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Reevaluating statistical methods in metabolomic
studies: A case for Spearman’s correlation
Dear Editor,

Recently, Liang et al. (2024) conducted comprehensive genome

resequencing and metabolomic analyses of 299 representative

accessions from extant citrus species, offering an extensive over-

view of genetic diversity andmetabolic profiles across citrus pop-

ulations. Their study included a correlation analysis that assessed

the relationship between metabolite content and bioactivities,

resulting in the selection of the top 100 annotated metabolites

exhibiting the highest correlation coefficients (Pearson’s r) across

various chemical assays, cell lines, and CYP450 enzymes (Liang

et al., 2024).

While this paper acknowledges the substantial efforts made by

Liang et al. (2024), it raises important concerns regarding the

use of Pearson’s r for feature selection, primarily due to its

inherent biases arising from linear assumptions that may not

accurately reflect the complexities of biological data. Pearson’s

correlation is limited in scenarios where relationships between

variables are non-linear or involve complex interactions, which

are often the case in metabolomic and genomic studies. As

such, reliance on Pearson’s r could lead to oversimplified inter-

pretations and potentially misleading conclusions.

Consequently, this discussion strongly advocates for the adop-

tion of more robust, bias-free statistical methods, such as

Spearman’s correlation (Liu et al., 2018; Rovetta, 2020; Eden

et al., 2022; Yu and Hutson, 2024), which offer significant

advantages in the analysis of complex datasets commonly

encountered in biological research. Spearman’s correlation is a

non-parametric, non-linear analysis tool that evaluates the rank

order of data rather than relying on their actual values. This char-

acteristic makes it particularly well suited for biological datasets,

which frequently do not meet the assumptions of normality

required for traditional parametric tests.

By circumventing these assumptions, Spearman’s correlation

significantly reduces the risk of skewed results and provides a

more reliable assessment of relationships between variables.

This enhancement is crucial in metabolomic and genomic

studies, where understanding the intricate associations between

metabolites and their bioactivities can yield deeper insights into

biological processes. Moreover, Spearman’s correlation includes

p values, which help establish statistical significance and validate

the robustness of the analysis. The ability to detect true associa-

tions, combined with a clearer interpretation of variable interac-

tions, strengthens the overall reliability of the findings. Thus,

incorporating Spearman’s correlation not only enriches the

analytical framework but also allows researchers to draw

more accurate and meaningful conclusions from their data. This
methodological shift is essential for advancing the rigor of

research and fostering a deeper understanding of the complex-

ities inherent in biological systems.

It is also worth noting that while Liang et al. (2024) possess exper-

tise in molecular plant studies, they may not have a comprehen-

sive background in algorithmic computing and the potential

biases that can arise from various statistical analyses. Re-

searchers must be vigilant in understanding the underlying as-

sumptions of the statistical methods they employ, as well as

the biases and distortions that can emerge from these assump-

tions. This awareness is crucial for ensuring accurate data inter-

pretation and robust conclusions in any scientific investigation. In

light of these considerations, the incorporation of Spearman’s

correlation, along with a critical examination of statistical meth-

odologies, emerges as essential for advancing the rigor and reli-

ability of research outcomes in the field.
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