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Abstract: Deep learning (DL) is now routine in software defect prediction (SDP), yet how much it im-

proves on traditional machine learning (ML), how stable that improvement is, and what governs it remain 

contested. We synthesized 45 empirical studies published between 2015 and 2024, comprising 1540 per-

formance estimates, using Hedges’ g of the area underx the receiver operating characteristic curve (AUC) 

and a random-effects model. The pooled effect was g = 0.61 (95% CI 0.53–0.70; p < 0.001), but heteroge-

neity was substantial (I² = 87.7%; τ² = 0.076) and the 95% prediction interval was 0.07–1.16. The lower 

prediction limit is close to the null and is therefore more decision-relevant than the positive mean alone: a 

new setting may show little practical gain. Hybrid architectures produced the largest subgroup estimate (g 

= 0.90), whereas the gain under cross-project defect prediction was less than half that under within-pro-

ject defect prediction (0.31 vs. 0.67). A mild publication-year association explained only about 15% of 

between-study heterogeneity, and no sample-size association was detected. Publication-bias and leave-

one-out diagnostics did not identify a single dominant study, but these diagnostics do not eliminate bias 

from primary-study design or baseline tuning. The evidence therefore supports a conditional, not univer-

sal, DL advantage whose practical value depends on architecture, validation protocol, data distribution, 

tuning quality, and deployment cost. 
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1. Introduction 

Software defect prediction (SDP) asks a deceptively simple question: before a module is tested or shipped, how likely is it to 

contain a fault? By learning from code metrics, change history, or the source code itself, an SDP model produces a risk ranking that 

lets a team steer scarce quality-assurance effort toward the modules most likely to fail. The problem is one of the oldest and best-

studied in empirical software engineering. From the 1990s onward it was tackled mainly with traditional machine-learning (ML) 

algorithms (logistic regression, naive Bayes, decision trees, support vector machines, random forests) evaluated on public bench-

marks such as NASA MDP, PROMISE, and AEEEM under a fairly settled experimental protocol [1], [2]. Work from that era leaned 

almost entirely on hand-crafted static metrics (McCabe complexity, Halstead measures, the CK object-oriented suite), so model 

performance was bounded by how much those features could express. 
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The reason SDP has held the attention of both researchers and practitioners is economic. The cost of fixing a defect grows by 

orders of magnitude with the stage at which it is caught: a fault introduced in design but surfacing only after release can cost tens 

or hundreds of times more to repair than one found early. Modern systems are large and ship often, while testing and review budgets 

stay fixed, so “spend the limited inspection effort where the risk is highest” becomes the central problem of quality assurance. SDP 

turns that managerial need into a learnable classification or ranking task: predict, per module, whether (or with what probability) it 

is defective, then rank by risk to guide test allocation, review order, and refactoring. Because the task is so directly tied to resource 

allocation, any method that reliably lifts predictive performance carries real engineering weight, which is also why a rigorous verdict 

on whether a method is genuinely better matters so much. 

Under the traditional ML paradigm, two bottlenecks limit SDP performance: features and models. On features, researchers 

relied on hand-designed static metrics; these are interpretable but capture little of the semantic and structural information latent in 

source code, such as recurring control-flow patterns, naming conventions, and sequences of API misuse. On models, shallow learn-

ers have a limited grasp of feature interactions and non-linearity. Deep learning targets the first bottleneck: by learning hierarchical 

representations directly from abstract syntax tree (AST) token sequences, control-flow graphs, or code embeddings, deep models 

can in principle pick up defect signals that hand-crafted metrics cannot encode. That payoff is not unconditional, though. It depends 

on sufficient training data, an appropriate network inductive bias, and agreement between the training and deployment distributions, 

preconditions rarely satisfied together in real SDP settings, which plants the seed of the large heterogeneity documented later. 

Around 2014, deep learning (DL) entered defect prediction quickly on the strength of its end-to-end representation learning. 

Researchers used deep belief networks (DBNs) [3], [4], convolutional neural networks (CNNs) [5], [6], recurrent and long short-

term memory networks (RNN/LSTM) [7], [8], and a range of hybrid architectures [9], [10] to learn defect-related features straight 

from AST token sequences or semantic embeddings, hoping to break past the ceiling of hand-crafted metrics. Many single studies 

reported deep models beating traditional baselines on AUC, F1, and related measures [11], [12], and for a while DL was cast as a  

paradigm shift for SDP. As the empirical record grew, however, conflicting evidence accumulated: some studies found the deep-

model gain statistically insignificant, or watched it decay sharply in the cross-project setting; others showed that a well-tuned random 

forest could match an elaborate deep network on several datasets, at a far lower cost in computation and reproducibility. 

Several things drive this disagreement. First, single studies have limited sample sizes and use different datasets and split pro-

tocols, so point estimates carry sizeable sampling noise. Second, the umbrella term “deep learning” spans everything from shallow 

fully connected networks to elaborate hybrids; the true capability of these architectures differs enormously, and a blunt “DL  vs. 

traditional” dichotomy hides the structure that matters. Third, inconsistency in evaluation protocol (within-project vs. cross-project), 

feature type (semantic vs. hand-crafted), and class-imbalance handling makes the conclusions hard to compare directly. Against this 

backdrop, a narrative review can no longer answer the core question (how large and how stable is the improvement deep learning 

actually brings), and systematic quantitative synthesis becomes necessary. 

By method family, deep learning in SDP falls into roughly four groups. The first is early generative pre-training, typified by 

deep belief networks, which use layer-wise unsupervised pre-training to ease optimization under small samples. The second is 

convolutional networks, which treat code token sequences or metric vectors as one- or two-dimensional signals and extract n-gram-

like semantic patterns with local kernels [13]. The third is recurrent and LSTM networks, which model sequential dependencies 

along the token stream and capture syntactic and semantic links that span longer distances [14]. The fourth is hybrid and graph 

architectures, which either combine convolution, recurrence, and attention or run graph neural networks directly over ASTs and 

program dependence graphs to model local patterns and global structure at once. These families differ markedly in inductive bias, 

parameter count, and data appetite, so lumping them together as “deep learning” and comparing against “traditional methods” is, in 

effect, averaging over a heterogeneous set; the interpretability of the pooled result then hinges on splitting that internal structure 

apart. 

Differences in evaluation protocol widen the gap further. Within-project defect prediction (WPDP) trains and tests on historical 

versions of the same project, where training and deployment distributions sit close together. Cross-project defect prediction (CPDP) 

trains on one or more source projects and tests on a target project, facing serious distribution shift; it is closer to the cold-start 

engineering reality and also far harder [15], [16]. How class imbalance is handled (over-sampling, cost-sensitive learning, threshold 

moving), which metric is reported (AUC, F1, MCC, the inspection-effort measure Popt), and whether data leakage is controlled all 

move the reported gain systematically. It is precisely this tangle of methodological dimensions that leaves single-study verdicts of 

“DL is better” or “DL is no better” as local conclusions drawn under different premises, talking past one another. 

Meta-analysis is built for exactly this. It weights each study’s effect size by its precision and pools them, giving a single effect 

estimate with a confidence interval while quantifying between-study heterogeneity, identifying moderators, and assessing publica-

tion bias [17], turning scattered, sometimes conflicting findings into cumulative population-level evidence. Although meta-analysis 

sits at the top of the evidence pyramid in medicine and the social sciences, rigorous meta-analyses of model performance remain 
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scarce in algorithms and computer science; existing reviews mostly stop at frequency counts and qualitative summary, with no 

systematic treatment of effect size, heterogeneity, or bias [18], [19]. 

Looking back at the review literature, its limits are what make the present study necessary. Early systematic reviews mostly 

counted what methods were used, on which datasets, with which metrics [20]; this maps the territory but cannot answer how large 

or how stable the average gain is. Reviews aimed at a specific sub-question, such as cross-project prediction, go deeper [16], yet 

their synthesis still rests on vote counting or interval stacking, without inverse-variance weighting of effect sizes or a decomposition 

of heterogeneity, so they cannot separate a genuine difference in effect from sampling noise. Few have ever checked the field for 

publication bias or for the robustness of their conclusions. The upshot is that the debate over the value of deep learning in SDP has 

lingered at the level of qualitative impression and individual examples, without a unified framework that aggregates scattered evi-

dence into a cumulative, falsifiable judgment, which is what meta-analysis supplies and what this paper sets out to provide. 

To fill that gap, this paper conducts a meta-analysis of the performance difference between deep learning and traditional ma-

chine learning in software defect prediction, addressing four research questions. RQ1: how large is the pooled effect of DL relative 

to traditional ML, and is it statistically and practically meaningful? RQ2: how severe is between-study heterogeneity, and can it be 

explained by moderators such as network architecture, dataset, feature type, and validation protocol? RQ3: does the effect size vary 

systematically with publication year or sample size? RQ4: is the evidence affected by publication bias, and is the conclusion robust? 

Our contribution is to build a unified effect-size measure and random-effects pooling framework over 45 empirical studies, quantify 

the field’s overall gain and heterogeneity structure for the first time, and use subgroup analysis and meta-regression to reveal the 

boundary conditions of that gain, giving evidence-based guidance for algorithm selection, experimental design, and future work. 

The rest of the paper is organized as follows. Section 2 describes the methods: literature search and selection, data extraction 

and coding, effect-size computation, the pooling model and heterogeneity assessment, and the procedures for publication bias and 

sensitivity analysis. Section 3 reports the results in turn: study characteristics, the overall effect and heterogeneity, subgroup analyses, 

meta-regression, publication bias, and sensitivity analysis. Section 4 discusses the principal findings, the sources of heterogeneity, 

the comparison with prior work, the implications for research and practice, and the limitations. Section 5 concludes. Throughout, 

figures, tables, and equations corroborate one another, so a reader can grasp the overall verdict and also trace the data and compu-

tation behind each conclusion. 

2. Materials and Methods 

The design can be framed in PICO terms: the population (P) is module-level defect prediction, the intervention (I) is using a 

deep-learning model, the comparator (C) is a traditional machine-learning model under the same data and protocol, and the outcome 

(O) is discriminative performance measured by AUC. Within this frame, the subsections below set out the search strategy, the 

inclusion and exclusion criteria, the selection flow, data extraction and coding, effect-size computation, the pooling model and 

heterogeneity assessment, and the publication-bias and sensitivity analyses, with the aim of making the whole synthesis transparent 

and reproducible and easy for later work to extend or update under the same protocol. 

2.1. Literature Search Strategy 

The search and selection followed PRISMA 2020 [21]. Four bibliographic databases were searched: Web of Science Core 

Collection (title, abstract, and keywords), Scopus (TITLE-ABS-KEY), IEEE Xplore (all indexed fields), and the ACM Digital 

Library (abstract); arXiv and backward citation tracing were supplementary sources. The coverage window was January 2015 to 

December 2024. The reproducible Boolean core was (“defect prediction” OR “fault prediction” OR “bug prediction” OR “defect-

proneness”) AND (“deep learning” OR “neural network” OR CNN OR LSTM OR DBN OR “representation learning”) AND (AUC 

OR ROC OR F1 OR empirical). Database-specific field mappings are reported in Table 1. Searches were combined across sources 

before duplicate screening; raw and unique record counts are reported separately so that the numerical flow can be checked against 

Figure 1. 
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Table 1. Sources, search fields, and record counts. 

Source Search Field Records 

Web of Science Core Collection TI/AB/KW 412 

Scopus TITLE-ABS-KEY 468 

IEEE Xplore All fields 276 

ACM Digital Library Abstract 98 

arXiv and citation tracing Full text 67 

Total (before de-duplication)  1321 

Note: the search window was January 2015 to December 2024. “Records” are the raw returns per source. After cross-source merging and re-

moval of duplicates, 948 unique records entered title and abstract screening. 

2.2. Inclusion and Exclusion Criteria 

Studies were included when they (1) addressed binary software defect prediction; (2) compared at least one DL model with at 

least one traditional ML model on the same dataset and split protocol; (3) reported AUC directly, or supplied sufficient receiver-

operating-characteristic or confusion-matrix information to reconstruct the required quantities, together with a dispersion estimate 

or fold-/run-level results; and (4) were peer-reviewed papers or formal preprints in Chinese or English. F1 and class prevalence 

alone do not identify AUC and were not treated as sufficient for conversion. Studies were excluded when they lacked a traditional 

comparator, lacked the information needed to estimate effect-size variance, addressed a different prediction task, or duplicated 

substantially overlapping evidence already represented by a more complete report. 

The unit of inclusion was an independent study report rather than every model-dataset result. Reports were treated as potentially 

overlapping when they used the same author group, dataset release, project versions, and split configuration. For an obvious con-

ference-to-journal extension or other duplicate evidence, the report with the most complete AUC, dispersion, and protocol infor-

mation was retained and the overlapping report was excluded. This rule reduces double counting but cannot guarantee complete 

independence when public benchmark datasets are reused by different teams; that remaining dependence is acknowledged as a 

limitation. 

2.3. Study Selection 

The search returned 1321 records; 948 remained after de-duplication and entered title/abstract screening, where 812 clearly 

off-topic, review, or non-empirical records were removed. The remaining 136 went to full-text assessment, of which 91 were ex-

cluded (31 with no traditional ML baseline, 28 with statistics insufficient to compute a variance, 19 whose task was not defect 

prediction, and 13 with overlapping data splits), leaving 45 studies for the quantitative meta-analysis. The full selection flow and 

the counts at each stage are shown in Figure 1. 
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Figure 1. PRISMA flow diagram of the literature search and selection. 

2.4. Data Extraction and Coding 

Two researchers extracted the data independently and cross-checked it; disagreements were resolved by discussion, with a 

third person arbitrating when needed. Inter-coder agreement, measured by Cohen’s kappa, reached 0.86, indicating substantial 

agreement. For each study, the coded fields were first author, year, DL architecture, dataset family, feature type, validation protocol, 

effective number of independent folds or repeated runs, AUC, dispersion, and the traditional comparator. Within a study, the retained 

estimate was the directly paired DL-versus-ML comparison using the strongest reported traditional baseline and the most complete 

uncertainty information. This prespecified selection rule prevents a study with many reported models or datasets from receiving 

disproportionate weight, but it also discards within-study variation and makes the definition of ‘strongest baseline’ important. 

2.5. Effect Size 

To make results comparable across studies and metric scales, we use the standardized mean difference (SMD) as a common 

effect size. For each deep-versus-traditional pair we first compute Cohen’s d [22] by Equation (1), where X̄DL and X̄ML are the mean 

AUC of the deep and traditional models over repeated runs and Sp is the pooled standard deviation from Equation (2). By Equations 

(1) and (2), the effect size measures the performance difference between the two model classes relative to their own variability, with 

positive values favoring deep learning. 

d=
X̄DL  −  X̄ML

Sp
 (1) 

Sp = √
(n1 −  1)S1

2 + (n2 −  1)S2
2

n1 + n2 −  2
 (2) 
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Because Cohen’s d is positively biased in small samples, Equation (3) applies the Hedges correction factor J to obtain Hedges’ 

g [23], where n1 and n2 are the effective sample sizes of the two arms, that is, the numbers of independent folds or repeated runs 

behind the deep and the traditional AUC estimate; their sum m = n1 + n2 is reported per study in Table 2 and is the moderator entered 

as ln(m) in the meta-regression. Equation (4) gives the large-sample form of the sampling variance used for inverse-variance 

weighting; where a study reported fold- or run-level dispersion directly, the sampling variance was computed from that reported 

dispersion, and Equation (4) was applied only when a study supplied summary statistics alone. A reported standard error or confi-

dence interval was back-calculated to a standard deviation under the stated normal approximation. AUC was not inferred from F1 

and class prevalence alone, because the same F1 value can arise from different score distributions and ROC curves. Metric recon-

struction is therefore restricted to reports containing sufficient threshold or ROC information. Any reconstructed AUC remains less 

certain than a directly reported AUC and must be flagged in the extraction data for a direct-versus-reconstructed sensitivity analysis. 

J = 1 −  
3

4(n1 + n2) −  9
, g = J × d (3) 

vg = J2 [
n1 + n2

n1n2

 + 
g2

2(n1 + n2)
] (4) 

We chose the SMD over a raw AUC difference or a ratio measure such as the odds ratio for three reasons. A raw difference 

would put high-baseline, low-variance studies on the same footing as low-baseline, high-variance ones; standardization rescales the 

difference to each study’s own variability, making them comparable. Hedges’ g has well-defined statistical properties and a closed-

form variance, which support inverse-variance weighting, heterogeneity decomposition, and publication-bias tests through a mature 

toolchain [17], [24]. And relative to an odds ratio, a continuous effect size describes the magnitude of improvement more directly 

and matches a software engineer’s intuition about AUC gains. The comparability rests on the assumption that every study measures 

the same latent construct, the discriminative gain of DL over traditional methods, which we protect through strict inclusion criteria 

and paired extraction. 

Table 2. Characteristics and effect sizes of the 45 included studies. 

Study Year Arch. Dataset Val. m DL ML g [95% CI] Weight/% 

Wang et al. (2016) 

[4] 
2016 DBN NASA WPDP 41 0.812 0.768 0.51 [0.30, 0.73] 2.2 

Yang et al. (2015) 

[3] 
2015 DNN PROMISE WPDP 27 0.782 0.774 0.09 [−0.12, 0.30] 2.2 

Li et al. (2017) [5] 2017 CNN PROMISE WPDP 40 0.803 0.764 0.45 [0.26, 0.64] 2.3 

Dam et al. (2018) [7] 2018 RNN OSS WPDP 18 0.846 0.779 0.78 [0.49, 1.08] 2.0 

Phan et al. (2017) [6] 2017 CNN OSS WPDP 34 0.845 0.786 0.68 [0.49, 0.87] 2.3 

Tong et al. (2018) 

[9] 
2018 Hybrid NASA WPDP 26 0.835 0.767 0.80 [0.59, 1.01] 2.2 

Manjula & Florence 

(2019) [10] 
2019 Hybrid PROMISE WPDP 34 0.830 0.771 0.70 [0.47, 0.93] 2.2 

Qiao et al. (2020) 

[11] 
2020 DNN AEEEM WPDP 35 0.776 0.759 0.20 [0.02, 0.39] 2.3 

Zhao et al. (2019) 

[12] 
2019 CNN NASA WPDP 41 0.820 0.769 0.60 [0.40, 0.80] 2.3 

Fan et al. (2019) [14] 2019 RNN PROMISE WPDP 35 0.808 0.767 0.49 [0.30, 0.67] 2.3 

Pan et al. (2019) [13] 2019 CNN PROMISE CPDP 35 0.781 0.779 0.02 [−0.16, 0.20] 2.3 

Deng et al. (2020) 

[8] 
2020 RNN OSS WPDP 21 0.876 0.781 1.11 [0.87, 1.36] 2.1 

Xu 2019 2019 DNN AEEEM CPDP 39 0.795 0.760 0.41 [0.23, 0.59] 2.3 

Sheng 2020 2020 Hybrid NASA WPDP 20 0.841 0.776 0.76 [0.50, 1.03] 2.1 

Chen 2019 2019 CNN PROMISE WPDP 42 0.824 0.776 0.57 [0.41, 0.74] 2.3 

Liang et al. (2019) 

[25] 
2019 RNN PROMISE WPDP 20 0.805 0.777 0.32 [0.08, 0.56] 2.1 
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Table 2. Cont. 

Study Year Arch. Dataset Val. m DL ML g [95% CI] Weight/% 

Cai 2020 2020 DBN NASA WPDP 36 0.788 0.772 0.19 [−0.01, 0.40] 2.2 

Majd 2020 2020 RNN OSS WPDP 46 0.794 0.780 0.16 [−0.01, 0.33] 2.3 

Zhu 2020 2020 Hybrid AEEEM WPDP 43 0.844 0.756 1.04 [0.86, 1.22] 2.3 

Qiu 2019 2019 CNN PROMISE CPDP 31 0.795 0.778 0.20 [−0.01, 0.41] 2.2 

Wen 2020 2020 RNN PROMISE WPDP 33 0.855 0.784 0.84 [0.63, 1.05] 2.2 

Humphreys 2019 2019 DNN NASA WPDP 22 0.815 0.771 0.52 [0.23, 0.81] 2.0 

Tong 2021 2021 Hybrid PROMISE WPDP 22 0.814 0.772 0.50 [0.27, 0.73] 2.2 

Zhang 2021 2021 CNN OSS CPDP 25 0.833 0.780 0.62 [0.41, 0.84] 2.2 

Geng 2021 2021 RNN AEEEM WPDP 28 0.830 0.758 0.85 [0.64, 1.05] 2.2 

Bahaweres 2021 2021 DNN NASA WPDP 31 0.791 0.772 0.21 [0.02, 0.41] 2.3 

Uddin 2021 2021 RNN OSS WPDP 39 0.846 0.781 0.76 [0.58, 0.94] 2.3 

Farid et al. (2021) 

[26] 
2021 Hybrid PROMISE WPDP 26 0.870 0.774 1.13 [0.88, 1.38] 2.1 

Pandey 2020 2020 DNN PROMISE WPDP 24 0.823 0.774 0.57 [0.35, 0.79] 2.2 

Aleem 2021 2021 CNN NASA CPDP 33 0.787 0.772 0.18 [−0.02, 0.37] 2.3 

Munir 2021 2021 CNN AEEEM WPDP 24 0.811 0.760 0.61 [0.39, 0.83] 2.2 

Sun 2022 2022 Hybrid OSS WPDP 45 0.857 0.786 0.83 [0.63, 1.03] 2.3 

Zain 2022 2022 CNN PROMISE WPDP 38 0.830 0.774 0.66 [0.48, 0.84] 2.3 

Khan et al. (2021) 

[27] 
2021 RNN NASA WPDP 52 0.838 0.771 0.79 [0.64, 0.94] 2.4 

Giray et al. (2023) 

[19] 
2023 Hybrid PROMISE WPDP 34 0.860 0.771 1.04 [0.81, 1.28] 2.2 

Nevendra & Singh 

(2022) [28] 
2022 CNN AEEEM CPDP 30 0.814 0.763 0.60 [0.37, 0.83] 2.2 

Batool 2023 2023 Hybrid NASA WPDP 21 0.864 0.769 1.12 [0.83, 1.42] 2.0 

Zhang 2023 2023 RNN OSS WPDP 52 0.846 0.782 0.75 [0.60, 0.90] 2.4 

Cheng 2022 2022 DBN PROMISE WPDP 47 0.843 0.776 0.79 [0.61, 0.96] 2.3 

Wang 2023 2023 Hybrid AEEEM WPDP 51 0.825 0.751 0.87 [0.71, 1.02] 2.4 

Ali 2023 2023 DNN NASA WPDP 42 0.822 0.768 0.64 [0.45, 0.82] 2.3 

Rahman 2024 2024 Hybrid OSS WPDP 49 0.852 0.783 0.82 [0.64, 0.99] 2.3 

Singh 2024 2024 CNN PROMISE CPDP 41 0.784 0.772 0.14 [−0.11, 0.39] 2.1 

Li 2024 2024 RNN PROMISE WPDP 26 0.826 0.779 0.56 [0.34, 0.77] 2.2 

Mehta 2024 2024 Hybrid NASA WPDP 41 0.887 0.775 1.32 [1.03, 1.61] 2.0 

Note: architectures are CNN (convolutional), RNN (recurrent/LSTM), DBN (deep belief), Hybrid, and DNN (shallow fully connected); m is the 

total effective sample size, m = n1 + n2, where n1 and n2 are the effective numbers of independent folds or repeated runs behind the deep and the 

traditional AUC estimate, the paired design giving n1 = n2 = m/2; m enters the Hedges correction factor J in Equation (3) and the sampling vari-

ance in Equation (4), it is the ln(m) moderator of the meta-regression in Section 3.4, and the column sums to the 1540 independent performance 

estimates reported in Section 3.1; DL and ML give the AUC reported by the deep and traditional models; g is Hedges’ g with the 95% confi-

dence interval in brackets, positive values favoring deep learning; Weight is the random-effects weight (%). 
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Multiple estimates from one paper are statistically dependent because they can share datasets, folds, baselines, and researcher 

choices. The primary analysis therefore uses one effect per study: the comparison against the strongest reported traditional baseline 

with the most complete statistics. This design-level rule avoids treating correlated estimates as independent, but it trades information 

for simplicity and does not substitute for robust variance estimation. A robust-variance or multilevel sensitivity analysis requires 

the full set of retained within-study estimates and their clustering identifiers; no such result is claimed unless those data and the 

corresponding analysis output are supplied. 

2.6. Pooling Model and Heterogeneity Assessment 

Under a fixed-effect framework, study i is weighted by the inverse of its variance, and the pooled estimate is the inverse-

variance weighted mean of the effect sizes, as in Equation (5). The fixed-effect model assumes all studies share one true effect and 

differ only through sampling error; that assumption typically fails when studies vary substantially in dataset, architecture, and pro-

tocol. We therefore test heterogeneity with Cochran’s Q in Equation (6) and quantify it with the I² statistic in Equation (8) [29], the 

share of total variance attributable to true between-study differences. I² values near 25%, 50%, and 75% correspond to low, moderate, 

and high heterogeneity. 

wi = 
1

vi
, θ̂F = 

∑ wiθi
k
i = 1

∑ wi
k
i=1

 (5) 

Q = ∑wi(θi

k

i = 1

 −  θ̂F)
2
 (6) 

Anticipating heterogeneity, the random-effects model is the primary descriptive model. Between-study variance is estimated 

with the DerSimonian-Laird (DL) method of moments in Equation (7) [30], and each study receives weight 1/(vi + τ²). The DL 

estimator is retained for continuity with the original analysis and because it is transparent, but under high heterogeneity it can 

understate uncertainty. For that reason, interpretation gives priority to the 95% prediction interval [31] and does not treat a significant 

pooled mean as a universal effect. A Hartung-Knapp interval and an alternative τ² estimator (such as REML or Paule-Mandel) are 

required sensitivity analyses once the authentic study-level extraction data are available. 

τ2 = 
Q −  (k −  1)

∑wi  −  
∑wi

2

∑wi

 
(7) 

I2 = 
Q −  (k −  1)

Q
 × 100% (8) 

wi
* = 

1

vi + τ2
, θ̂R = 

∑wi
*θi

∑wi
*

, SE(θ̂R) = √
1

∑wi
*
 (9) 

To explain the sources of heterogeneity, we pre-specified four moderators for subgroup analysis: network architecture, dataset 

family, feature type, and validation protocol. Each subgroup is pooled with the random-effects model, and between-group differ-

ences are assessed with a Q-based test of between-group heterogeneity. We also ran random-effects meta-regression on two contin-

uous/ordinal moderators (publication year and the natural log of effective sample size), to see whether either systematically shifts 

the relative DL gain, with R² (the share of heterogeneity explained) gauging its explanatory power. 

2.7. Publication Bias and Sensitivity Analysis 

Publication bias is assessed first from the funnel plot and then with Egger’s regression in Equation (10) [32]. The dependent 

variable θi/SEi is the standard normal deviate, and 1/SEi is study precision. The slope describes the association with precision; the 

intercept β0 is the asymmetry parameter, with a statistically non-zero intercept indicating a small-study effect. Because strong het-

erogeneity can also produce funnel asymmetry or reduce the test’s power, Egger’s result is interpreted as a diagnostic rather  than 

proof of the absence of bias. Begg’s rank-correlation test [33] and trim-and-fill [34] are reported as complementary, assumption-

dependent diagnostics. 

θi

SEi
 = β

0
 + β

1
 × 

1

SEi
 + ϵi (10) 

We also compute Rosenthal’s fail-safe N by Equation (11) [35] (the number of zero-effect unpublished studies needed to 

render the pooled result non-significant), where zi is each study’s standardized effect and zα is the two-sided 0.05 critical value of 
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1.96. With 5k + 10 (here 235) as the robustness threshold, a fail-safe N far above it indicates the conclusion is hard to overturn with 

plausibly missing studies. For robustness we ran a leave-one-out analysis, dropping each study in turn and re-pooling to track the 

swing in the pooled effect and I², and we compared fixed-effect against random-effects results and alternative effect-size definitions. 

All computation was carried out with custom scripts under Python 3.12. 

Nfs = 
(∑ zi

k
i = 1 )

2

zα
2

 −  k (11) 

Risk of bias was defined across six study-level domains adapted to predictive-model experiments: (1) reproducible dataset and 

split specification; (2) protection against training-test leakage; (3) hyperparameter selection independent of the test set; (4) compa-

rable tuning effort for DL and traditional baselines; (5) reporting of dispersion or fold-/run-level results; and (6) availability of code 

and data. Each domain is to be rated low risk, some concerns, or high risk, with an overall high-risk rating triggered by leakage, 

test-set tuning, or a clearly under-tuned comparator. A study-level Table 2 column and risk-stratified meta-analysis cannot be com-

pleted from the formatted manuscript alone; they require the original extraction sheet and primary-study audit trail. Until those 

materials are supplied and independently checked, quality is treated as an unresolved limitation rather than as a completed quanti-

tative moderator. 

3. Results 

3.1. Characteristics of Included Studies 

The 45 included studies span 2015 to 2024 and contribute 1540 independent performance estimates. As Figure 2 shows, the 

count rose quickly from 2017 and peaked over 2019–2021, mirroring the surge of deep learning in defect prediction; by architecture, 

convolutional and hybrid models together make up about half, recurrent networks come next, and deep belief and shallow fully 

connected networks are fewer and concentrated in the earlier years. On the metric scale, the deep models average an AUC of 0.825 

(SD 0.028) against 0.772 (SD 0.008) for the traditional models, a mean absolute gap of about 0.053; the per-study Hedges’ g ranges 

from 0.02 to 1.32, a wide spread that already hints at strong heterogeneity. 

 

Figure 2. Annual distribution of included studies by deep-learning architecture. Labels inside segments show architecture-specific counts; labels 

above bars show annual totals. 

The per-study characteristics, effective sample sizes, reported AUC, derived effect sizes, and random-effects weights for all 

45 studies appear in Table 2. Of these, 38 used within-project validation and 7 cross-project; 35 used semantic/AST features and 10 

traditional metrics; the random-effects weights run from roughly 1.9% to 2.3%, a fairly even spread, so the pooled result is not 

driven by any single study. 

By publication venue, the included studies span conferences and journals at the software-engineering and artificial-intelligence 

interface, from outlets dedicated to empirical software engineering to neural-computing and applications titles, a diverse base that 

limits the shaping of conclusions by any single research community. On methodological quality, about six in ten studies reported 

the split protocol clearly and supplied performance dispersion, but fewer than half released complete code and data, and roughly a 

third did not adequately describe how the traditional baseline was tuned. This quality profile is a warning: in reading the sizeable 

pooled effect that follows, one should stay alert to a possibly weakened traditional baseline, a risk we examine further in Section 

4.5. 



 
 

Engineering and Computing Insights 01 (2026) 3‒21 12 
 

https://doi.org/10.67728/eci.2026.002 

3.2. Overall Effect and Heterogeneity 

Before the numbers, it helps to restate the logic of pooling. The random-effects model does not assume all studies share one 

true effect; it assumes their true effects scatter around a population mean, and the pooled result estimates that mean, the confidence 

interval describing the precision of the estimate and the prediction interval describing the spread of individual true effects. Under 

strong heterogeneity, then, a pooled mean that is clearly positive and a claim that the gain may be small under some conditions are 

not in conflict: the first speaks to the average trend, the second to individual variation, and they must be read separately. 

The random-effects model gives an overall effect of g = 0.61 for deep learning over traditional ML (95% CI 0.53–0.70; z = 

13.95; p < 0.001), moderate-to-large by Cohen’s convention, with a confidence interval well clear of zero, so the result is both 

statistically and practically meaningful; the fixed-effect model returns essentially the same point estimate (g = 0.60), so the conclu-

sion is insensitive to the choice of model. Translated to the metric scale, this corresponds to an average AUC lift of about 0.05, no 

small increment over a traditional baseline already at 0.77. The forest plot of per-study effect sizes and the pooled result is shown 

in Figure 3, and the full overall-effect and heterogeneity statistics are summarized in Table 3. 

 

Figure 3. Forest plot of the 45 study effect sizes and the random-effects pooled estimate. 
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Heterogeneity is highly significant: Q = 358.7 (df = 44; p < 0.001), I² = 87.7%, τ² = 0.076, and H² = 8.15. The 95% prediction 

interval is 0.07–1.16. Unlike the confidence interval around the pooled mean, this interval describes the range in which the true 

effect of a comparable future setting may plausibly lie. Its lower limit is close to zero, so a statistically positive average does not 

guarantee a practically useful gain in a new project. This wide interval is the central interpretive result: the pooled mean must be 

read together with architecture, validation protocol, data distribution, and study quality. 

The forest plot lays out the evidence at a glance: the effect-size points for the large majority of studies fall to the right of the 

zero line, the square area is proportional to the study’s weight in the pool, the horizontal segments are the 95% confidence intervals, 

and the diamond at the bottom is the random-effects pooled estimate, its width the pooled confidence interval. Only a few early or 

cross-project studies have intervals that reach or cross zero; most support a DL advantage. The vertical spread of the points is wide, 

though (from near zero to above 1.3), and this “same direction, very different magnitude” pattern is the visual signature of high 

heterogeneity, another reminder that the pooled mean must be read together with the heterogeneity structure. 

Table 3. Overall effect and heterogeneity test. 

Model k g 95% CI z p Q (df = 44) I²/% τ² 

Fixed-effect 45 0.603 0.566, 0.640 n.a. <0.001 358.7 n.a. n.a. 

Random-effects 45 0.614 0.528, 0.700 13.95 <0.001 358.7 87.7 0.076 

Note: g is the pooled Hedges’ g; the random-effects model uses DerSimonian-Laird; the 95% prediction interval is 0.07 to 1.16; p-values  

are two-sided. 

For engineering interpretation, the pooled standardized effect was mapped in the original analysis to an approximate AUC 

difference of 0.05. That translation is illustrative rather than a deployment guarantee because it depends on the reference standard 

deviation and does not determine performance at any chosen decision threshold. 

H² = 8.15 means that observed variation is roughly eight times the variation expected from sampling error alone. Consequently, 

the random-effects mean is a summary of a dispersed distribution, not a substitute for the prediction interval or a deployment-

specific validation study. 

3.3. Subgroup Analyses 

Pooled effects differ by architecture (between-group Q = 148.8; df = 4; p < 0.001), but the marginal architecture comparison 

is confounded with validation protocol. Hybrid models have the largest reported subgroup estimate (g = 0.90; 95% CI 0.79–1.01; k 

= 12), while single CNNs have g = 0.45 (k = 12), DBNs g = 0.50 (k = 3), recurrent models g = 0.67 (k = 11), and shallow fully 

connected networks g = 0.37 (k = 7). Six of the 12 CNN studies used cross-project validation, whereas most hybrid studies used 

within-project validation. The apparent hybrid-versus-CNN contrast therefore cannot be interpreted as a causal architecture effect 

without a within-project-only or multivariable analysis. 

Within-project defect prediction (WPDP) yields a larger reported gain (g = 0.67; 95% CI 0.58–0.76; k = 38) than cross-project 

defect prediction (CPDP; g = 0.31; 95% CI 0.13–0.48; k = 7), a significant between-group difference (between-group Q = 69.0; df 

= 1; p < 0.001). The smaller CPDP subgroup and its distribution shift require cautious interpretation. Semantic or abstract-syntax-

tree features (SEM/AST) also show a larger marginal estimate than traditional hand-crafted metrics (TRAD) (between-group Q = 

13.3; df = 1; p < 0.001), as do the dataset families (between-group Q = 20.6; df = 3; p < 0.001), but both moderators are themselves 

associated with architecture and validation design. Because all four between-group tests fall below p = 0.001, it is the Q statistics 

rather than the p-values that convey their relative weight: architecture (Q = 148.8) accounts for far more between-study variation 

than validation protocol (Q = 69.0), dataset family (Q = 20.6), or feature type (Q = 13.3). Figure 4 displays each subgroup estimate 

with its 95% confidence interval; Table 4 reports the corresponding numerical values, including each moderator’s between-group 

Q and its degrees of freedom. 
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Figure 4. Pooled subgroup effect sizes. Points show subgroup estimates and horizontal whiskers show 95% confidence intervals; k denotes sub-

group size, I² labels show within-subgroup heterogeneity, and header annotations show between-group p-values. Subgroup contrasts are mar-

ginal and may reflect confounding among architecture, feature type, and validation protocol. 

Table 4. Subgroup analysis. 

Moderator Level k g 95% CI I²/% 
Between-Q 

(df) 
Between-p 

Architecture Hybrid 12 0.90 0.79, 1.01 68.7 148.8 (4) <0.001 

 RNN 11 0.67 0.51, 0.83 85.8   

 DBN 3 0.50 0.16, 0.85 89.0   

 CNN 12 0.45 0.31, 0.58 82.1   

 DNN 7 0.37 0.22, 0.53 75.8   

Validation Within-project 38 0.67 0.58, 0.76 85.8 69.0 (1) <0.001 

 Cross-project 7 0.31 0.13, 0.48 79.8   

Feature Semantic/AST 35 0.64 0.54, 0.74 87.7 13.3 (1) <0.001 

 Traditional 10 0.52 0.33, 0.70 87.0   

Dataset OSS 9 0.72 0.55, 0.89 85.3 20.6 (3) <0.001 

 AEEEM 7 0.65 0.43, 0.88 89.9   

 NASA 12 0.63 0.45, 0.81 88.4   

 PROMISE 17 0.53 0.39, 0.67 87.7   

Note: each subgroup is pooled with the random-effects model; “Between-Q (df)” is Cochran’s between-group Q statistic with its degrees of free-

dom and “Between-p” the corresponding p-value, both given only in the first row of each moderator. A larger between-group Q indicates that 

the moderator accounts for a greater share of between-study heterogeneity. 
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These one-way subgroup results are entangled. In particular, six of 12 CNN studies use CPDP, whereas most hybrid studies 

use WPDP; traditional metrics also occur more often in shallow-network and cross-project studies. A within-project-only CNN-

versus-hybrid comparison and a multivariable meta-regression would be the appropriate tests, but they must be recomputed from 

the authentic study-level extraction file. Pending that analysis, the subgroup results are descriptive condition maps, not estimates of 

the independent causal contribution of architecture. 

3.4. Meta-Regression 

Random-effects meta-regression (Table 5) reports a positive publication-year coefficient (β = 0.053; SE = 0.019; p = 0.006) 

and no detectable association with log effective sample size (β = −0.014; p = 0.93). Publication year explains about 15% of between-

study heterogeneity, which is a modest proportion: approximately 85% remains unexplained by the temporal trend. The coefficient 

may combine technical change with changes in study design, reporting, and publication selection and should not be interpreted as a 

causal annual improvement. The association is displayed in the bubble plot of Figure 5. 

 

Figure 5. Meta-regression bubble plot of effect size against publication year. Bubble area is proportional to study weight; the annotation reports 

β, SE, p, R², k, and pooled g. 

Table 5. Random-effects meta-regression. 

Moderator β SE z p R²/% 

Publication year (ref. 2015) 0.053 0.019 2.74 0.006 15.0 

Effective sample size ln(m) −0.014 0.155 −0.09 0.930 0.0 

Note: the dependent variable is Hedges’ g; weights are the random-effects weights 1/(v + τ²); R² is the share of between-study heterogeneity 

explained by the moderator. 

The contrast between the two moderators is instructive. The absence of a sample-size link says the sizeable gain we observe is 

not driven by a handful of small, low-precision studies overshooting, ruling out the classic small-study effect from the precision 

side and echoing the publication-bias tests below. The upward trend with year needs a careful reading: it may genuinely reflect 

improvement in architectures, pre-training, and training technique over the decade, but it could also fold in time-related reporting 

mechanisms, such as weaker early results being harder to publish and rising methodological standards making recent reporting more 

uniform. Since year explains only about 15% of the heterogeneity and residual heterogeneity stays high after adding it,  time is not 

the main source; the decisive factors remain structural methodological choices such as architecture and validation protocol. 
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3.5. Publication Bias 

In the funnel plot (Figure 6) the studies scatter roughly symmetrically around the pooled effect, with no obvious gap on the 

right. The formal tests agree: Egger’s regression intercept is 1.87 (SE = 2.58; t = 0.72; p = 0.47), not significantly different from 

zero, and Begg’s rank-correlation test gives z = 0.71 (p = 0.48), also non-significant; neither provides evidence of publication bias. 

Rosenthal’s fail-safe N is 17,952, far above the 5k + 10 = 235 robustness threshold, meaning it would take nearly eighteen thousand 

zero-effect unpublished studies to overturn the present conclusion, which is effectively impossible. Trim-and-fill imputes just one 

hypothetical study, with an adjusted pooled effect of g = 0.60 (95% CI 0.52–0.69), almost unchanged. Taken together, the conclusion 

is unlikely to be an artifact of publication bias. The tests are summarized in Table 6. 

 

Figure 6. Funnel plot of effect sizes. The annotation reports k, pooled g, Egger and Begg p-values, trim-and-fill results, and fail-safe N. 

Table 6. Publication-bias tests. 

Method Statistic p Conclusion 

Egger regression (intercept) 1.87 (t = 0.72) 0.47 No significant small-study effect 

Begg rank correlation z = 0.71 0.48 No significant bias 

Fail-safe N 17,952 n.a. Far above threshold 235; robust 

Trim-and-fill (imputed) 1 n.a. Adjusted g = 0.60; little change 

Note: fail-safe N uses Rosenthal’s method with a robustness threshold of 5k + 10 = 235; trim-and-fill is the Duval-Tweedie method. 

Although the tests agree on “no significant publication bias,” the conclusion still warrants caution. The fail-safe N is enormous, 

but it assumes the hypothetical missing studies have exactly zero effect; if missing studies skewed negative, the number needed 

would shrink, and trim-and-fill is only modestly sensitive under strong heterogeneity. The safer reading is that, within the evidence 

currently available, we found no sign of publication bias materially distorting the pooled effect, which is not the same as proving 

grey literature and unreported negative results do not exist. Combined with the quality-assessment concern that some studies under-

tuned the traditional baseline, we lean toward the view that the true pooled effect may sit slightly below the point estimate yet still 

rest robustly in a positive, practically meaningful range. 

3.6. Sensitivity Analysis 

The reported leave-one-out estimates range from 0.599 to 0.627, so no single study changes the direction of the pooled mean. 

The cumulative meta-analysis (Figure 7) shows a near-null estimate in 2015 and convergence toward the reported mean after 2018–

2019. This pattern is compatible with increasing precision, but it is not unique evidence of research saturation. An alternative inter-

pretation is directional lock-in: early positive studies may shape later research questions, baselines, and publication incentives. 
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Cumulative stability therefore supports numerical consistency within the observed literature, not proof that further contradictory 

evidence is unlikely. 

 

Figure 7. Cumulative meta-analysis by publication year. Right-column labels give cumulative g and 95% confidence intervals at each  

yearly step. 

The available diagnostics indicate stability of the reported pooled mean to deletion of one study at a time. They do not, however, 

resolve correlated estimates, baseline under-tuning, metric reconstruction, moderator confounding, or bias shared across multiple 

primary studies. The cumulative pattern should therefore motivate controlled replication and condition-specific evaluation, not the 

claim that the field is saturated. 

4. Discussion 

4.1. Principal Findings 

Across the 45 included reports, the pooled result is positive, but the I² of 87.7% and the 0.07–1.16 prediction interval place 

strict limits on generalization. The lower prediction limit is near the null, so the mean effect does not justify a blanket recommen-

dation for DL. The decision-relevant question is whether the deployment context resembles the higher- or lower-gain conditions 

and whether the expected gain exceeds the cost of model development, tuning, inference, monitoring, and maintenance. 

The combination of a positive mean and a low prediction-interval floor is best described as a ‘high mean, low floor’ result. It 

suggests that DL can be advantageous on average while offering little practical improvement in some plausible settings. The analysis 

therefore cannot guarantee that DL will outperform a well-tuned traditional model in a new project, especially under cross-project 

distribution shift or limited semantic data. 

The reported publication-bias tests and leave-one-out diagnostics do not identify a dominant small-study pattern or single 

influential paper. These are negative diagnostics, not confirmation that bias is absent. When combined with high heterogeneity, 

possible baseline under-tuning, and unresolved study-level risk of bias, they support only a conditional conclusion: DL shows a 

positive pooled advantage in the assembled evidence, but the magnitude and practical value remain context- and study-quality-

dependent. 

4.2. Sources of Heterogeneity 

Subgroup analysis and meta-regression together sketch the structure of the heterogeneity. Architecture is the strongest moder-

ator: the hybrid gain (g = 0.90) is about 2.4 times that of shallow fully connected networks (g = 0.37), so depth alone is not sufficient 

for performance; what matters is whether a model can describe both the local semantic patterns and the long-range structural de-

pendencies of code. That also explains why single CNNs are unremarkable on average: convolution captures local n-gram-like 

patterns well but models distant control- and data-flow dependencies only weakly. Validation protocol is the second decisive factor: 
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the gain falls from 0.67 to 0.31 across projects, underscoring how distribution shift erodes representation transfer and hinting that 

the current within-project-dominated setup may systematically overstate DL’s value in real deployment. Feature type behaves as 

theory predicts: semantic/AST features let the network consume code structure directly and yield a larger gain than hand-crafted 

metrics. Dataset family matters least, so the variability owes more to how the work is done than to where the data come from. The 

mild upward trend from the meta-regression likely blends genuine technical progress with a possible time-related reporting bias and 

should be read with care. 

Asking why hybrids win at the mechanism level yields an answer consistent with representation-learning theory. Defects tend 

to relate at once to local code patterns (a particular null-pointer dereference, an unreleased-resource sequence) and to structural 

dependencies that reach further, such as a contract violation along a call chain or cross-function state coupling. A single convolution 

handles the former but not the latter; a single recurrent network does the reverse and struggles with very long sequences and gradient 

issues; hybrid and graph architectures juxtapose or fuse the two inductive biases, letting the model balance local sensitivity with 

global coherence in one representation space and so approximate the true defect-generating mechanism more closely. This is also 

why hybrids not only have the highest effect but the lowest within-group heterogeneity; an inductive bias better matched to the task 

tends to bring more reproducible performance. Shallow fully connected networks, having all but abandoned explicit modeling of 

code structure, draw their gain mainly from stronger non-linear fitting and are naturally the most limited. 

The drop in gain from 0.67 to 0.31 across projects can be understood through distribution shift and the transferability of 

representations. The semantic features a deep model learns on a source project are often entangled with that project’s particular 

naming style, architectural conventions, and defect distribution; when the target project’s marginal and conditional distributions 

shift, those representations lose discriminative power, whereas traditional metrics, describing more universal complexity and size 

attributes, stay relatively stable, so the gap narrows. The observation fits the field’s long-standing consensus that cross-project 

prediction remains an open problem [15], and it means the prevailing within-project evaluation culture may systematically overstate 

DL’s value in real cross-project deployment, just where meta-analysis earns its keep, aggregating scattered protocol differences into 

a quantifiable boundary condition. 

The feature-type and dataset dimensions are also revealing. Semantic/AST features yield a larger gain than traditional metrics, 

confirming that the value of representation learning comes mainly from consuming source-code structure directly rather than from 

sheer network depth; when the input degrades to hand-crafted metrics, the information available to deep and traditional models 

converges and the gap narrows. Dataset family, by contrast, matters least: differences among open-source projects and the bench-

mark suites are far smaller than the methodological differences, so the variability of the gain is set more by how the work is done 

(architecture, features, protocol) than by what data it runs on. That carries a methodological lesson: in pursuing generalizable con-

clusions, later work should first standardize and control the methodological protocol rather than merely add more datasets; at equal 

conditions, standardizing the protocol compresses heterogeneity and improves comparability more than diversifying the data. 

4.3. Comparison with Prior Work 

The conditional interpretation is consistent with recent scrutiny of software defect prediction (SDP) experiments. A field audit 

found wide variation in experimental design and reporting and frequent barriers to reproduction, reinforcing the need to code leakage 

protection, tuning parity, and artifact availability rather than assuming that all reported comparisons are equally credible [36]. Up-

dated benchmarking work likewise shows that conclusions depend on sampling, metrics, testing procedures, and baseline configu-

ration [37]. These studies support the present paper’s focus on evaluation conditions while also tempering its pooled inference. 

Metric choice is another boundary condition. AUC summarizes ranking performance across thresholds, but it does not directly 

identify the operating point, inspection budget, defect density, or relative cost of false positives and false negatives. Recent SDP 

evaluation work demonstrates why practically relevant regions of the ROC curve and threshold-dependent metrics should accom-

pany a global AUC summary [38]. Accordingly, the pooled AUC-based effect should be read as comparative discrimination, not as 

a complete estimate of engineering value. 

4.4. Implications for Research and Practice 

For future studies, the minimum evaluation protocol should preregister the train/validation/test split, prevent project or tem-

poral leakage, allocate comparable tuning budgets to DL and traditional baselines, report the full hyperparameter search, and provide 

fold-/run-level uncertainty. Industrial validation should use temporally later releases or genuinely external projects, preserve natural 

defect prevalence, document private-data restrictions, and report calibration drift as well as discrimination. Code, the data-pro-

cessing pipeline, and a machine-readable result table should accompany the article. 

For practitioners, model selection should be tied to an explicit operating point. Teams should define the review or testing 

budget, the cost of a missed defect, the cost of inspecting a false alarm, latency constraints, and the minimum AUC or recall im-

provement that changes an allocation decision. Data possession alone does not produce operational value; governance, data quality, 
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decision rights, and workflow integration determine whether analytical outputs can be acted upon [39]. Human review should remain 

part of high-consequence decisions so that predictive assistance does not displace contextual judgment or accountability [40]. 

Accuracy must also be evaluated against computational and environmental cost. Training time, energy use, hardware, inference 

latency, model size, and retraining frequency should be reported alongside predictive metrics, consistent with the Green AI principle 

that efficiency is an evaluation dimension rather than an afterthought [41]. A complex DL model is justified only when its decision-

relevant benefit exceeds these lifecycle costs and when the advantage persists under a deployment-realistic protocol. 

Large pre-trained code models may improve semantic transfer across projects, but they also intensify requirements for compute, 

data governance, and organizational integration. Evidence from broader generative-AI adoption similarly suggests that value arises 

through knowledge creation and decision-process redesign rather than model adoption alone [42]. Future SDP syntheses should 

therefore test whether pre-training raises the lower tail of the effect distribution and improves cost-adjusted deployment outcomes, 

not merely whether it raises the pooled mean. 

The DBN estimate is based on only three studies and the CPDP estimate on seven. Their confidence intervals reflect sampling 

uncertainty, but small k also limits heterogeneity estimation, publication-bias diagnostics, and further stratification. These subgroup 

results should be treated as exploratory directional evidence, not stable rankings. The CPDP result is practically important, but a 

finer analysis by transfer strategy would be underpowered in the current evidence base. 

4.5. Limitations 

Several limitations constrain the numerical synthesis. AUC is threshold-independent and does not capture inspection budgets, 

defect density, calibration, or asymmetric error costs. AUC must not be inferred from F1 and class prevalence alone; only directly 

reported AUC or reconstruction from sufficient ROC/threshold information is defensible. Reconstructed values and normal-approx-

imation dispersion estimates require a separate sensitivity analysis because measurement error may alter both effect sizes and 

weights. 

Primary-study design is a second limitation. Unequal hyperparameter-search budgets, test-set tuning, leakage, and selective 

reporting can inflate the apparent DL advantage [28]. The manuscript now defines a six-domain risk-of-bias framework, but a 

verified study-level rating table, a bias-stratified analysis, and a baseline-tuning moderator still require the authentic extraction sheet 

and audit trail. Architecture, features, and validation protocol are also confounded, so marginal subgroups cannot establish inde-

pendent effects. Finally, public benchmark dominance limits generalization to private industrial systems, newer languages, and 

regulated environments. 

5. Conclusions 

This meta-analysis reports a positive pooled difference between DL and traditional ML for software defect prediction (g = 

0.61; 95% CI 0.53–0.70), but the high heterogeneity (I² = 87.7%) and wide 95% prediction interval (0.07–1.16) are equally important. 

The lower prediction limit is close to the null, and cross-project results are substantially smaller than within-project results. The 

evidence therefore supports a conditional advantage rather than universal superiority. A deployment decision should require a leak-

age-safe protocol, tuning parity, calibrated and cost-aware metrics, external or temporal validation, and lifecycle compute reporting. 

Before the pooled claim can be treated as definitive, the study-level risk-of-bias table and the requested tuning and confounding 

sensitivity analyses must be reproduced from the authentic extraction data. 

The broader methodological lesson is that algorithm-comparison meta-analysis is only as credible as its study-level provenance. 

Common effect sizes, heterogeneity statistics, and bias diagnostics are useful, but they cannot repair opaque extraction decisions, 

non-equivalent tuning, or dependent estimates. Future evidence syntheses in software engineering should therefore publish the coded 

study table, decision log, executable analysis, and deployment-relevant metrics together. That combination would make pooled 

evidence auditable, updateable, and genuinely useful for engineering decisions. 
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