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In the face of rapid environmental changes, understanding and monitoring biological traits and functional diversity are crucial for effective biomonitoring. However, when it comes to freshwater macroinvertebrates, a significant dearth of biological trait data poses a major challenge. In this opinion article, we put forward a machine-learning framework that incorporates phylogenetic conservatism and trait collinearity, aiming to provide a better vision for predicting macroinvertebrate traits in freshwater ecosystems. By adopting this proposed framework, we can advance biomonitoring efforts in freshwater ecosystems. Accurate predictions of macroinvertebrate traits enable us to assess functional diversity, identify environmental stressors, and monitor ecosystem health more effectively. This information is vital for making informed decisions regarding conservation and management strategies, especially in the context of rapidly changing environments.
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1 Introduction



1.1 Freshwater biodiversity and sustainable development

Freshwater biodiversity provides vital natural resources for humans in economic, cultural, aesthetic, scientific, and educational terms. Its conservation and management are of paramount importance to the interests and well-being of all humans, nations and governments. However, despite conservation efforts, freshwater biodiversity is experiencing rapid declines at regional or global scales, due to increasing intensity of disturbances from human activity, biotic pressure, and environmental changes (Mouillot et al., 2013). As a consequence, biodiversity loss poses a threat to the sustainability of ecological processes and the provision of ecosystem services (Renault et al., 2022). Thus, biodiversity challenges become one of the most important issues in the Sustainable Development Goals (SDGs). Among the SDGs, the sustainable use of marine and aquatic resources and terrestrial ecosystems are most closely related with biodiversity. Biodiversity is an important indicator to evaluate the sustainable development of human society since it provides the essential resource for human surviving. The balance between biodiversity conservation and utilization is crucial for sustainable development.

Documenting losses of biodiversity, diagnosing their causes, and finding solutions are key issues in freshwater ecology (Strayer and Dudgeon, 2010). Traditional freshwater biodiversity studies mainly focused on taxonomic diversity. Although some kinds of new technologies were implemented, such as meta-barcoding (Serrana et al., 2018) and single-molecule real-time (SMRT) sequencing (Zhang et al., 2020), which obtain species taxonomic annotation by aligning environmental sequences to reference databases, analyses of these new methods still primarily focused on species diversity. It is argued that taxonomic diversity alone cannot explain the observed patterns that respond to environmental disturbances (Gagic et al., 2015).




1.2 Biological trait, functional diversity, macroinvertebrates, and global change

Despite a range of conservation measures being implemented, biodiversity loss continues to occur widely in the context of habitat destruction (Visconti et al., 2011) and global changes (Maclean and Wilson, 2011). So, it cannot wait to develop a method for quantifying and predicting the impact of disturbance on biodiversity patterns (Mouillot et al., 2013).

It has been confirmed that the response to disturbances and other environmental conditions depends on the traits (including life history, behavior, physiology, morphology, ecology, environmental preferences, and tolerances or sensitivities) of the species (Mouillot et al., 2013; Gagic et al., 2015). Functional traits have been shown to serve as important characterizations of community or ecosystem function in response to various disturbances (Tilman et al., 1997; Petchey et al., 2004; Verberk et al., 2013). Furthermore, researches based on species traits can provide more information than studies merely on classical taxonomy (Barnett et al., 2007; Luo Q. et al., 2022). So, the focus of related research has also shifted from taxonomic diversity to functional diversity (Renault et al., 2022).

Macroinvertebrates, characterized by their rich diversity, wide distribution, and environmental sensitivity, have been long utilized to study ecological responses, such as hydrological disturbances, based on their functional traits (Townsend et al., 1997). Until now, studies on macroinvertebrates’ functional diversity have kept exploding for more than 20 years. Recently, research has delved into the typical number of traits considered for estimating functional diversity and the specific traits commonly used for index calculation (Ao et al., 2023). Some studies summarized the macroinvertebrate trait databases that have already been produced (Kefford et al., 2020). These research foundations offered the possibility of constructing a relatively well-developed framework based on macroinvertebrate traits to quantitatively predict the impact of disturbance on biodiversity patterns. However, acquiring comprehensive trait datasets for organisms demands substantial sampling efforts, consequently leading to frequent occurrence of missing data.




1.3 Limitation of current applications and our intention

We propose a conceptual framework that integrates machine learning, phylogenetic conservatism, and trait collinearity to address the paucity of biological trait data for freshwater macroinvertebrates (Kefford et al., 2020). This lack hinders our understanding of functional diversity and the effects of global change. To predict missing traits, we propose a machine-learning model with predictors of phylogenetic information and trait collinearity. By incorporating these predictors, we can improve predictions by accounting for 1) phylogenetic distances among species and 2) associations among traits within species or taxonomic groups. This advance contributes to understanding functional diversity, assessing the impacts of global change, and guiding conservation and management efforts for freshwater ecosystems. In the position paper, we then discuss the current state and our proposed framework for addressing missing trait data.





2 Current state to address the lack of trait database



2.1 Current frameworks

By addressing the lack of biological trait data, the current frameworks rely on the selection of traits available in freshwater macroinvertebrates (Ao et al., 2023). This limitation can be overcome by predicting biological traits based on phylogenetic conservatism and using mathematical tools such as machine learning (Debastiani et al., 2021). Phylogenetic conservatism suggests that closely related species share similar trait values due to their shared evolutionary history. Machine learning algorithms analyze large datasets and extract patterns from complex biological data. By integrating machine learning into the framework, researchers can estimate missing trait values based on known trait values of closely related species. By leveraging machine learning’s ability to identify patterns and correlations among traits, this approach can enable researchers to gain insights into the ecological implications of these traits and their impact on ecosystem dynamics.




2.2 Phylogenetic conservatism

As species traits are integrated as a part of a hierarchically structured phylogeny (Felsenstein, 1985), and given the propensity for greater trait similarity among closely related species compared to those more distantly related (Pagel, 1999), coupled with the conservatism of the phylogeny, it gives the theoretical basis for linking phylogenetic information and traits. So, some data imputation methods encompassed or based on phylogenetic information had been developed, such as Phylopars, which utilizes phylogeny and allometric relationships among traits (Bruggeman et al., 2009), and Phylogenetic Eigenvector Maps (PEM) (Guenard et al., 2013).

The methods that take phylogenetic information of species into account have been considered to be potentially powerful ways to complete trait data imputation (Swenson, 2014). Debastiani et al. (2021) proposed a framework that integrates phylogenetic information with imputation methods employing missForest and assessed the performance of the missForest algorithm for imputing species trait values by incorporating phylogenetic information. The results showed that the inclusion of phylogenetic vectors into the missForest algorithm leads to a substantial improvement in the imputation of missing values under some certain conditions. It demonstrates the promising application of incorporating phylogenetic conservatism into machine learning frameworks to predict macroinvertebrate traits.




2.3 Machine learning in ecology and environmental sciences

Machine learning methods possess a robust nonlinear modeling capability, making them particularly effective in detecting and describing structural patterns within large datasets, as well as providing relative importance values among independent variables (Biau and Scornet, 2016). They had been widely applied for species distribution pattern prediction and constrained environmental factors detection in community-level studies in ecology and environment sciences (Smith and Carstens, 2020). The prediction function made machine learning methods being used in extremely wide areas such as satellite data processing (Kim et al., 2014), weather and climate prediction (Watson-Parris, 2021), air quality forecasting (Fu et al., 2023), and monitoring of snow, ice, and forests (Luo J. et al., 2022). The nonlinear modeling capability of machine learning methods made them powerful in genomic prediction for non-linear traits. Song et al. (2023) had performed Bayesian threshold model and machine learning methods to improve the accuracy of genomic prediction for ordered categorical traits in fish. Fish egg color was predicted with both methods. Machine learning methods showed higher prediction accuracies than Bayesian methods. In wheat leaf traits monitoring studies, machine learning methods could provide comparatively precise and robust prediction of leaf parameters based on high-resolution satellite imagery data (Jamali et al., 2023). Li et al. (2020) extended those methods to population genetic studies. The relative importance was used to determine environmental factors that drive adaptive divergence.





3 Proposed framework with phylogenetic conservatism, trait collinearity, and machine learning



3.1 The proposed framework

We propose an innovative framework that combines phylogenetic conservatism, trait collinearity, and machine learning to revolutionize the prediction and understanding of biological traits (Figure 1). The analysis of an incomplete macroinvertebrate trait set using this framework consists of the following steps: (1) View the data set and clarify missing data. (2) Get the phylogenetic distances between related species based on phylogenetic data. (3) Deduce the value of the missing trait by phylogenetic distances through machine learning. (4) Get the co-occurrence relationships between related traits and add it to machine learning to estimate the deduced value. By incorporating the construct of trait collinearity along with known features such as phylogenetic conservatism and machine learning, this integrated framework enhances our ability to accurately estimate missing trait values. Its applications span across ecology, evolution, and conservation biology, deepening our understanding of trait evolution, functional diversity, and the impacts of global change. Furthermore, the framework informs conservation and management strategies by highlighting traits crucial for species resilience. Through this integration, valuable insights into trait variation and its ecological and evolutionary significance are unlocked.




Figure 1 | Current framework (with phylogenetic data) and prospect framework (with addition of trait collinearity information): (A) analysis of incomplete trait sets in macroinvertebrate, NA representing missing trait information. (B) Phylogenetic distance between species. (C) The value of the missing trait is deduced by adding phylogenetic data through machine learning (light blue data box). (D) Co-occurrence relationships between traits. (E) The inclusion of information on trait collinearity makes the derived values (Black data box) of missing traits more reliable. Silhouettes were obtained from phylopic.org under the public domain licenses.






3.2 Trait collinearity

The diversity in functional traits within species is shaped by both genetic differentiation and phenotypic plasticity (Albert et al., 2010). Additionally, it mirrors the evolutionary past and the species’ adjustments to environmental conditions (Diaz and Cabido, 2001). Given the intricate nature of the origins of functional diversity, employing a multivariate framework that combines the phylogenetic aspects of biodiversity with trait-based methodologies becomes crucial (Felsenstein, 1985). To complete trait datasets, the use of data imputation methods with phylogenetic information of species is considered a potentially effective approach until more accurate trait information is obtained (Swenson, 2014). The foundation for linking evolutionary traits to traits lies in the recognition that species traits are interrelated rather than independent and they are embedded within a hierarchical phylogenetic tree (Felsenstein, 1985). Studies of functional variation are based on the idea of functional trait covariation(Grime et al., 1997), a model of covariation that can define general ecological strategies (Reich et al., 2003). The study of functional variation has been more widely explored in the field of botany than in aquatic organisms. For example, covariation patterns among leaf traits (such as the leaf economic spectrum) have been linked to strategies for efficient resource acquisition and resource conservation (Wright et al., 2004).





4 Summary

Here, we propose integrating machine learning, phylogenetic conservatism, and trait collinearity into a conceptual framework. The lack of biological trait data for freshwater macroinvertebrates impedes our exploration of functional diversity and understanding of global change impacts (Kefford et al., 2020). Thus, there is a global effort to develop methods for predicting missing traits. To bridge this gap, we recommend incorporating trait collinearity into the existing framework that already considers machine learning and phylogenetic conservatism. Trait collinearity involves the correlation or association of certain traits within a species or taxonomic group. By integrating this concept, we can enhance our ability to predict missing traits. Machine learning algorithms are effective at extracting patterns from complex biological data, making them valuable tools. By training these algorithms with existing trait data and incorporating phylogenetic information, predictive models can estimate missing traits based on known trait correlations. This approach leverages the similarity of trait values among closely related species due to phylogenetic conservatism. Including trait collinearity in the framework would improve predictions by considering interrelationships among traits within species or taxonomic groups. Accounting for these associations enhances the accuracy of trait predictions and provides a comprehensive understanding of functional diversity. By integrating trait collinearity and phylogenetic conservatism into machine learning models, we can leverage available data to predict missing biological traits in freshwater macroinvertebrates. This advancement significantly contributes to our understanding of functional diversity, enables better assessments of global change impacts, guides conservation efforts, and informs effective management strategies for freshwater ecosystems, promoting their long-term sustainability.
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