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Automated machine learning (AutoML) is an automated version of machine learmning (ML) that has the potential to
become an integral part of plant science research for dealing with large and complex multivariate datasets. AutoML e

is rapidly advancing and has the potential to revolutionise the development and deployment of ML as it fully
automates the ML process, from selecting the appropriate model and optimising its hyperparameters, to handling
data preparation in some instances. This automation saves time and effort, enhances model quality, and increases
its usability for novice users such as plant scientists.

Interpreting AutoML, particularly deep
learning models, can occasionally
present challenges in gaining insights
from data, like traditional ML. Therefore,
consideration of interpretable AutoML

AutoML tools for plant science research : A selection
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AutoML excels in extracting meaningful features from diverse datasets in plant science domains, enhancing under-

standing of precision agriculture, crop breeding, and disease forecasting; estimating abiotic stresses, molecular ge-

netics, and proteomics analysis; and yield prediction. As AutoML tools evolve, they will become even more powerful *Correspondence:

and user-friendly, accelerating innovation in plant science. surya.kant@agriculture.vic.gov.au (S. Kant).

é Ce“:ress Trends in Plant Science, Month 2023, Vol. xx, No. xx ~ © 2023 Elsevier Ltd. All rights reserved. https://doi.org/10.1016/j.tplants.2023.09.008 1


https://orcid.org/0000-0001-6178-7036
https://doi.org/10.1016/j.tplants.2023.09.008

Trends in Plant Science

Declaration of interests
No interests are declared.

Literature
1.

[ B B M

10.

11

2

Waring, J. et al. (2020) Automated machine learning: review of the state-of-the-art and opportunities for healthcare. Artif. Intell. Med. 104, 101822

. Escalante, H.J. (2021) Automated machine learning—a brief review at the end of the early years. In Automated Design of Machine Learning and Search Algorithms

(Pillay, N. and Qu, R., eds), pp. 11-28, Springer

. Hutter, F. et al. (2019) Automated Machine Learning: Methods, Systems, Challenges, Springer
. Korot, E. et al. (2021) Code-free deep learning for multi-modality medical image classification. Nat. Mach. Intell. 3, 288—298
. He, X. et al. (2021) AutoML: a survey of the state-of-the-art. Knowl. Based Syst. 212, 106622

. Nagarajah, T. and Poravi, G. (2019) A review on automated machine learning (AutoML) systems. In 2019 IEEE 5th International Conference for Convergence in Technology

(12CT), IEEE

. Truong, A. et al. (2019) Towards automated machine learning: evaluation and comparison of AutoML approaches and tools. In 20719 IEEE 31st International Conference on

Tools for Artificial Intelligence (ICTAI), IEEE

. Ferreira, L. et al. (2021) A comparison of AutoML tools for machine learning, deep learning and XGBoost. In 2021 International Joint Conference on Neural Networks, |IEEE

. Doke, A. and Gaikwad, M. (2021) Survey on automated machine leaming (AutoML) and meta learning. In 2027 12th International Conference on Computing and Networking

Technologies, |IEEE
Wever, M. et al. (2021) AutoML for multi-label classification: overview and empirical evaluation. IEEE Trans. Pattern Anal. Mach. Intell. 43, 3037-3054

. Das, S. and Cakmak, U.M. (2018) Hands-on Automated Machine Learning: A Beginner's Guide to Building Automated Machine Learning Systems Using AutoML and

Python, Packt Publishing

Trends in Plant Science, Month 2023, Vol. xx, No. xx  © 2023 Elsevier Ltd. All rights reserved. https://doi.org/10.1016/.tplants.2023.09.008 é Ce“)ress


http://refhub.elsevier.com/S1360-1385(23)00301-1/rf0005
http://refhub.elsevier.com/S1360-1385(23)00301-1/rf0010
http://refhub.elsevier.com/S1360-1385(23)00301-1/rf0010
http://refhub.elsevier.com/S1360-1385(23)00301-1/rf0015
http://refhub.elsevier.com/S1360-1385(23)00301-1/rf0020
http://refhub.elsevier.com/S1360-1385(23)00301-1/rf0025
http://refhub.elsevier.com/S1360-1385(23)00301-1/rf0030
http://refhub.elsevier.com/S1360-1385(23)00301-1/rf0030
http://refhub.elsevier.com/S1360-1385(23)00301-1/rf0035
http://refhub.elsevier.com/S1360-1385(23)00301-1/rf0035
http://refhub.elsevier.com/S1360-1385(23)00301-1/rf0040
http://refhub.elsevier.com/S1360-1385(23)00301-1/rf0045
http://refhub.elsevier.com/S1360-1385(23)00301-1/rf0045
http://refhub.elsevier.com/S1360-1385(23)00301-1/rf0050
http://refhub.elsevier.com/S1360-1385(23)00301-1/rf0055
http://refhub.elsevier.com/S1360-1385(23)00301-1/rf0055
https://doi.org/10.1016/j.tplants.2023.09.008

	AutoML: advanced tool for mining multivariate plant traits
	Literature




