
REFERENCES
[1] M. S. A. Razak, N. C. R. Nirmala, M. Aljohani, and S. B. R. Sreenivasa, “A novel

technique for detecting sudden concept drift in healthcare data using multi-linear

artificial intelligence techniques,” Frontiers in Artificial Intelligence, vol. 5, p.

950659, 2022.

[2] S. Kore, E. A. Bavil, V. Subasri et al., “Empirical data drift detection experiments

on real-world medical imaging data,” Nature Communications, vol. 15, p. 1887,

2024.

[3] S. Laurent, R. Renò, and S. Shi, “Realized drift,” Journal of Econometrics, vol.

239, no. 1, p. 105813, Jan 2025.

[4] B. Silva, N. Marques, and G. Panosso, “Applying neural networks for concept

drift detection in financial markets,” Entropy, vol. 25, no. 2, p. 322, 2023.

[5] J. Lu, A. Liu, F. Dong, F. Gu, J. Gama, and G. Zhang, “Learning under con-

cept drift: A review,” IEEE Transactions on Knowledge and Data Engineering,

vol. 31, no. 12, pp. 2346–2363, Dec 2019.

[6] H. Kidane, A. Zeleke, A. Belete, G. Khurana, and J. Fredericks, “Hyperparameter

tuning framework for workload prediction and concept drift detection in cloud en-

vironments,” in 2021 IEEE International Conference on Cloud Computing Tech-
nology and Science (CloudCom). IEEE, 2021, pp. 210–219.

[7] J. F. Lopes, S. B. Junior, and L. F. de Melo, “Online meta-recommendation of

cusum hyperparameters for enhanced drift detection,” Sensors, vol. 25, no. 9, p.

2787, 2025.

[8] D. Lacombe, A. Bifet, and R. Gavalda, “Meta-learning framework for hyperpa-

rameter tuning in data streams,” Machine Learning, vol. 106, no. 7, pp. 1007–

1032, 2017.

[9] H. Yuan, K. Yu, F. Xie, M. Liu, and S. Sun, “Automated machine learning with

interpretation: A systematic review of methodologies and applications in health-

care,” Med. AI, vol. 4, p. 75, Aug 2024.

[10] B. Bischl, M. Binder, M. Lang, T. Pielok, J. Richter, S. Coors, J. Thomas, T. Ull-

mann, M. Becker, A.-L. Boulesteix, D. Deng, and M. Lindauer, “Hyperparameter

optimization: Foundations, algorithms, best practices, and open challenges,” Wi-
ley Interdisciplinary Reviews: Data Mining and Knowledge Discovery, vol. 13,

no. 2, p. e1484, Jan 2023.

49
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