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Pandey, S. K., & Triphathi, A. K. Predicting the next version of the Soft-
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predictor of a successive version of the software system. Knowledge-Based
Systems, 197, 105924. (SCI, IF: 8.03).

Pandey, S. K., Mishra, R. B., & Tripathi, A. K. (2021). Machine Learning
Based Methods for Software Fault Prediction: A Survey. Expert Systems with
Applications, 114595. (SCI, IF: 6.95).

Pandey, Sushant Kumar, and Anil Kumar Tripathi. ”An empirical study to-
ward dealing with noise and class imbalance issues in software defect predic-
tion.” Soft Computing (2021): 1-28. (SCI, IF: 3.64).

Pandey, Sushant Kumar, Deevashwer Rathee, and Anil Kumar Tripathi. ”Soft-

ware defect prediction using K-PCA and various kernel-based extreme learning

158



Chapter 8. Conclusion and Future Direction 159

machine: an empirical study.” IET Software 14.7 (2020): 768-782. (SCI, IF:
1.258).

A.2 Conference Papers

(i) Pandey, Sushant Kumar, and Anil Kumar Tripathi. ”Class Imbalance Issue in
Software Defect Prediction Models by various Machine Learning Techniques:
An Empirical Study.” 2021 8th International Conference on Smart Computing
and Communications (ICSCC). IEEE, 2021.

(ii) Pandey, S. K., Mishra, R. B., & Triphathi, A. K. (ICCIDS-2018). Software
bug prediction prototype using bayesian network classifier: A comprehensive

model. Procedia computer science, 132, 1412-1421.

A.3 Communicated Papers
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