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The dichotomy between high microbial abundance (HMA) and low microbial abundance 
(LMA) sponges has been observed in sponge-microbe symbiosis, although the extent of this 
pattern remains poorly unknown. We characterized the differences between the microbiomes 
of HMA (n = 19) and LMA (n = 17) sponges (575 specimens) present in the Sponge 
Microbiome Project. HMA sponges were associated with richer and more diverse 
microbiomes than LMA sponges, as indicated by the comparison of alpha diversity metrics. 
Microbial community structures differed between HMA and LMA sponges considering 
Operational Taxonomic Units (OTU) abundances and across microbial taxonomic levels, 
from phylum to species. The largest proportion of microbiome variation was explained by the 
host identity. Several phyla, classes, and OTUs were found differentially abundant in either 
group, which were considered “HMA indicators” and “LMA indicators.” Machine learning 
algorithms (classifiers) were trained to predict the HMA-LMA status of sponges. Among nine 
different classifiers, higher performances were achieved by Random Forest trained with 
phylum and class abundances. Random Forest with optimized parameters predicted the 
HMA-LMA status of additional 135 sponge species (1,232 specimens) without a priori 
knowledge. These sponges were grouped in four clusters, from which the largest two were 
composed of species consistently predicted as HMA (n = 44) and LMA (n = 74). In summary, 
our analyses shown distinct features of the microbial communities associated with HMA and 
LMA sponges. The prediction of the HMA-LMA status based on the microbiome profiles of 
sponges demonstrates the application of machine learning to explore patterns of host-
associated microbial communities. 


