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• Learns a prediction model from historic

data

• Predicts defect for same project

• Hundreds of prediction model exists

• Models work fairly well with precision

and recall up to 80%.

Software Defect Prediction
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• Some projects do have not enough data to train prediction models or the data is of poor quality

• New projects do have no data yet

• Can such projects use models from other projects?

• Cross-project defect prediction (CPDP) predict defects in a target project domain by leveraging

information from different source project domains.

Why Cross-Project Defect Prediction?
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• Enables defect prediction in data-scarce projects

• Reduces cost by identifying defects pre-deployment

• Improves software quality across domains

• Leverages historical data from other projects

• Enhances prediction with transfer learning techniques

• Faces challenges due to complex structure, data disparity, and class imbalance

Significance and Research Value
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• Models Handling domain differences between projects.

• Ensuring data quality and consistency across diverse sources.

• Overcoming the scarcity of labeled data in target projects.

• Balancing model generalization with prediction accuracy.
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• Correlation-based Feature

Selection (CFS) selects

features based on predictive

capacity and redundancy.

• Uses best-first search to find

features with high

correlation to target and low

internal correlation

Model Building: Correlation-based Feature Selection (CFS)

Methodology
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• SMOTE: Oversample minority class by creating synthetic

examples with k-nearest neighbors.

• Repeat until target oversampling is achieved.

• ENN: Determine k-nearest neighbors and assign majority class.

• Delete instances with differing classes between observation and

neighbors and repeat until class balance is reached

Model Building: SMOTE-ENN

Methodology
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• Bidirectional LSTM handles context

dependencies with two layers

• One layer processes the sequence

forward, the other backward

• Final output is the concatenation of both

layers' hidden states

Model Building: Bidirectional LSTM

Methodology
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• Bi-GRU uses two unidirectional GRUs, 

one forward and one backward

• Combines past and future information 

to impact current states

Model Building: Bidirectional GRU

Methodology
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• Attention mechanism weights and focuses 

on important nodes in a sequence

• Aggregates meaningful nodes to build a 

sequence vector

Model Building: Attention mechanism

Methodology
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Description of Datasets
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F1- measure and AUC Analysis with and without Feature Selection on AEEEM

Results
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(a) Boxplot Analysis of F1- measure with and without Feature Selection on AEEEM 

(b) Boxplot Analysis of AUC with and without Feature Selection on AEEEM

Results
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F1- measure and AUC Analysis with and without Data Balancing Method on AEEEM.

Results
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(a) Boxplot Analysis of F1- measure with and without Smote-Enn on PROMISE 

(b) Boxplot Analysis of AUC with and without Smote-Enn on PROMISE

Results
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F1-measure Analysis of The Proposed Approach and Baseline Methods on PROMISE
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AUC Analysis of The Proposed Approach and Baseline Methods on PROMISE
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• Explored domain adaptation techniques, leveraged to overcome different data

distribution and class imbalance problem in CPDP and a deep learning model that

combines bi-directional LSTM and GRU with attention mechanism for Cross-project

defect prediction model.

• Exploring hybrid models combining traditional machine learning with deep learning

approaches, Ahmed et al. and model averaging in cross-project defect prediction can

improve prediction performance of model, Li et al.
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