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Except for a small number of model organisms, most species contain many proteins whose functions have not been
experimentally verified, necessitating the development of accurate, automated protein function annotation methods.
Recent progress in protein bioinformatics, particularly in predicting protein structures and functions, has been driven
significantly by the application of artificial intelligence (AI) algorithms, with a notable emphasis on deep learning
models. For instance, the top-ranked methods in recent Critical Assessment of Function Annotation (CAFA)
challenge have used deep learning models, primarily large language models, to perform text mining-based protein
function annotation. These methods either predict Gene Ontology (GO) terms directly from text features extracted
from scientific literatures or from template proteins with databases. Despite the extensive work in developing
increasingly powerful deep learning models for text mining-based protein function annotation, several major
challenges have been overlooked when parsing scientific literature data. This manuscript reviews existing methods
and challenges in protein function annotation. First, many text mining-based protein function predictors rely
exclusively on PubMed abstracts collected by UniProt curators for the query protein, ignoring literatures that have
not been reviewed by biocurators. Consequently, protein functions predicted by text mining might overlap with those
from manual curation of the UniProt Gene Ontology Annotation. Second, nearly all methods only parse PubMed
abstracts, ignoring the more informative full-text documents often available in the PubMed Central and Europe PMC
repositories. Third, few studies have been proposed to automatically differentiate between different categories of
literatures, such as low and high throughput experiments, and computational predictions. This manuscript also
proposes promising approaches to enhance text mining-based protein function annotation using the latest
development in AI, which is expected to contribute to the development of next-generation text mining tools for more

accurate function annotation.
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Fig.2 Accumulation of protein entries in the UniProt and Swiss-Prot databases within the past 14 years

(The drop in the number of UniProt proteins in 2015 was caused by the removal of redundant microbial proteins, i.e., if two proteins are from differ-

ent strains or isolates of the same species are almost identical, only one protein is kept.)
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Table 2  Existing methods for protein function prediction
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Fig. 4 Text mining-based protein GO term prediction in NetGO2.0

(In this example, the Doc2Vec neural network model is trained to predict the masked word “jump” given its context in the sentence “The quick

brown fox _ over the lazy dog.” The word “the” is excluded from the input sentence as it does not have meaningful information.)
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