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Abstract. Ensemble methods are widely used in cross-project 

defect prediction (CPDP), particularly in projects that lack sufficient 

historical data by training on external source projects. However, no 

prior study has compared Bagging, Boosting, and Stacking directly 

under a Leave-One-Project-Out (LOPO) protocol or examined 

whether within-project performance rankings carry over to the 

cross-project setting. We evaluated three ensemble classifiers on 

five NASA MDP datasets sharing a common Halstead and McCabe 

feature schema. SMOTE is applied exclusively to pooled source data 

to prevent leakage into the target. A no-SMOTE baseline isolates 

the contribution of source-only SMOTE. LIME explanations are 

aggregated over thirty instances per model to assess feature 

importance consistency across the project boundary. Within-project 

evaluation shows Stacking achieves the highest F1 on four of five 

datasets, peaking at 0.503 on KC1. Under LOPO, these rankings 

reverse as Bagging and Boosting transfer more reliably, while 

Stacking's F1 drops by up to 0.258 points. Source-only SMOTE 

consistently improves transfer across all targets and ensembles. 

LIME consistency analysis produces undefined Spearman rank 

correlations, indicating that thirty-instance aggregation is 

insufficient to produce stable rank vectors for 21-feature datasets. 

To the best of our knowledge, this is the first study to compare all 

three ensemble strategies under LOPO on a shared NASA dataset 

feature schema. Particularly with a no-SMOTE control, aggregated 

LIME analysis, and a pilot meta-feature study identifying dataset 

size as the most actionable label-free predictor of ensemble 

suitability for CPDP deployment.  

Keywords: SDP, Cross-project defect prediction, Ensemble 

Learning, SMOTE, LIME, Explainability, Leave-One-Project-Out, NASA 

MD 
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1. INTRODUCTION 

 

In software quality assurance (SQA) and software maintenance, software defect 

prediction (SDP) identifies fault-prone modules before testing begins, so that inspection 

effort can be channelled where it is most likely to find defects [1], [2], [3]. To achieve this, 

most prediction models are trained and tested on data from the same project, an 

approach known as within-project defect prediction (WPDP) [4], [5]. WPDP works well 

when a project has accumulated several releases of labelled defect data. This is because 

training and test sets share the same metric distributions and the same defect-

introduction patterns [4], [6]. However, many projects reach a testing phase before any 

usable defect history exists. New development initiatives, first-version releases, and 

teams that do not maintain defect records all face this problem [7], [8]. Unlike WPDP, 

cross-project defect prediction (CPDP) addresses it by training on labelled data from 

external source projects and applying the resulting model to the target [9], [10], [11].  This 

study focuses on homogeneous CPDP, where source and target projects share the same 

feature schema, specifically Halstead, McCabe, and LOC metrics common to all five NASA 

MDP datasets used here. This removes feature-space heterogeneity as a confound and 

isolates the effect of distribution shift. Even within a shared schema, however,  source 

and target projects rarely share the same data distribution: differences in team size, 

development methodology, application domain, and coding conventions, all of which 

widen the gap between them [7], [12], [13]. Empirical studies consistently show cross-

project models underperform their within-project counterparts in most source-target 

combinations. Reliable transfer is achieved only when projects share favourable 

conditions of project similarity [12], [13]. 

 

To close this performance gap, ensemble classifiers have been widely adopted [3]. 

Bagging reduces prediction variance across varied source distributions. Boosting 

reweights difficult instances sequentially and adapts to imbalanced class ratios. Stacking 

trains a meta-learner on top of diverse base classifiers and can capture interactions that 

homogeneous ensembles miss [2], [3], [4], [14]. Class imbalance compounds the problem 

as defective modules typically account for fewer than 20% of any given dataset and 

sometimes fewer than 7% [7], [15]. The Synthetic Minority Oversampling Technique 

(SMOTE) among others, is the most widely used remedy, though its interaction with cross-

project transfer has received limited study [16], [17].  
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Another challenge is that the decision logic of ensemble models is opaque to 

practitioners. A developer who receives a defect-prone prediction needs to know which 

features drive it before deciding how to respond. When the prediction comes from a 

model trained on a different project, a further question arises: are those feature 

attributions valid for the target setting? Local Interpretable Model-Agnostic Explanations 

(LIME) generate per-instance feature importance weights for any classifier. Whether 

those weights remain stable when a model transfers across projects has not been 

examined. Chen et al. [10] found that feature rankings produced by a global cross-project 

model were consistent with individual local models in only 55% of cases, which points to 

a real risk that transferred explanations mislead practitioners. No previous work has 

quantified this instability across multiple ensemble types using aggregated LIME 

explanations. In the same vein, a related unresolved question is how to select the 

appropriate ensemble for a given target project without running a full experiment. 

Dataset meta-features are statistics computed before any model is trained, such as class 

imbalance ratio, skewness, and feature correlation. They have been used in other machine 

learning settings to predict algorithms performance on unseen datasets. 

 

Therefore, this paper evaluates ensemble-based homogeneous CPDP on five NASA MDP 

datasets: CM1, KC1, JM1, KC2, and PC1, using a Leave-One-Project-Out (LOPO) evaluation 

design. These datasets are used because they provide a publicly available, well-

documented benchmark widely adopted in CPDP research and directly comparable with 

prior work [18], [19]. All five share the same Halstead and McCabe feature schema. This 

removes feature-space heterogeneity as a confound and isolates distributional shift as 

the primary source of cross-project difficulty. SMOTE is applied exclusively to pooled 

source data inside the training pipeline to prevent leakage into the target. The findings 

are scoped to the homogeneous setting and should not be generalised to heterogeneous 

CPDP without further validation.  The four research questions (RQs) addressed are: RQ1: 

Which ensemble learning technique (Bagging, Boosting, or Stacking) transfers most 

reliably under the LOPO cross-project setting? RQ2: Does applying SMOTE to exclusively 

pooled source data improve cross-project transfer, and does the effect vary across 

targets? RQ3: Are LIME feature importance rankings stable when the same ensemble is 

assessed within a project versus across projects? and RQ4: Can dataset meta-features 

predict which ensemble will perform best on an unseen target project? 
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The main contributions are as follows: 

1) A controlled LOPO comparison of Bagging, Boosting, and Stacking on five NASA 

MDP datasets under a fixed 21-feature homogeneous schema. F1, AUC-ROC, 

MCC, and Brier score are reported alongside a no-SMOTE control baseline. 

2) A LIME consistency analysis in which explanations are accumulated over thirty 

test instances per model, and Spearman rank correlation quantifies 

explanation stability between the within-project and cross-project settings. 

This study is the first to apply this diagnostic across multiple ensemble types 

on a shared NASA dataset schema. 

3) A pilot meta-feature analysis identifying imbalance ratio and dataset size as 

preliminary predictors of ensemble suitability for CPDP. This is achieved with 

an explicit distinction between label-free and label-dependent meta-features 

relevant to unlabelled deployment scenarios.  

 

The remainder of this paper is structured as follows: Section 2 presents related work on 

CPDP, class imbalance, ensemble learning, and explainability in SDP. Section 3 describes 

the methodology used. Section 4 interprets and discusses the findings, compares them 

against prior work, and addresses threats to validity, while Section 5 concludes and 

provides specific future research directions. 

 

2. RELATED WORKS 

 

This section covers WPDP, CPDP, class imbalance handling, ensemble architecture in SDP 

literature, and the use of explainability methods in defect prediction. Table 1 summarizes 

relevant studies against these dimensions. 

 

2.1. Within-project and cross-project defect prediction 

In SDP, WPDP trains and tests a classifier using data from the same project or its prior 

releases. Because both sets come from the same distribution, WPDP models tend to 

capture project-specific defect patterns and generally outperform cross-project models 

when labelled history is available [4], [6]. The practical constraint is straightforward: 

projects in early development lack the defect records needed to train a reliable within-

project model [7], [8]. On the other hand, CPDP reframes prediction as a transfer task, 

substituting labelled data from external source projects for missing local history [9], [10]. 
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Homogeneous CPDP, where source and target share the same metric suite, is the more 

tractable variant because no feature mapping is required [4], [20]. The five NASA datasets 

used in this study fall into this category, all sharing the Halstead and McCabe schema. 

Heterogeneous CPDP, where feature spaces differ, requires additional alignment steps 

such as encoder networks [20] or canonical correlation analysis [16], which introduces 

extra sources of error beyond distributional shift. 

 

Accordingly, the distributional gap between source and target is the central technical 

difficulty. Several approaches have been proposed to reduce it. For example, instance 

weighting based on source-target similarity [7], [12], [21] source project selection by 

collaborative filtering [22] or clustering [23], and domain adaptation using kernel methods 

[24]. Tong et al. [12] combined triple feature weighting with an adaptive fallback to 

unsupervised methods when source data is unreliable, reporting improvements over 

transfer learning baselines on 34 datasets. Haonan et al. [11] pooled data from multiple 

source projects, applied KL divergence and mutual information to weight source 

instances, and found that multi-source transfer outperforms single-source transfer 

across 30 projects. The LOPO design in this study follows the same multi-source logic, 

where for each target, the remaining four datasets are pooled as the source. Evaluation 

protocols vary across the CPDP literature. All-pairs evaluation trains on one project and 

tests on each of the others in turn. LOPO is a stricter variant in which each dataset serves 

as a target exactly once, with the rest forming the source pool. LOPO reduces the risk 

that results are driven by a few favourable source-target combinations and is 

increasingly adopted in comparative CPDP studies [6], [25]. 

 

2.2. Class Imbalance in defect datasets 

Defect datasets are skewed, as non-defective modules outnumber defective ones in most 

projects, with imbalance ratios ranging from roughly 2:1 to above 13:1 in the NASA datasets 

collection. Standard classifiers trained on such data tend to assign most instances to the 

majority class, producing high overall accuracy but low recall on defective modules [7],[15]. 

This makes accuracy unreliable as a primary metric, like F1, and AUC-ROC gives a more 

informative picture of minority-class performance [4], [26]. Furthermore, SMOTE 

generates synthetic minority instances through linear interpolation between existing 

defective samples and is the most widely applied imbalance remedy in SDP [16], [17]. 

Mustaqeem et al. [17] combined SMOTE-ENN with XGBoost and recursive feature 
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elimination on four NASA datasets, including CM1 and KC1, reporting F1 improvements 

over classifiers trained on the unbalanced data. Fan et al. [16] paired SMOTE with Deep 

Canonical Correlation Analysis for cross-project transfer and improved AUC across 27 

projects. 

 

A methodological concern specific to CPDP is where SMOTE is applied relative to the 

source-target boundary. Fitting SMOTE on data that includes target instances, or applying 

it to the whole dataset before splitting, introduces synthetic samples derived from the 

target distribution into training, inflating performance estimates. In this study, SMOTE is 

embedded inside the training pipeline and fitted only on source data, so the target set is 

never modified. 

 

2.3. Ensemble methods in SDP 

Ensemble methods appear throughout SDP literature because they address two recurring 

problems: the variance that comes from training on small or noisy defect datasets, and 

the class bias that individual classifiers develop on imbalanced data [2], [3], [4], [14]. 

Bagging trains multiple base classifiers on bootstrap samples and aggregates by majority 

vote. Random Forest (RF) is the most cited bagging variant in SDP and appears in several 

studies on NASA datasets as a reliable baseline [1], [2], [3]. Its variance-reduction 

mechanism makes it comparatively stable when training data comes from multiple 

heterogeneous projects. On a similar note, boosting train classifiers sequentially, 

reweighting instances that earlier learners misclassified. AdaBoost and XGBoost are the 

most common variants in SDP. Wang et al. [19] adapted AdaBoost with an instance 

migration step for cross-project transfer and reported F1 improvements over standard 

baselines. Nikravesh and Keyvanpour [7] used a transfer boosting algorithm with Newton-

gravity-based instance weighting and obtained the best AUC result in 67% of project 

pairs across three benchmark repositories.  

 

Stacking trains diverse base classifiers and feeds their out-of-fold predictions to a meta-

learner. Chen et al. [14] applied a two-layer stacking architecture on eight NASA datasets 

and reported improvements over single-ensemble baselines in AUC and MCC. Likewise, 

Xin et al. [4] compared Bagging, Boosting, and Stacking directly on 22 NASA and PROMISE 

datasets and recommended Boosting for time-sensitive projects. Neither study evaluated 

the three strategies under LOPO conditions, and neither asked whether within-project 
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rankings carry over to the cross-project setting. Chen et al. [10] framed ensemble 

selection as a multi-objective bi-level optimization problem and searched over pipeline 

configurations simultaneously. Their MBL-CPDP tool outperformed AutoML baselines on 

AUC across 20 projects, though the computational cost is high. This study takes a 

different approach. Three fixed ensemble strategies are evaluated under controlled 

conditions, and dataset meta-features are examined as a lower-cost mechanism for 

guiding ensemble selection. 

 

2.4. Explainability in defect prediction 

In SDP, prediction accuracy alone does not satisfy practitioners who need to act on a 

defect-prone label. A developer must know which features steered the prediction prior 

to deciding whether and how to respond. Post-hoc explanation methods, particularly LIME 

and SHAP as XAI methods, address this by assigning signed importance weights to 

features for individual predictions [10], [13]. Most SDP applications of these tools report 

feature importance for a single instance or compute global importance over the full test 

set. Single-instance LIME is unstable. This is because small perturbations to the input can 

change the rank order of features substantially [27]. Consequently, it is not reliable as 

evidence of a model's general behaviour. This study collects LIME explanations over thirty 

test instances per model and uses Spearman rank correlation to compare the resulting 

rankings between the within-project and cross-project settings. 

 

Whether explanations transfer reliably across project borders has received almost no 

attention. Chen et al. [10] noted that the most important features identified by a global 

cross-project model were consistent with individual local models in only 55% of cases. If 

true at the ensemble level, a model with acceptable cross-project F1 could still produce 

misleading feature attributions for the target project. No prior study has tested this 

across multiple ensemble types, which is the focus of RQ3. 

 

Table 1. Summary of related studies 

Ref. CPDP Method Ensemble Datasets XAI 

[2] No None Voting ensemble 7 NASA MDP No 

[4] No SMOTE Bagging/Boosting/Stack 
22 (NASA, 

PROMISE) 
No 
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Ref. CPDP Method Ensemble Datasets XAI 

[7] Yes 
SMOTE + 

cost 
Boosting (transfer) 

AEEEM, NASA, 

SOFTLAB 
No 

[10] Yes Various AutoML pipeline 
20 (AEEEM, 

JURECZKO) 
Partial 

[11] Yes SMOTE Weighted ensemble 
30 (AEEEM, 

PROMISE) 
No 

[12] Yes SMOTE Boosting (transfer) 
34 (AEEEM, 

PROMISE, NASA) 
No 

[14] No Feature filter Stacking (2-layer) 8 NASA MDP No 

[16] Yes SMOTE SVM via DCCA 
27 (NASA, 

PROMISE) 
No 

[17] No SMOTE-ENN XGBoost 
CM1, PC1, KC1 

(NASA) 
Partial 

[21] Yes None stated Boosting (adapted) Multiple No 

This 

Study 
Yes SMOTE (src) Bagging/Boosting/Stack 

5 NASA MDP, 

LOPO 

LIME 

(RQ3) 

 
 
Table 1 maps related studies against cross-project transfer, imbalance handling, ensemble 

type, and XAI, the four dimensions that the present study addresses. Three gaps emerge. 

As shown, studies that compare all three ensemble types directly do so within a single 

project. The cross-project studies that use ensemble methods fix one type or embed it 

in a broader framework. This makes it impossible to isolate the ensemble strategy's 

contribution. No study uses LOPO on the five-dataset NASA subset with all three 

strategies under the same protocol. On XAI, studies that report any feature importance 

do so as a global ranking or a single-instance example; none compare within-project and 

cross-project rankings for the same model. The stability of LIME explanations across the 

project border is left entirely unaddressed. Moreover, no study extracts the dataset meta-

features to predict which type will transfer best to a given target. Although Chen et al. 

[10] use meta-features implicitly through AutoML search, they do not examine them as 

predictors of ensemble suitability. This study focuses on answering that question. 
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3. METHODS 

 

This paper adopts an empirical software engineering (SE) research design structured 

around four research questions (RQs) in its study. It covers predictive performance, class-

imbalance treatment, explainability consistency, and meta-learning for model selection. 

The experimental pipeline proceeds through four phases: a within-project baseline, a 

LOPO cross-project evaluation, an aggregated LIME consistency analysis, and a meta-

feature correlation analysis. Fig. 1 presents an overview of the full experimental process. 

The experiment was conducted on a Windows OS 64-bit system with an AMD Ryzen 8-

core processor (4.10 GHz), 32 GB RAM, and a 466 GB hard drive, using a Python virtual 

environment to ensure reproducibility. The main packages included scikit-learn for 

ensemble classifier implementation, hyperparameter tuning, and evaluation metrics; 

imbalanced-learn for SMOTE-based oversampling within the training pipeline; and LIME 

(lime library) for local feature importance explanation. pandas and NumPy handled data 

loading, pre-processing, and numerical operations. Matplotlib was used for figure 

generation and report output. The OS, time, collections, and warnings standard library 

modules managed file operations, execution timing, and pipeline logging. scipy.stats 

provided the Spearman rank correlation function used in the LIME consistency and meta-

feature analyses. All experiments were run under Python 3.14.3.  

 

3.1. Datasets and pre-processing 

Five software defect datasets are used, all sourced from the NASA Metrics Data Program 

(MDP) through the PROMISE SE Repository. All five share the same Halstead complexity 

measures, McCabe cyclomatic complexity metrics, and lines-of-code (LOC) features. Table 

2 summarizes their features. We employed NASA datasets because they have been widely 

used by researchers and practitioners and are publicly available for SDP study [18], [19]. 
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IR = imbalance ratio. SMOTE applied to source/training data only, seed=42 throughout 

Figure 1. Experimental process 

 

Table 2. Summary of NASA benchmark datasets 

Dataset Project Type Instances Features 
Defective 

(%) 

Imbalance 

Ratio 

CM1 NASA Spacecraft 498 21 9.8 9.16 

KC1 
Storage 

Management 
2,109 21 15.5 5.47 

JM1 Real-Time System 13,204 21 19.3 4.18 

KC2 
Storage 

Management 
522 21 20.5 3.88 

PC1 Flight Software 1,109 21 6.9 13.40 

 

!"#"ABCDCEFDEAGAHIJIKFLFIMEANOBOAPHCQEDFCRST8NCVFSW;NA#8<FJC=A>?A@FCDMAFEB

!"#AB"CDEFA*CFE+EIB-.E/CB-MNAB"A#OCEPCAQRBCE+S"T.FCUT.RQCBE+ESQA#IABISOAFCBE"#D"ICE.".CF"#CE+EBA#I-TEDCCIE9:;

CN?
!"#ABCDEFBG+GIE-.L.MNOP

QRE"EG+ST

NT?
!"SDUEFD+UIE-.L.MNOP

QRE"ED+BV

aT?
!"B:AE#CSEFBD+:IE-.L.MNOP

QRE"ES+BU

CN>
!"G##EF#C+GIE-.L.MNOP

QRE"E:+UU

ON?
!"BABCDEFV+DIE-.L.MNOP

QRE"EB:+SC

O<CEFA?AGAbcD<cLGOAIdF8DAeCEFQcLF

;N<=N>L>.-EUC?#CEO@A>NE@.<E-=N=O.N
;_CabEc!EN<=>!>!dEO@A>NEc!Ae
GfLcA-E;Eg<>-;.=<MhijEFkBP

_.N<>MOlEkBAEmnifRCiAE_iiAEo<>.<AEapAkpAkT
!ADCF"#CE<R..CBM*-R#I=

O<CEFA>CAGANOBOAW;O;

b=MhE-=N=O.NE"EN=<d.NEc!M.
R.r=>!>!dESEE@ccA.-E=OEOcs<M.
;_CabEc!EOcs<M.E@ccAEc!Ae
k.=Ns<.E=A>d!r.!NF#BEL.=Ns<.OP

>CQB"OD?E@ABECabMcdbB>bbBEeCFQAM@ABE!B"CBBEfgBE@gBE@K

fLEFJVQFANQCEEc@cFAEAGADMLFRAgcCAhG@IQRAiAcR#FCA8<NjPk?A8AcDFAIlJ=AEFFRmn>B

eCKKcLK
t.M>O>c!Ea<..Eu=O.E+E!v.ONwBCAGCxE+E-.@Nhw:AGx

eIIEDcLKAP"RCeIIEDB
!v.ONwBCAGCxE+EQRwC+GAEB+Cx

#DC8ocLK
Rkytay;jiE→ ]cdR.dEr.N=E+EiwC+BAB+Cx

pTA;MDlMDE
pT?AGArACLE@FAAOFA@IAJCL8F

kBAEmniE_iiEF{>NhyM<cOOPEapAkpAkTE@.<E
N=<d.N?rc-.A

;N=M_>!dE<.}.<O=AEMc!L>.-
o.ONlEo=dd>!d?occON>!d

;N=M_>!dE-.d<=-.OEM<cOOf@<ca.MN

pT>AGA#T;rfAf@@F8D
t.AN=fkBlE;_CabE}O+ETcf;_CabE
BGEN=<d.Nfrc-.EMcru>!=N>c!O
;_CabEu.!.L>M>=AE>!E=AAEM=O.O
EiM+M:NEQ-EM+lmME"T.B-NCTC#Q
K-MS>dfnE9Eco;EO-#QB-F

pTsAGAWtTfANILEcEDFL8u
]Q_bE=dd<.d=N.-EF!":CAEO..-"S#P
;@.=<r=!E!E"T=TEF=AAEN=<d.NOP
e"Ap#-DQ"OE"#O-#OFRD"NC
#9AMMM;MMEBCO-TTC#ICI

pTnAGATFDCGkFCDMAFA"LCQuEcE
UEr.N=fL.=Ns<.E.bN<=MN.-

]=u.AfL<..E}O+EA=u.Af-.@.!-.-
;@.=<r=!E!"}OEu.ONfrc-.AEA=u.A
#<IAQAED"/C=?EQ-.E.BCI"OQ-B
g"F-QE-#FTEME#9lEIAQADCQD

fgCQMCDcILABFEcKL

O
H
"
#
f
At

O
H
"
#
f
At
t

O
H
"
#
f
At
tt

O<CEFA>VAGA!IG#T;rfAW;O;

;=r.E]CpCE-.O>d!E=OE@h=O.E#=
R.r=>!>!dESE-=N=O.NE@ccA.-E=OEOcs<M.
;_CabE->O=uA.-EFMc!N<cAEFRc#PP

;N=!-=<-EO_A.=!E@>@.A>!.
>CQB"OD?E@ABECabMcdbB>bbBE!B"CB

UD-FAQCES>dfnEO-#QB"*RQ"-#



Vol. 8, No. 3, June 2026 

 
 

Bassey Isong | 3654 

Note that JM1 is known to contain duplicate module entries. The pipeline loads all rows 

as supplied by the PROMISE repository without deduplication, resulting in 13,204 

instances used in training and evaluation. This is consistent with prior work, Al-Fraihat et 

al. [5], who reported duplicate entries in this dataset. 

 

The imbalance ratio (IR) for each dataset is defined as the ratio of the majority class 

(non-defective) instances to the minority class (defective) instances and expressed in Eq.1. 

 

IR = |"!|
|""|

     (1) 

 

where N₀ is the set of non-defective instances, and N₁ is the set of defective instances. 

All datasets are pre-processed uniformly. We removed non-numeric columns, zero-

variance features dropped, missing values imputed with zero, and label columns 

containing string booleans (TRUE/FALSE) or integer defect counts binarized such that any 

count greater than zero maps to the positive class. Standardisation is applied inside each 

pipeline fit, not globally, to prevent data leakage across folds or across the source-target 

boundary. 

 

3.2. Ensemble classifiers 

In this study, we used three ensemble methods evaluated as follows: Bagging (with a 

Decision Tree (DT) base estimator), AdaBoost (Boosting), and Stacking (RF, DT, and SVC as 

base learners; Logistic Regression (LR) as meta-learner). Each is implemented in an 

imbalanced-learn pipeline with SMOTE as the first resampling step and a SimpleImputer 

ahead of the scaler to handle any NaN values that arise after feature alignment in the 

CPDP pool. The SVC base learner is initialised with ‘probability=True’ to enable Platt-scaled 

probability outputs. These are required for the Stacking meta-learner to receive 

calibrated input features and for LIME to compute prediction probabilities. Moreover, 

hyperparameters are tuned via five-fold Stratified K-Fold GridSearchCV using F1 as the 

optimisation criterion. StandardScaler is also applied to all models within the pipeline for 

consistency, although tree-based classifiers such as Bagging and Stacking's RF and DT 

base learners are scale-invariant. Uniform scaling ensures no pre-processing difference 

between models, which confounds the cross-model comparison. Table 3 presents the 

search space. 
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Table 3. Hyperparameter search space for each ensemble 

Ensemble Hyperparameter Values Searched 

Bagging Number of estimators 10, 50 

Bagging Base estimator max depth 3, 5 

Boosting Number of estimators 50, 100 

Boosting Learning rate 0.5, 1.0 

Stacking Meta-learner C (LogReg) 0.1, 1.0 

 

Bagging trains T base classifiers h1, h2, …, hT, each on a bootstrap sample of the source 

training data. The final prediction for an instance x is determined by majority vote as 

expressed in Eq. 2. 

 

H(x) = argmax# 	∑ 𝟙$ [hᵢ(x) 	= 	c]    (2) 

 

where c ∈ {0, 1} is the class label, 𝟙 [·] is the indicator function, and T bootstrap classifiers 

hi each vote for one class. 

 

Boosting, which is the AdaBoost, maintains a weight distribution Dt over training 

instances. At each iteration t, a weak learner ht is trained on Dt. Its weight αt in the final 

ensemble is computed from its weighted error εt:, is expressed in Eq. 3. 

 

εₜ	 = 	∑ Dₜ(i) ∗$ 𝟙[yᵢ	 ≠ 	hₜ(xᵢ)]				    (3) 

 

where Dt(i) is the weight of instance i at iteration t, yi is the true label, and ht(xi) is the 

weak learner’s prediction. 

 

αₜ	 = 	½ ∗ 	ln((1	 − 	εₜ)	/	εₜ)				     (4) 

 

The instance weights are then updated: D{t+1}(i) = Dt(i) * exp(−αt
 * y

i
 * h

t
(xi)), normalised so that ∑i 

D{t+1}(i) = 1. The final prediction is the sign of the weighted sum of weak learner outputs: 

h(x) = sign(∑t αt * ht(x)). 
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In the same vein, stacking trains K diverse base classifiers on the source training data 

using five-fold cross-validation and uses their out-of-fold predictions as input features 

for a meta-learner. For instance, x, the meta-learner input is given by: 

 

z(x) 	= 	 [h%(x), h&(x), … , h'(x)]				    (5) 

 

where hk(x) is the predicted probability from base classifier k. The meta-learner f (LR) 

produces the final output: ŷ = f(z(x)). 

 

Because the meta-learner is trained on out-of-fold predictions from the source pool, its 

combination weights are calibrated to the source distribution. This calibration is strong 

within the source but may not transfer to a target project with a different marginal 

distribution, which is the mechanism behind the cross-project degradation observed in 

Section 4. 

 

3.3. Class imbalance handling 

SMOTE addresses class imbalance by generating synthetic minority instances through 

linear interpolation in feature space [4], [11], [12], [15], [16]. For a minority instance xi, a 

synthetic sample xsynthetic is generated as: 

 

x()*+,-+$# 	= 	 [x$ + λ ∗	(x*-$./,012 − x$)]				   (6) 

 

where xneighbour is a randomly selected minority-class nearest neighbour of xi and λ ∈ [0, 1] 

is drawn uniformly at random. 

 

We applied SMOTE completely to the training data in both evaluation settings. In the 

within-project setting, SMOTE is fitted on the 80% training split. In the LOPO setting, 

SMOTE is fitted on the pooled source data. The target dataset is never resampled. This is 

enforced structurally, where SMOTE is a pipeline step fitted only during training, so it 

cannot access test or target instances. 

 

3.4. Within and cross-project LOPO evaluation 

We split each dataset into 80/20 using stratified sampling. GridSearchCV tunes 

hyperparameters on the training split, while the best estimator is evaluated on the held-
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out test set. We performed tuning independently for each evaluation setting. In within-

project tuning, the 80% training split of each dataset. In the LOPO setting, tuning uses 

the full pooled source pool for each target. In both cases, the tuned configuration is 

applied to the held-out test set or target, respectively, with no parameter sharing 

between settings. To assess the predictive performance in both settings, four metrics 

are reported. The main metric is F1, which is the harmonic mean of precision and recall 

on the defective class [3], [5]: 

 

F1	 = 	 &×42-#$5$0*	∗	8-#9::
;2-#$5$0*	<	8-#9::

     (7) 

 

where Precision = TP / (TP + FP) and Recall = TP / (TP + FN), computed with respect to 

the defective (positive) class. 

 

The secondary metric is the Matthews Correlation Coefficient (MCC), which offers a single 

balanced measure across all four confusion matrix cells and is robust to class imbalance.  

 

𝑀CC =	 =;∗=">?;∗?"
@(=;<?;)(=;<?")(="<?;)(="<?")

    (8) 

 

where TP, TN, FP, and FN are true positives, true negatives, false positives, and false 

negative respectively.  MCC returns a value -1 and +1, where +1 indicates perfect 

prediction, 0 indicates performance no better than random, and -1 indicates complete 

disagreement between prediction and observation [4], [23]. 

 

Area Under the Receiver Operating Characteristic Curve (AUC-ROC) is also reported. It 

measures the probability that the model ranks a randomly chosen defective instance 

above a randomly chosen non-defective one, independent of the decision threshold [3]: 

 

AUC = P( f(x<) > f(x>))     (9) 

 

where x+ is a defective instance, x- is a non-defective instance, and f(·) denotes the model’s 

predicted probability of the positive class. 
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The Brier score (BS) is also reported in this study. It measures probability calibration, 

particularly, the mean squared difference between the predicted probability of the 

positive class and the actual binary outcome [28]. 

 

BS = %
"
P (f(x$) −	y$)&

"
$C$        (10) 

 

Where 𝑓(𝑥D) is the model's predicted probability of the defective class for instance i, 𝑦D ∈

{0,1}	is the true label, and N is the number of instances. It ranges from 0 to 1, with lower 

values indicating better-calibrated probability estimates. A score of 0 means perfect 

calibration and 1 denotes worst-case miscalibration [28]. Unlike F1 and MCC, which assess 

classification decisions at a fixed threshold, BS assesses the quality of the main 

probability estimates independent of any threshold. We included it in this study to 

distinguish between threshold miscalibration, where probabilities are well-estimated, but 

the decision boundary is misplaced, and probability miscalibration, where the predicted 

probabilities themselves are inaccurate.  However, we excluded accuracy as a primary 

metric due to the presence of class imbalance in all datasets. This is because a classifier 

that always predicts non-defective achieves accuracy between 80 and 93 percent across 

the five datasets while producing zero correct defect detections.  We did not include 

Precision-Recall Area Under the Curve (PR-AUC) as a primary metric because MCC already 

provides a balanced measure across all four confusion matrix cells. Reporting both would 

introduce redundancy without additional interpretive value. 

 

In terms of cross-project based on LOPO, each dataset serves as the target exactly once. 

The remaining four datasets are pooled as the source. Features are aligned by retaining 

the intersection of numeric columns common to both pool and target. Given the shared 

NASA schema, this intersection is the full 21-feature set in all cases. SMOTE is applied to 

the source pool while the target is untouched. Hyperparameter tuning uses five-fold 

StratifiedKFold on the source pool. The tuned model is assessed on all instances of the 

target dataset. 

 

To quantify the change in predictive performance between within-project and cross-

project settings, the F1 drop and delta-F1 (ΔF1) are computed for each dataset-model 

combination: 
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ΔF1	 = 	F1E$+,$* − F1#2055				     (11) 

 

In this case, a positive ΔF1 indicates degradation under cross-project transfer, while a 

negative ΔF1 indicates that cross-project performance exceeds the within-project 

baseline. Two delta measures are used throughout. ΔF1transfer = F1cross - F1within quantifies 

transfer degradation relative to the within-project baseline (where negative = 

degradation, positive = improvement). ΔF1SMOTE = F1SMOTE - F1noSMOTE quantifies the 

contribution of source-only SMOTE to cross-project performance (always positive in this 

study). 

 

3.5. LIME consistency analysis 

In terms of XAI, LIME approximates the behaviour of a black-box model f in the local 

neighbourhood of a given instance x by fitting a surrogate linear model g that minimises 

the following objective [28]: 

 

ξ(x) = 	argmin{.∈	H}	ℓ(f, g, πJ) 	+ 	Ω(g)		 				   (12) 

 

where G is the class of linear models, ℓ measures the fidelity of g to f in the 

neighbourhood defined by proximity measure πx, and Ω(g) penalises model complexity. 

The signed coefficient of each feature in g constitutes its local importance weight. 

 

In this study, LIME explanations are generated for thirty randomly selected test instances 

per model per setting. Feature weights are averaged across the thirty explanations, and 

features are ranked by absolute mean weight. We used a sample of thirty instances 

selected uniformly at random from the full test set, without stratification by predicted 

class. This is because single-instance LIME explanations are unstable since slight input 

perturbations can shift feature rank orders greatly. A fixed random seed of 42 was 

applied throughout all experiments, including dataset splitting, SMOTE sampling, model 

initialization, and LIME instance selection, to ensure reproducibility. The same thirty 

instances were used consistently across all three ensemble models for each dataset, to 

allow direct comparison of feature rank vectors. The choice of thirty instances is 

consistent with the minimum sample recommended for aggregated local explanation 

studies in previous XAI literature and represents a pragmatic balance between 
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explanation stability and computational cost. A sensitive analysis using larger samples(100 

and 200 instances) is identified as future work. 

 

To further quantify explanation stability between the within-project and cross-project 

settings, Spearman’s rank correlation coefficient (ρ) is computed between the two feature 

rank vectors for each dataset-model combination as expressed in Eq. 13. 

 

ρ = 1 −	 K	∑	M#²)
*∗(*²	>	%)

     (13) 

 

where di is the difference between the rank of feature i in the within-project ranking 

and its rank in the cross-project ranking, and n is the total number of features. ρ ∈ [−1, 

1]: values near +1 indicate stable feature attribution across the project boundary; values 

near 0 or −1 indicate divergent attribution. 

 

3.6. Meta-feature analysis 

Eight meta-features are extracted from each dataset before any model is trained. These 

are statistics that characterize the distributional properties of a dataset and are available 

as a priori predictors without requiring any labelled target data. Table 4 presents each 

meta-feature. 

Table 4. Dataset meta-features used in analysis 

Meta-

Feature 
Definition Formula / Notes 

n Number of instances Count of rows after pre-processing 

p Number of features Count of numeric columns retained 

IR Imbalance ratio |N0| / |N1| (Eq. 1) 

DR Defect rate |N1| / (|N0| + |N1|) 

Skewμ Mean feature skewness μ of skewness across all p features 

Skewσ Std. dev. of skewness σ of skewness across all p features 

Kurtμ Mean feature kurtosis μ of excess kurtosis across all p features 

Corrμ 
Mean pairwise 

correlation 

μ of |Pearson r| over all p(p−1)/2 feature 

pairs 
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The best-performing ensemble for each target project is identified from the LOPO F1 

results. Spearman’s ρ (Eq. 13) is then computed between each meta-feature and the best-

model label, encoded as an ordinal variable (Bagging = 0, Boosting = 1, Stacking = 2). A 

meta-feature with a high absolute ρ is a candidate predictor of ensemble suitability for 

an unseen target project. Given n = 5 datasets, we then treated the analysis as a pilot 

identification of candidate predictors rather than a statistically validated meta-model. A 

Spearman correlation computed over five data points has very low statistical power, and 

the findings are presented as a hypothesis for validation in future work with larger 

dataset collections. 

 

4. RESULTS AND DISCUSSION 

 

This section presents the experimental results for all RQs following the method outlined 

in Fig. 1. We reported the findings for metrics F1, MCC, and AUC-ROC throughout. 

Moreover, the Brier score is reported separately in the discussion section to support the 

calibration analysis. Also, TP, FP, and FN counts for the cross-project setting are provided 

in Table 8 to show the type of transfer error made by each ensemble. LIME explanations 

were generated using thirty test instances selected uniformly at random from the full 

test set. This includes both defective and non-defective instances, without filtering by 

true or predicted class label. 

 

4.1. Within-project baseline and cross-project LOPO 

Table 5 reports F1, AUC-ROC, and MCC for each ensemble on each dataset in the within-

project setting. Bold values indicate the best F1 per dataset. As shown in Table 5, stacking 

achieves the highest F1 and MCC on four of five datasets, confirming its within-project 

advantage. The MCC values are consistent with the F1 rankings. Stacking leads on CM1 

(MCC=0.0278), KC1 (0.406), and PC1 (0.447). On KC2, Bagging and Boosting tie at F1 (0.500) 

and MCC (0.355), while Stacking tails at F1=0.359 and MCC=0.218. AUC-ROC values are 

consistently higher than F1 across all models, which is expected given the class imbalance. 

PC1 achieves the highest AUC values (up to 0.870 for Bagging) despite its low defect rate 

of 6.9 percent. This suggests that the Halstead and McCabe features are particularly 

descriptive for that project. CM1 shows the lowest F1 scores overall, consistent with its 

small size and severe imbalance. 

 



Vol. 8, No. 3, June 2026 

 
 

Bassey Isong | 3662 

Table 5. Within-project results 

Dataset Bag F1 Bag 

AUC 

Bag 

MCC 

Bst F1 Bst AUC Bst 

MCC 

Stk F1 Stk AUC Stk 

MCC 

CM1 0.256 0.621 0.154 0.176 0.607 0.047 0.357 0.648 0.278 

KC1 0.455 0.805 0.349 0.404 0.777 0.282 0.503 0.822 0.406 

JM1 0.397 0.725 0.262 0.406 0.734 0.270 0.413 0.776 0.318 

KC2 0.500 0.721 0.355 0.500 0.707 0.355 0.359 0.667 0.218 

PC1 0.386 0.870 0.374 0.386 0.857 0.374 0.483 0.848 0.447 

**Bag = Bagging, Bst = Boosting, Stk = Stacking 

 

Table 6 reports F1, AUC-ROC, and MCC for each ensemble under LOPO evaluation, 

answering RQ1. Bold values indicate the best cross-project F1 per target.  

 

Table 6. LOPO cross-project F1, AUC-ROC, MCC, and ΔF1transfer for the best cross-project model 

Target Bag F1 
Bag 

AUC 

Bag 

MCC 
Bst F1 

Bst 

AUC 

Bst 

MCC 
Stk F1 

Stk 

AUC 

Stk 

MCC 

Best	
ΔF1transfer 

CM1 0.327 0.731 0.243 0.312 0.737 0.226 0.255 0.659 0.170 +0.071 (Bag) 

KC1 0.416 0.679 0.300 0.422 0.749 0.310 0.247 0.691 0.141 +0.018 (Bst) 

JM1 0.307 0.641 0.124 0.332 0.636 0.161 0.254 0.590 0.126 -0.074 (Bst) 

KC2 0.618 0.845 0.514 0.602 0.828 0.492 0.425 0.796 0.320 +0.118 (Bag) 

PC1 0.225 0.739 0.162 0.258 0.729 0.202 0.257 0.680 0.194 -0.128 (Bst) 

*Bold = best cross-project F1 per target. **ΔF1transfer = F1cross - F1within for the best cross-project model, ***positive = 

improvement over within-project baseline, ****negative = degradation. 

 

As presented, Bagging performs best on CM1 (F1=0.327, MCC=0.243) and KC2 (F1=0.618, 

MCC=0.514), improving from 0.256 to 0.327 on CM1 and from 0.500 to 0.618 on KC2, 

respectively. Boosting performs best on KC1 (F1=0.422, MCC=0.310), JM1 (F1=0.332, 

MCC=0.161), and PC1 (F1=0.258, MCC=0.202). Stacking performs worst or near-worst on 

every target. The largest single drop is Stacking on KC1 (ΔF1transfer = -0.256), from 0.503 

within-project to 0.247 cross-project, and from MCC=0.406 to MCC=0.141. MCC confirms 

the F1 rankings throughout: no target shows a discrepancy between the best model by 

F1 and the best model by MCC. KC2 is the only target where all three ensembles improve 

over the within-project baseline. Fig. plots the mean F1 by ensemble type for both 

settings, with error bars showing standard deviation across the five datasets. Bagging 

and Boosting transfer more reliably than Stacking under LOPO evaluation. Stacking's 

within-project dominance does not carry over to the cross-project setting, a pattern 

confirmed by both F1 and MCC. 
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Figure 2. Ensemble generalization 

 

4.2. Effect of SMOTE on cross-project transfer and error analysis 

This subsection answered RQ2, and Table 7 compares cross-project F1 with and without 

SMOTE applied to the source pool. The no-SMOTE condition provides a direct control that 

isolates the contribution of source-only SMOTE to LOPO performance. SMOTE applied 

exclusively to the pooled source data improves cross-project F1 for every target-model 

combination without exception. ΔF1SMOTE ranges from +0.049 (JM1/Bagging) to +0.530 

(KC2/Boosting). The effect is largest on KC1 and KC2, where no-SMOTE Boosting produces 

near-zero F1 (0.006 and 0.072, respectively), indicating that without SMOTE the model 

learns almost exclusively from the majority class and fails to detect defects in the target. 

JM1 shows the smallest SMOTE benefit for Bagging (+0.049), consistent with its large size 

(13,204 instances) already providing an adequate majority-class signal without synthetic 

augmentation. Fig. 3 shows the full ΔF1SMOTE distribution across all 15 target-model 

combinations; green bars indicate improvement over no-SMOTE. 

 

Table 7. SMOTE VS. no-SMOTE Cross-project F1 under LOPO  

Target Model SMOTE F1 No-SMOTE F1 ΔF1SMOTE 

CM1 Bagging 0.327 0.209 +0.118 

CM1 Boosting 0.312 0.038 +0.273 

CM1 Stacking 0.255 0.129 +0.126 
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Target Model SMOTE F1 No-SMOTE F1 ΔF1SMOTE 

KC1 Bagging 0.416 0.042 +0.375 

KC1 Boosting 0.422 0.006 +0.416 

KC1 Stacking 0.247 0.046 +0.201 

JM1 Bagging 0.307 0.258 +0.049 

JM1 Boosting 0.332 0.168 +0.163 

JM1 Stacking 0.254 0.117 +0.137 

KC2 Bagging 0.618 0.122 +0.496 

KC2 Boosting 0.602 0.072 +0.530 

KC2 Stacking 0.425 0.138 +0.287 

PC1 Bagging 0.225 0.115 +0.110 

PC1 Boosting 0.258 0.051 +0.207 

PC1 Stacking 0.257 0.178 +0.079 

ΔF1SMOTE = F1SMOTE − F1noSMOTE. All positive values indicate SMOTE improves transfer. 

 

The finding of RQ2, therefore, shows source-only SMOTE consistently improves cross-

project transfer across all targets and ensembles. Without SMOTE, most models fail to 

detect defective modules in the target project. The effect is largest where the target’s 

minority class is most underrepresented relative to the pooled source pool. 

 

 
Figure 3. ΔF1SMOTE distribution across all dataset-model combinations 
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Table 8. TP, FP, FN, and error ratios under LOPO cross-project evaluation 

Target Model TP FP FN FP/TP Ratio FN/TP Ratio 

CM1 Bagging 24 74 25 3.08 1.04 

CM1 Boosting 24 81 25 3.38 1.04 

CM1 Stacking 13 40 36 3.08 2.77 

KC1 Bagging 148 237 178 1.60 1.20 

KC1 Boosting 146 220 180 1.51 1.23 

KC1 Stacking 68 157 258 2.31 3.79 

JM1 Bagging 1112 4032 991 3.62 0.89 

JM1 Boosting 1303 4455 800 3.42 0.61 

JM1 Stacking 496 1303 1607 2.63 3.24 

KC2 Bagging 85 83 22 0.98 0.26 

KC2 Boosting 84 88 23 1.05 0.27 

KC2 Stacking 38 34 69 0.89 1.82 

PC1 Bagging 34 191 43 5.62 1.26 

PC1 Boosting 36 166 41 4.61 1.14 

PC1 Stacking 27 106 50 3.93 1.85 

FP/TP = false positive rate relative to true positives; FN/TP = miss rate relative to detections. 

 

We further analysed the transfer errors, and Table 8 reports TP, FP, and FN for each 

ensemble on each target under LOPO evaluation. In this study context, FN represents 

missed defects, which is the higher-cost error in defect prediction, while FP represents 

clean modules incorrectly flagged for inspection. It shows that Stacking consistently 

produces the highest FN/TP ratios, which indicate it misses proportionally more defects 

than it detects on KC1 (FN/TP=3.79), JM1 (3.24), and CM1 (2.77). Conversely, Bagging and 

Boosting maintain FN/TP ratios below 1.3 on KC1 and JM1, showing they detect more 

defects than they miss. KC2 is again the exception because both Bagging (FN/TP=0.26) 

and Boosting (0.27) achieve strong recall across projects, detecting about four defective 

modules for every one missed. The FP/TP ratios are high across all models on PC1 (3.93 
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to 5.62), reflecting the low defect rate of 6.9 percent and the difficulty of precisely 

identifying the small defective minority in that project. 

 

4.3. LIME explanation consistency 

This subsection answered RQ3, and Table 9 presents the Spearman rank correlation (ρ) 

between within-project and cross-project LIME feature rank vectors for each target 

dataset and ensemble.  

Table 9. Spearman ρ LIME feature rank vectors 

Target Bagging ρ Boosting ρ Stacking ρ 

CM1 NaN NaN NaN 

KC1 NaN NaN NaN 

JM1 NaN NaN NaN 

KC2 NaN NaN NaN 

PC1 NaN NaN NaN 
NaN = rank correlation undefined due to tied ranks in aggregated weight vectors 

 

The findings show that all values are NaN because the LIME aggregation produced 

insufficient variance in the feature weight vectors to compute a meaningful rank 

correlation. That is, when the mean LIME weights across sample size (n=30) converge to 

near-zero for most features, the rank vectors are effectively tied, and Spearman ρ is 

undefined. This finding differs from the near-zero interpretation because NaN (Not a 

number) is a stronger result. It indicates not that rankings are approximately the same, 

but that thirty-instance LIME aggregation with 21 features produces weight vectors in 

which most features receive near-zero mean weights. This collapses the rank structure 

entirely. The Spearman ρ diagnostic cannot be computed under these conditions and 

therefore cannot serve as a deployment-time trustworthiness filter at this aggregation 

sample size. Therefore, RQ3 findings suggest that LIME rank correlation is undefined for 

all models and targets at thirty-instance aggregation. This indicates that the aggregation 

sample is insufficient to produce stable, non-degenerate rank vectors for 21-feature 

datasets. The diagnostic requires a larger aggregation sample before it can be applied. 

 

4.4. Meta-feature predictors of ensemble suitability 

This subsection presents the findings of RQ4. Table 10 reports the best-performing cross-

project ensemble per target by F1 and MCC under the LOPO pipeline, alongside the main 
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meta-features. Label-free meta-features, i.e., computable without defect labels, are 

marked with †. 

 

Table 10. Best-performing ensemble per target project and meta-features 

Target Best (F1) Best (MCC) n† IR DR feat_corr† skew_mean† 

CM1 Bagging Bagging 498 9.16 9.8% 0.681 5.44 

KC1 Boosting Boosting 2,109 5.47 15.5% 0.720 4.20 

JM1 Boosting Boosting 13,204 5.28 15.9% 0.587 16.26 

KC2 Bagging Bagging 522 3.88 20.5% 0.775 8.95 

PC1 Boosting Boosting 1,109 13.40 6.9% 0.633 8.01 

† = label-free (computable on unlabelled target). IR = imbalance ratio, DR = defect rate 

 

In addition, Fig. 4 plots the Spearman rank correlation between each meta-feature and 

the best-model label, showing n_samples and IR as the strongest positive predictors.  

 

 
Figure 4. Meta-feature correlation with the best ensemble 

 

As presented, Boosting is the best ensemble on PC1 with MCC=0.202. F1 also favours 

Boosting on PC1 (0.258 vs 0.257 for Stacking), though the margin is negligible. Bagging is 

best on the two smaller, more severely imbalanced targets (CM1: IR=9.16, n=498; KC2: 
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IR=3.88, n=522), while Boosting is best on the three larger datasets with moderate-to-

high imbalance (KC1, JM1, PC1). A practical distinction relevant to deployment is that IR 

and DR require labelled target data and cannot be computed before deployment. Dataset 

size (n) and feature correlation (feat_corr) are label-free and available on any unlabelled 

target dataset. The pattern that Bagging is preferred for smaller datasets (n < 600) and 

Boosting for larger ones (n > 1,000) is observable from label-free meta-features alone. 

This is directly actionable for practitioners who must select an ensemble before any 

target labels are available.  Overall, RQ4 finding shows that Bagging performs best on 

smaller, more severely imbalanced targets. Conversely, Boosting performs best on larger 

datasets with moderate imbalance. Thus, n, a label-free meta-feature, is the most 

practically useful preliminary predictor of ensemble suitability for CPDP deployment. 

 

4.5. Discussion 

This paper compares ensemble methods such as Bagging, Boosting, and Stacking directly 

under an LOPO protocol. This section interprets the findings and situates them against 

the literature. The analysis reveals Stacking's within-project F1 advantage is real. On four 

of the five datasets, it leads on both F1 and MCC, but the cross-project results show a 

different picture entirely. Three mechanisms may plausibly explain the reversal. The Brier 

scores in Table 11 show Stacking retains well-calibrated probabilities under LOPO. That is, 

on KC1, its cross-project Brier score (0.152) equals Bagging's, yet its F1 is 0.175 lower. This 

gap between calibration and classification performance points to threshold 

miscalibration. The meta-learner learns to weight base-learner outputs based on source-

pool patterns. The threshold does not relocate correctly when the target has a different 

class distribution. A second mechanism is base-learner disagreement. In this case, the RF, 

DT, and SVC base learners each track different aspects of the source distribution, and 

distributional shift may produce disagreements that the meta-learner was never trained 

to resolve. Third, the LOPO source pool is itself a mixture of four projects with different 

defect rates. As a result, the meta-learner fits weights to a distribution that may poorly 

approximate any single target. Bagging sidesteps the first problem because it aggregates 

by majority vote, with no learned combination step that can drift. Boosting's instance 

reweighting concentrates on defective modules, which carry transferable signal 

regardless of project origin. 
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Table 11. Brier scores for within- and cross-project settings 

Setting Model CM1 KC1 JM1 KC2 PC1 

Within Bagging 0.204 0.153 0.184 0.172 0.098 

Within Boosting 0.198 0.182 0.225 0.177 0.179 

Within Stacking 0.146 0.120 0.127 0.161 0.056 

Cross Bagging 0.217 0.152 0.228 0.157 0.172 

Cross Boosting 0.220 0.193 0.236 0.213 0.215 

Cross Stacking 0.120 0.152 0.161 0.142 0.109 

 

As shown in Table 11, the  Brier scores with a lower score signify better calibration. 

Stacking maintains good probability calibration across projects but fails to convert this 

into a high F1, pointing to threshold miscalibration. Xin et al. [4] recommended boosting 

for within-project settings; the present results suggest the recommendation extends to 

cross-project transfer. 

 

As presented in Table 7, source-only SMOTE improves cross-project F1 for every one of 

the 15 target-model combinations tested, from +0.049 (JM1/Bagging) to +0.530 

(KC2/Boosting). To this end, SMOTE did not harm the transfer to PC1. On the other hand, 

no-SMOTE F1 on PC1 ranges from 0.051 to 0.178, well below the SMOTE values of 0.225 to 

0.257. PC1's cross-project degradation relative to its within-project baseline is caused by 

the distributional gap, not by oversampling. The SMOTE benefit scales with minority-class 

underrepresentation in the source pool: KC2 and KC1, where no-SMOTE Boosting yields 

near-zero F1, and gains the most. JM1 gains the least (+0.049 for Bagging), which is 

consistent with its 13,204 instances already supplying an adequate majority-class signal 

without synthetic augmentation. This is a factor calculable before any model is trained. 

Rashmi and Kaur [29] observed a related inconsistency across projects in cross-project 

vulnerability prediction. The defect-rate ratio provides a concrete candidate explanation 

for such a finding. 

 

Across the experiments, the NaN Spearman ρ results do not mean rankings are stable. 

They mean the aggregation produced degenerate rank vectors. Across n=30 and 21 

features, mean LIME weights converge to near zero for most features, leaving no usable 

rank order to correlate. A larger sample, about 100 to 200 instances, or a count of how 

often each feature appears in the top five explanations, would produce computable 
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vectors. The permutation importance plots show LOC, iv(g), and LOCode as the dominant 

features across all datasets and models. If those features absorb most LIME weight 

across both settings but inconsistently across individual instances, the n=30 average will 

wash out to near zero. The finding that Stacking's F1 collapse leaves no trace in LIME 

attributions, taken alongside the Brier score results (Table 11), supports threshold 

miscalibration as the primary mechanism. The model shifts its decision boundary toward 

the source distribution without changing which features it considers informative. 

 

In terms of the meta-feature, Bagging is best on the two smallest targets (CM1: n=498, 

KC2: n=522). Boosting is best on the three largest (KC1: n=2,109, JM1: n=13,204, PC1: n=1,109). 

This shows that dataset size is the only label-free meta-feature that cleanly separates 

the two. A provisional pattern of n < 600 associating with Bagging and n > 1,000 with 

Boosting is observed in this data. However, this should not be treated as a validated rule; 

it is based on five datasets and serves only as a hypothesis for future testing. IR adds 

signal but requires labels. In a fully unlabelled deployment, the dataset size is what a 

practitioner can act on before predictions are available. 

 

4.5.1. Comparison with existing studies 

Table 12 positions this study against the most directly comparable prior work. Within-

project F1 scores (0.176 to 0.503) are consistent with comparable studies using NASA 

datasets. Within-project AUC-ROC values observed here, ranging from 0.721 to 0.870, are 

broadly consistent with prior ensemble studies on the same datasets [2], [14]. These 

comparisons are indicative rather than definitive because evaluation protocols, dataset 

splits, and feature pre-processing differ across studies. Although direct comparison is 

limited by differences in evaluation protocol, both studies use within-project cross-

validation with per-dataset feature optimisation, whereas this study uses a fixed feature 

set and LOPO evaluation. The lower AUC values observed in the cross-project setting 

(0.590 to 0.683) reflect the additional difficulty of generalising across project boundaries. 

The cross-project results are harder to compare directly because most prior CPDP 

studies use all-pairs evaluation on different dataset collections. Tong et al. [12] reported 

F1 values that vary considerably across 34 datasets. Here, KC2’s cross-project Bagging F1 

of 0.618 falls at the stronger end of that range, consistent with KC2 being a well-aligned 

transfer target.  The most directly comparable finding concerns ensemble type rankings. 

Xin et al. [4] found Boosting to be the most efficient ensemble on their NASA and 
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PROMISE datasets. These current results extend that finding to the cross-project case. 

Stacking's reversal was not tested in [4] and was not foreseeable from the within-project 

rankings alone. No prior study has paired LOPO evaluation of all three ensemble types 

with a no-SMOTE control, aggregated LIME analysis, and a meta-feature pilot on a shared 

NASA MDP schema. 

Table 12. Comparison with related studies 

Study Setting Datasets Best Ensemble Explainability 

Xin et al. [4] Within-project 4 NASA/PROMISE Boosting None 

Chen et al. [14] Within-project 8 NASA MDP Stacking (2-layer) None 

Misbah et al. [2] Within-project 7 NASA MDP Voting None 

Tong et al. [12] Cross-project 34 mixed Boosting (tr.) None 

Wang et al. [21] Cross-project Multiple Boosting (ad.) None 

This study Within + LOPO 5 NASA MDP Bagging/Boosting LIME (agg.) 
tr. = transfer variant; ad. = adapted; agg. = aggregated over 30 instances 

4.5.2. Threats to validity 

We performed hyperparameter tuning using cross-validation on training data only, and 

test data was never used during model selection. SMOTE is embedded inside the pipeline 

and fitted exclusively on source data, preventing resampling-based leakage into the 

target. A SimpleImputer precedes SMOTE in the pipeline so that NaN values arising from 

feature alignment after pooling cannot reach the resampler or the classifier. One internal 

threat remains: the LOPO evaluation uses a fixed source-target partition rather than 

repeated random subsampling of the source pool. Results, therefore, reflect one specific 

pooling arrangement per target. A no-SMOTE baseline was added to isolate the 

contribution of source-only SMOTE. This partially addresses this concern, but sensitivity 

to the composition of the source pool, for example, weighting or filtering source datasets 

by similarity to the target, was not tested. 

 

In terms of external validity, all five datasets come from NASA-embedded and aerospace 

software. Findings may not transfer to open-source or commercial projects from other 

domains. The shared Halstead and McCabe schema removes feature heterogeneity as a 

confound but simultaneously means the study does not cover heterogeneous CPDP, 

where source and target use different metric sets. Replications with the Jureczko CK-

metrics collection, AEEEM, or GitHub-derived defect datasets are, therefore, needed 

before the results can be treated as general. 
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For construct validity, we used F1 as the primary metric, with AUC-ROC, MCC, and Brier 

score as complementary measures. None of these accounts for the asymmetric cost of 

false negatives versus false positives in defect prediction; a cost-sensitive metric such 

as Pofb would give a more deployment-relevant evaluation but requires cost estimates 

unavailable for these datasets. LIME explanations were aggregated over thirty test 

instances per model. The RQ3 result, undefined Spearman ρ for all models and targets, 

indicates that n=30 is insufficient to produce non-degenerate rank vectors for 21 

features. Whether this reflects genuine feature stability across projects or noise in the 

aggregated weights cannot be determined from the current design. Aggregation samples 

of 100 to 200 instances are recommended to test the diagnostic at a larger scale. 

Furthermore, JM1 is known to contain duplicate module entries, which were retained as 

supplied by the PROMISE repository. No sensitivity analysis was conducted to test 

whether deduplication would alter the results. This is acknowledged as a limitation, and 

replication on a deduplicated version of JM1 is recommended. 

 

In terms of conclusion validity, with five datasets, inferential statistical tests such as the 

Wilcoxon signed-rank test are not appropriate, as the sample size is too small for reliable 

non-parametric comparison. Results are reported descriptively. The RQ4 meta-feature 

analysis is a pilot study. In this case, any causal interpretation of the correlations 

observed would require a larger dataset collection and statistical controls. 

  
5. CONCLUSION 

 

This paper compares Bagging, Boosting, and Stacking under an LOPO design on five NASA 

MDP datasets. We found a consistent ranking reversal as follows. Stacking leads within-

project but transfers poorly, while Bagging and Boosting are more reliable across 

projects. A no-SMOTE control confirms that source-only SMOTE improves transfer in all 

15 target-model combinations. In addition, LIME consistency analysis produces undefined 

Spearman ρ for all models and targets, meaning explanation stability remains unresolved 

at the current thirty-instance aggregation level. Dataset size shows a provisional 

association with ensemble suitability. That is, smaller targets favour Bagging, larger ones 

Boosting, but this pattern is based on five datasets and should not be treated as a 

confirmed rule. Three research directions follow this study. First, the LOPO experiment 

should be replicated with the Jureczko CK-metrics collection and the AEEEM datasets to 
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test whether the Stacking reversal holds outside the NASA MDP schema. Second, LIME 

aggregation at 100 to 200 instances to determine whether the diagnostic is viable at a 

larger scale. Third, a meta-learning study with fifteen or more target projects to validate 

dataset size and imbalance ratio as predictors of ensemble suitability. 
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