify potentially buggy lines in software systems. Fine-grained defect pre-

diction significantly reduces the effort required for SQA. Developers can prioritize their testing and debugging efforts on the exact lines of code

most likely to contain defects, thereby maximizing the efficiency of the entire software development lifecycle.

With numerous line-level defect identification approaches available, a natural question arises1,2,57: which approach is the most effective? In,2

Guo et al assessed the current state of the field by analyzing the performance of state-of-the-art approaches and tools. The experimental results

indicated that their proposed simple method, GLANCE, exhibited prediction performance comparable to or even superior to existing approaches

and tools. Similarly, in,1 Pornprasit et al reported that their proposed DeepLineDP outperformed n-gram as well as ErrorProne, establishing itself

as the state-of-the-art approach. In our study, we rigorously compare GLANCE and DeepLineDP, and our findings demonstrate that GLANCE is a

simpler yet effective approach.

9.2 | Examining the practical utility of deep learning models

With the rapid advancement of deep learning, a growing array of deep learning techniques are being introduced to address various challenges in

software engineering. However, it is crucial to acknowledge that deep learning models typically come with a significant computational burden.

This cost has raised concerns, particularly when these models are adopted without careful consideration of their practical value compared to tradi-

tional approaches. As a result, an emerging trend among researchers is to scrutinize whether existing deep learning models genuinely enhance the

field of software engineering.

Remarkably, recent investigations have unveiled that many proposed deep learning models do not consistently outperform their traditional

counterparts in software engineering tasks.58–63 For instance, in,58 Wu et al reported that SVM was 84 times faster than deep learning methods

in determining relationships between questions in the Stack Overflow programmer discussion forum while maintaining accuracy, and sometimes

achieving better results. In,59 Liu et al found that a simple approach called NNGen was over 2,600 times faster than Neural Machine Translation
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(NMT) but achieved higher accuracy. In,60 Zeng et al discovered that a straightforward JIT defect prediction approach outperformed CC2Vec and

DeepJIT and was 81 k X/120 k X faster in training and testing. In,61 Lin et al reported that, for code comment updates, a heuristic-based approach

called HEBCUP outperformed CUP in terms of accuracy while being over three orders of magnitude faster. These findings have significant impli-

cations for our software engineering community.

To ensure the judicious use of deep learning models, it is imperative that comprehensive comparisons are conducted between these models

and conventional methodologies. This evaluation process serves as a litmus test to determine whether the adoption of deep learning genuinely

provides benefits that outweigh the computational costs. Only when the advantages are clearly demonstrated should we integrate deep learning

models into our software engineering practices.

10 | CONCLUSION

In this study, we conducted an in-depth exploration into the effectiveness and limitations of the cutting-edge deep line-level defect prediction

approach, DeepLineDP. To achieve this, we utilized the same dataset and performance metrics as originally employed during the inception of

DeepLineDP. This methodological consistency allowed us to conduct a rigorous comparative analysis between DeepLineDP and GLANCE, a

recently introduced, simpler, traditional LL-SDP approach.

Our findings reveal that DeepLineDP does not outperform GLANCE, which is rather surprising. We initially anticipated that DeepLineDP,

given the remarkable success of deep learning in various other fields, would significantly enhance LL-SDP when compared to GLANCE. However,

this outcome suggests that the application of deep learning to LL-SDP does not invariably lead to substantial improvements. It underscores the

fact that there is still much ground to cover in fully comprehending how deep learning can be effectively harnessed to augment LL-SDP.

In our upcoming studies, we have delineated two main avenues for investigation. Initially, we plan to replicate our ongoing experiment utiliz-

ing supplementary datasets to evaluate the extent of generalizability of our results. Secondly, we intend to delve deeper into the enhancement of

DeepLineDP, aiming to fully unleash the potential of deep learning in LL-SDP. Potential strategies for this include the utilization of an extensive

training dataset and the adjustment of the method to compute line scores, prioritizing suspicious lines for higher rankings.

Replication kit

The complete replication kit for this study is accessible through https://github.com/yuFeiCode/LL-SDP, allowing for convenient reproduction in

future LL-SDP studies.
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