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Editorial on the Research Topic
 Applications of Machine Learning to Evolutionary Ecology Data



“Data is not information, information is not knowledge, knowledge is not understanding, understanding is not wisdom” – Stoll (1995)

Machine Learning (ML) has become an increasingly popular tool in a large variety of fields due to an explosion of ways in which large-scale datasets are collected. ML has been used both as the means through which large data is generated (e.g., image recognition and classification) as well as the tools through which information and knowledge are acquired from large data through complex processing of high-dimensional data (James et al., 2013; Kroese et al., 2019). Thus, ML holds the potential to revolutionize the way in which humanity makes sense of the vast amount of data generated every day. This Research Topic includes a collection of articles which give an overview of applications of ML methods to evolutionary ecology data. In particular, the articles in Research Topic provide innovative insights into how ML can be used to facilitate taxonomic identification and biodiversity survey, find new relationships between morphology and fitness, digital imaging processing, and quantifying ecological network complexity (a key parameter to predict extinction potential of ecological networks).

Gerovichev et al. develop a deep learning model to identify three flying insects. Using a clever combination of a complex deep learning algorithm with simple sticky traps, the authors propose a new high-throughput method to monitor insect populations. This application of ML has the potential to revolutionize the way in which insect surveys are conducted, addressing the major bottleneck in biodiversity assessments of insects (i.e., high-throughput identification). Given the growing concerns of insect population declines (Fox et al., 2019; Didham et al., 2020), this high-throughput framework can enable large-scale insect biodiversity surveys, with ultimate impact to biodiversity conservation.

Lürig et al. promote the use of computer vision, the automated extraction and processing of information contained in digital images, as a promising powerful tool to collect and analyze complex multidimensional phenotype data. After introducing the history and recent development of computer vision methods, the authors propose some general guidelines for beginners willing to dive into computer vision, notably before and after generating digital images. The authors also provided examples of diverse applications of the method in an ecological and evolutionary context. The authors concluded that computer vision methods should provide higher throughput, in a more reproducible way and should facilitate the study of complex phenomics data.

Rabinovich proposes an application of machine learning as a regression and classification tool to highlight relationships between some morphological traits, demographic parameters, environmental factors, and fitness components in kissing bugs, a group of insects vectors of the parasite Trypanosoma cruzi, agent of Chagas disease. First, he reviews synthetically all the accumulated empirical evidence of relationships between various traits of kissing bugs and three specific variables: temperature, feeding frequency, and blood sources. Then, from his review, he extracts 11 variables to analyse their effects on kissing bug fitness with the Random Forest approach and compare it with the Ordinary Least Square Regression method. He showed that the Random Forest approach is a more powerful predictive tool compared to more classical statistical tools but the results reveal fewer relationships than expected. This example of application of machine learning opens new avenues for a better understanding on how multiple inter-related morphological, demographic, and environmental factors affect species fitness.

Studying ecological networks requires the use of different measures to describe their complexity and understand their structure and functioning. Yet, network complexity has various definitions which measures describe the behavior of the system but there are not always appropriate to predict its stability. Strydom et al. present relative rank deficiency and Singular Value Decomposition (SVD) entropy as measures of external and internal physical complexity of ecological networks, which provides insights onto the amount of information required to encode the system and how much signal this information contains. In particular, the authors applied machine learning techniques of simulation as well as statistical and mathematical models to estimate two measures of complexity: one external to the system, the rank of the matrix, which is based on the number of unique interrelationships between modules composing the network, and one internal, the SDV entropy measure, which reveals the importance of each rank in reconstructing the network. The authors showed that while the rank of the matrix holds little information, SVD entropy is an intuitive, robust, non-structural approach to determining the physical complexity of ecological networks. The authors also showed that complex networks are not more robust to extinction than simpler ones and that larger networks are not necessarily more complex than smaller ones. The use of machine learning allowed to manage and analyse large datasets of species interaction networks and work with multidimensional data. Overall, the use of SDV entropy is proposed as a new starting point to define the complexity of ecological networks, which will further help describe and understand the relationship between ecological network complexity and stability.

ML is revolutionizing our understanding of natural patterns, by enabling complex analysis of large-scale datasets. The articles of this Research Topic form a collection of highly innovative ways that ML has been implemented to advance the field of Ecology and Evolution. Our hope is that the Research Topic can serve as a useful resource to the academic community for further developments in the field of ecoinformatics, which enable more and bigger discoveries to aid our understanding of how living organisms interact with each other and their environment.
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