
  

https://doi.org/10.70322/sbe.2025.10022 

Review 

Text Mining Approaches for Protein Function Annotation: 
Challenges and Opportunities 
Hong Wang and Chengxin Zhang * 

 CAS Key Laboratory of Quantitative Engineering Biology, Shenzhen Institute of Synthetic Biology, Shenzhen Institutes of 
Advanced Technology, Chinese Academy of Sciences, Shenzhen 518055, China; hong.wang2@siat.ac.cn (H.W.) 

* Corresponding author. E-mail: cx.zhang2@siat.ac.cn (C.Z.) 

Received: 3 October 2025; Revised: 24 November 2025; Accepted: 11 December 2025; Available online: 22 December 2025 

 

ABSTRACT: Understanding protein functions is essential for advancing quantitative synthetic biology, which applies quantitative 
and systems approaches to understand how biological functions emerge from building blocks, thereby guiding the rational design 
of complex living systems. Apart from a few model organisms, most species contain many proteins with unverified functions, 
highlighting the need for accurate, automated protein function annotation methods. Recent advances in protein bioinformatics, 
particularly in predicting structures and functions, have been driven by artificial intelligence (AI), especially deep learning models. 
Top-performing methods in the Critical Assessment of Function Annotation (CAFA) challenge have leveraged large language 
models to perform text mining-based protein function prediction, extracting features from scientific literature or using template 
proteins with similar descriptions in the literature. Despite these advances, several challenges remain. Current predictors often 
depend on PubMed abstracts curated by UniProt, leading to redundancy with manual annotations and to the overlooking of 
uncurated or full-text literature that contains richer functional evidence. Few systems automatically classify literature types or assess 
their relevance, limiting precision and interpretability. Benchmarking remains difficult due to the absence of unbiased gold 
standards, making it hard to evaluate true predictive capability. Furthermore, integrating heterogeneous evidence—from text, 
sequences, and structural or network data—presents additional challenges for model harmonization. This review not only 
summarizes current methods and limitations but also highlights strategies to improve text mining-based protein function annotation 
using recent AI developments. Overall, this work aims to guide the development of next-generation tools for more accurate and 
comprehensive protein function predictions. 
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1. Introduction 

As the direct executors of biological functions, proteins are responsible for catalysis, regulation, transport, and 
recognition. Understanding protein function is essential for the success of quantitative synthetic biology. To standardize 
the description of protein functions, several classification systems have been established, including the Gene Ontology 
(GO) [1], the Enzyme Commission (EC) numbering system [2], and the Human Phenotype Ontology (HPO) [3]. Among 
these, GO is the most widely used and comprehensive framework (Figure 1a), encompassing three aspects: Biological 
Process (BP), Cellular Component (CC), and Molecular Function (MF). BP describes biological pathways or 
developmental events; CC characterizes subcellular localization or molecular complex formation; MF defines molecular 
events in which proteins participate, such as enzymatic reactions, many of which correspond to EC numbers. GO terms 
are structured as a directed acyclic graph (DAG), where nodes represent GO terms and edges denote hierarchical 
relationships. For example, the term adenylate cyclase activity (GO:0004016, EC 4.6.1.1) refers to the enzymatic 
reaction that catalyzes the conversion of an ATP into a cyclic AMP molecule (Figure 1b). In the DAG, this GO term 
has five parent nodes (Figure 1c), two of which are direct parent nodes. 
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Figure 1. Illustration of Gene Ontology (GO). (a) Three aspects of GO: Molecular Function (MF), Biological Process (BP), and 
Cellular Component (CC). (b) The chemical reaction is catalyzed by the adenylate cyclase. (c) The directed acyclic graph (DAG) 
consists of the GO term for adenylate cyclase activity and its parent GO terms. The two direct parent nodes of the adenylate cyclase 
activity node is indicated by arrows. 

The UniProt database [4] provides functional and literature annotations for proteins. Curators first extract 
functional information from sources such as PubMed, record it in free-text format, and assign corresponding GO 
annotations [5]. However, manual annotation is both labor-intensive and time-consuming, leading to substantial delays 
in updating functional information from the literature. For example, a 1999 study reporting that RasGap regulates the 
enzymatic activity of Ras [6] has yet to be reflected in UniProt functional annotations. As of the end of 2024, UniProt 
contained annotations for 444,251 publications, of which only 40.8% (181,306) include free-text descriptions, and 40.5% 
(180,156) are linked to GO annotations. Meanwhile, UniProt has accumulated approximately 250 million protein 
sequences, but only about 570,000 entries have been manually annotated (Figure 2). The issue of unannotated proteins is 
a significant issue even for some model organisms. For example, although Mycoplasma mycoides is a model organism 
in synthetic biology, the biological functions for approximately one-third of its essential genes are unknown [7]. This 
issue is even more problematic for proteins from non-model organisms, where homology-based function transfer fails. 
For instance, we examined a trigger-factor protein (TIG_HELPY) from a non-model species whose sequence identity 
to characterized proteins is below 30%. Standard homology-based transfer provides no reliable functional assignment, 
yet its experimentally supported molecular function—peptidyl-prolyl cis-trans isomerase activity—is documented in 
the literature. This example illustrates that even when homology signals are weak, relevant functional information may 
still exist in the literature, underscoring the importance of extracting and prioritizing informative publications. 

To address the lag in manual annotation, UniProt has incorporated function prediction algorithms as a 
complementary approach. Different annotation strategies correspond to specific GO evidence codes 
(https://geneontology.org/docs/guide-go-evidence-codes/, accessed on 28 September 2025, Table 1), which are 
categorized as low-throughput experimental evidence (EXP, IDA, IPI, IMP, IGI, IEP), high-throughput experimental 
evidence (HTP, HDA, HMP, HGI, HEP), computational analysis (ISS, ISO, ISA, ISM, IGC, RCA), and phylogenetic 
inference (IBA, IBD, IKR, IRD) [8], author statements (TAS, NAS), and curator statements (IC). A special evidence 
code, IEA, corresponds to fully automated computational predictions, accounting for 99.5% of annotations with an 
estimated error rate of ~5%. Phylogeny-based annotations represent 0.3% of annotations but have a much higher error 
rate of ~31%. By contrast, experimentally supported annotations have error rates close to zero, though they constitute 
only 0.2% of the total [9], with the remaining annotation types collectively accounting for 0.2%. 
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Table 1. Evidence codes used for Gene Ontology annotation. 

Evidence Code Detailed Explanation 

Inferred from Experiment (EXP) Biological function validated by experiment 

Inferred from Direct Assay (IDA) Biological functions validated by biochemical or cell biological experiments 

Inferred from Physical Interaction (IPI) 
Experimentally validated protein–protein, protein–nucleic acid, or protein–small 

molecule ligand interactions 

Inferred from Mutant Phenotype (IMP) 
Biological function inferred from functional differences between two alleles of the 

same gene 

Inferred from Genetic Interaction (IGI) 
Biological function experimentally validated through sequence or expression 

alterations involving two or more genes 

Inferred from Expression Pattern (IEP) Biological process inferred from the spatial or temporal pattern of gene expression 

Inferred from High Throughput Experiment (HTP) Biological function validated by high-throughput experiments 

Inferred from High Throughput Direct Assay (HDA) 
Biological functions validated by high-throughput biochemical experiments or high-

throughput cell biology experiments 

Inferred from High Throughput Mutant Phenotype (HMP) 
Biological function inferred from the functional differences between two alleles of a 

gene observed in high-throughput experiments 

Inferred from High Throughput Genetic Interaction (HGI) 
Biological function validated by high-throughput experiments involving sequence or 

expression changes in two or more genes 

Inferred from High Throughput Expression Pattern (HEP) 
Biological processes inferred from the spatial or temporal patterns of gene expression 

observed in high-throughput experiments 

Inferred from Sequence or Structural Similarity (ISS) 
Biological function predicted based on sequence analysis or structural similarity and 

manually reviewed 

Inferred from Sequence Orthology (ISO) 
Biological function predicted based on orthologous sequence relationships and 

manually reviewed 

Inferred from Sequence Alignment (ISA) 
Biological function predicted based on sequence alignment; both the functional 

prediction and the sequence alignment have been manually reviewed 

Inferred from the Sequence Model (ISM) 
Biological function predicted based on statistical models of protein families (e.g., 

Hidden Markov Models such as Pfam) and subsequently manually curated 

Inferred from Genomic Context (IGC) 
Biological function predicted based on neighboring genomic elements of the target 

gene and manually curated 

Inferred from Reviewed Computational Analysis (RCA) 

Biological functions predicted based on large-scale experimental data (e.g., yeast 

two-hybrid, mass spectrometry, gene chips) or by integrating multiple data types, and 

subsequently manually reviewed 

Inferred from the Biological aspect of an Ancestor (IBA) 
Biological function of a descendant gene is inferred from the function of its ancestral 

gene in the phylogenetic tree 

Inferred from the Biological aspect of Descendant (IBD) 
Biological function of an ancestral gene inferred from the functions of descendant 

genes in the phylogenetic tree 

Inferred from Key Residues (IKR) Loss of biological function inferred from the absence of critical amino acid residues 

Inferred from Rapid Divergence (IRD) 
Loss of biological function inferred from rapid evolutionary divergence between 

descendant and ancestral genes 

Traceable Author Statement (TAS) 
Biological function inferred from references cited within the introduction or 

discussion sections of review or experimental publications 

Non-traceable Author Statement (NAS) 
Biological function inferred from textual descriptions in the literature that lack 

explicit experimental evidence or supporting references 

Inferred by Curator (IC) 

Biological functions inferred from existing functional annotations of the protein; for 

example, a known function of a eukaryotic protein, “RNA polymerase II activity”, 

can suggest a functional annotation of “nucleus” 

Inferred from Electronic Annotation (IEA) Biological function predicted computationally without manual review 
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Figure 2. Statistics of function annotations in UniProt. (a) Accumulation of protein entries in the UniProt and Swiss-Prot databases 
in the past 15 years. The drop in the number of UniProt proteins in 2015 is caused by the removal of redundant microbial proteins, 
i.e., if two almost identical proteins are from different strains or isolates of the same species, only one protein is kept. (b) Number 
of GO annotations for different evidence codes. Blue, orange, and white indicate annotation counts greater than 20,000, greater than 
10,000, and less than 10,000, respectively. 

2. Protein Function Prediction and the Critical Assessment of Function Annotation (CAFA) 

2.1. Existing Protein Function Prediction Algorithms 

Given the importance of protein function annotation—particularly Gene Ontology (GO) annotation—for life science 
research, and the scarcity of manual annotations, accurate and efficient protein function prediction algorithms are essential. 
Consequently, numerous methods have been developed (Table 2). Broadly, these algorithms can be categorized into two 
mainstream approaches: (i) template-based function prediction, which identifies homologous proteins in databases and 
transfers their annotations to the query protein; and (ii) de novo machine learning–based prediction, which derives protein 
functions directly from sequence and/or structural features, thereby reducing reliance on homologous templates. In 
addition, hybrid approaches have emerged that integrate both template-based and de novo strategies. 

Early protein function prediction methods were predominantly template-based, relying on sequence similarity 
between the query protein and annotated proteins. For example, GOtcha [10], Blast2GO [11], and BAR+ [12] employed 
BLASTp [13] to search template databases and transfer functional annotations from matched sequences. Other methods, 
such as ConFunc [14], PFP [15], and GoFDR [16], followed a similar principle but replaced BLASTp with the more 
sensitive PSI-BLAST [13]. HFSP [17] adopted the faster MMseqs2 [18] for sequence similarity searches, while several 
methods [19–21] employed DIAMOND [22] as an alternative to BLASTp and PSI-BLAST to further improve 
computational efficiency. A recent benchmarking study [23] demonstrated that, with appropriate parameter settings, 
BLASTp-, DIAMOND-, and MMseqs2-based similarity search approaches achieve comparable prediction accuracy. 

In addition to sequence similarity–based template searches, structure similarity–based approaches have also been 
widely adopted. For instance, the COFACTOR algorithm [24] and its successor MetaGO [25] employ the TM-align 
program [26] to align the three-dimensional structure of a query protein against templates in the BioLiP structural 
database [27]. Functional information derived from structural templates is then integrated with that obtained from 
sequence-based searches using BLASTp/PSI-BLAST and from the functions of interacting proteins, thereby generating 
final predictions. Similarly, ProFunc [28] applies the SSM [29] and Jess [30] programs to perform global and local 
structural template matching, respectively. More recently, StarFunc [31] combines Foldseek [32] for rapid structural 
template screening against the BioLiP [27] and AlphaFold [33] databases with TM-align for refined structural alignment. 
The functional information obtained from structural templates is further integrated with sequence templates, Pfam 
protein domain families [34], protein–protein interaction networks, and the InterLabelGO deep learning model [35], 
followed by random forest–based classification to yield the final prediction. 

Beyond structural template searches, the three-dimensional structure of a query protein can also be leveraged to 
extract amino acid residue contact maps, which serve as input to deep learning models for de novo function prediction 
without relying on templates. Early structure-based deep learning methods for GO prediction, such as DeepFRI [36], as 
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well as later approaches including Struct2Go [37] and TALE-cmap [38], adopted this strategy. More recently, the 
CLEAN-Contact algorithm [39] extended this idea to predict EC numbers. 

In addition to sequence and structural information, other sources such as protein–protein interactions (PPIs), gene 
expression profiles, and protein domain families have been utilized for protein function prediction. For example, the 
MS-kNN algorithm [40] integrates sequence similarity, gene expression profiles, and PPI information within a k-nearest 
neighbor framework. The INGA algorithm [41] combines sequence similarity, PPI data, and Pfam [34] protein domain 
family information. GOLabeler [42] incorporates protein domain information from the InterPro database [43], 
frequencies of consecutive three-amino-acid fragments, and homologous sequences, which are integrated using gradient 
boosted decision trees (GBDT) [44] to generate final GO predictions. Its successors, NetGO [45] and NetGO2.0 [46], 
further incorporate PPI networks and text-mined data. 

Beyond traditional machine learning methods such as random forests [31], k-nearest neighbors [40], and gradient 
boosted trees [42,44,46], deep learning models that rely solely on the query protein sequence have gained increasing 
attention. Early deep learning models for GO prediction, including DeepGO [47], DeepGOplus [19], and ProteInfer 
[48], convert the amino acid sequence (or three-residue-long fragments) into numerical features via one-hot encoding, 
which are then processed by convolutional neural networks (CNNs) and ultimately fed into fully connected layers to 
generate functional predictions. Similarly, early deep learning models for EC number prediction, such as ProteInfer [48] 
DeepEC [49], and ECPICK [50], adopt the same one-hot encoding plus the CNN paradigm. Recent generations of deep 
learning models, including GO predictors ATGO+ [51], DeepGO-SE [52], ProtBoost [53], DPFunc[54], and 
InterLabelGO [35], as well as EC predictors DeepECtransformer [55] and CLEAN [56], have moved away from one-
hot encoding. Instead, they leverage protein language models (PLMs) based on Transformer architectures [57], such as 
ESM [58] and ProtT5 [59] to extract sequence representations. These PLM-derived features are then aggregated through 
mean pooling and processed by fully connected networks to produce final function predictions. 

Table 2. Existing methods for protein function prediction. 

Methods Source of Functional Prediction Information (Features) Machine Learning Model 

GOtcha, Blast2GO, BAR+ Homologous sequences obtained from BLASTp Search None 

ConFunc, PFP, GoFDR Homologous sequences obtained from PSI-BLAST Search None 

HFSP Homologous sequences obtained from MMseqs2 Search None 

ProFunc 
Homologous sequences obtained from BLASTp search; similar structures 

identified through SSM and Jess structural searches 
None 

COFACTOR 

Homologous sequences obtained from BLASTp and PSI-BLAST searches, 

similar structures identified by TM-align structural search, protein–protein 

interactions 

None 

MetaGO 

Homologous sequences obtained from BLASTp and PSI-BLAST searches, 

similar structures identified by TM-align structural search, protein–protein 

interactions 

Logistic Regression 

StarFunc 

Homologous sequences obtained from BLASTp search, structural analogs 

from Foldseek and TM-align, Pfam protein domain families, protein–protein 

interactions; target protein sequences (features extracted using the ESM 

protein language model) 

Logistic Regression, Fully Connected 

Neural Network (CNN), Random 

Forest 

DeepFRI, Struct2Go 
Residue contact maps derived from 3D structures, target protein sequences 

(one-hot encoding) 
Graph Convolutional Network (GCN) 

TALE-cmap 

Residue contact maps extracted from 3D structures, multiple sequence 

alignments (features extracted using the ESM-MSA protein language 

model) 

Transformer 

CLEAN-Contact 

Residue contact maps extracted from three-dimensional structures, target 

protein sequences (features extracted using the ESM protein language 

model) 

Convolutional Neural Network 

MS-kNN 
Homologous sequences, gene expression profiles, protein–protein 

interactions 
k-nearest neighbors (k-NN) 

INGA 
Homologous sequences obtained from BLASTp search, protein–protein 

interactions, Pfam protein domain families 
None 
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GOLabeler 

Homologous sequences obtained from BLASTp search, InterPro protein 

domain families, target protein sequence features (frequency of consecutive 

tripeptides, sequence features extracted by ProFET) 

Logistic Regression, Gradient Boosted 

Trees 

NetGO 

Homologous sequences obtained from BLASTp, InterPro protein domain 

families; protein–protein interactions, target protein sequence features 

(trigram amino acid frequencies, sequence features extracted by ProFET) 

Logistic Regression, Gradient Boosted 

Trees 

NetGO2.0 

Homologous sequences obtained from BLASTp, InterPro protein domain 

families, protein–protein interactions, target protein sequence (tri-peptide 

frequency, one-hot encoding), PubMed abstracts 

Logistic Regression, Bidirectional 

Long Short-Term Memory (BiLSTM) 

networks, Gradient Boosting Trees 

DeepGO, DeepGOplus, 

ProteInfer, DeepEC, 

ECPICK 

Target protein sequence (one-hot encoding) Convolutional Neural Network (CNN) 

ATGO+ 
Homologous sequences obtained by BLASTp search, target protein 

sequence features extracted using ESM protein language model 
Fully Connected Neural Network 

ProtBoost 
Target protein sequence (features extracted by Prot-T5 protein language 

model) 

Logistic Regression, Graph 

Convolutional Network (GCN), 

Gradient Boosted Trees 

DPFunc 

Target protein sequence (features extracted by ESM protein language 

model), Domain properties obtained via InterProScan (one-hot encoding, 

embedded representations) 

Transformer, Graph Convolutional 

Network (GCN) 

InterLabelGO+ 
Homologous sequences obtained via DIAMOND search; target protein 

sequence features extracted by ESM protein language model 
Fully Connected Neural Network 

DeepGO-SE 
Target protein sequence (features extracted from ESM protein language 

model), protein–protein interactions 
Fully Connected Neural Network 

DeepECtransformer 
Homologous sequences obtained via DIAMOND search; target protein 

sequences (features extracted using ESM protein language model) 
Attention Network 

CLEAN 
Target protein sequence (features extracted by ESM protein language 

model) 
Fully Connected Neural Network 

In recent years, the development of both template-based function prediction algorithms and de novo machine 
learning–based methods has been greatly facilitated by major breakthroughs in artificial intelligence, exemplified by 
AlphaFold and ChatGPT. For instance, the StarFunc algorithm utilizes protein structures predicted by AlphaFold2 as 
templates for function prediction, while Struct2Go and CLEAN-Contact directly employ AlphaFold2-predicted 
structures as training data to build structure-based function prediction models. In addition, the development of large 
language models (LLMs), such as ChatGPT, has also spurred advances in protein language models within 
bioinformatics, making models like ESM mainstream tools for extracting protein sequence representations. 

2.2. Critical Assessment of Function Annotation (CAFA) 

Given the large number of protein function prediction algorithms developed in recent years, an objective and fair 
assessment of their predictive accuracy is essential. To this end, the international Critical Assessment of Function 
Annotation (CAFA) was established, led by the teams of Iddo Friedberg at Iowa State University and Predrag Radivojac 
at Indiana University [60]. From CAFA1 (2010–2011) to CAFA5 (2023–2024), the competition has been held 
approximately every three years. The number of participating teams has steadily increased, from 30 teams in CAFA1 
to 1625 teams in CAFA5. CAFA has thus become the premier competition in protein function prediction, analogous to 
the Critical Assessment of Structure Prediction (CASP) in protein structure prediction. 

CAFA leverages the natural growth of functional annotations in the UniProt database. Taking CAFA3 (2016–2017) 
as an example [61] (Figure 3), the competition mechanism can be described as follows. During the preparation phase, 
organizers preselected 130,827 Swiss-Prot proteins from 23 model organisms and common microbes as CAFA3 target 
proteins, and publicly released this list on the competition start date (September 2016). Sixty-eight participating teams 
were required to predict GO terms for all 130,827 target proteins and submit their predictions to the organizers by the 
submission deadline (February 2017). Between the submission deadline and November 2017, UniProt Gene Ontology 
Annotation (UniProt GOA) added new experimentally supported GO annotations (evidence codes: EXP, IDA, IPI, IMP, 
IGI, IEP, HTP, HDA, HMP, HGI, HEP, TAS, IC) for 3328 of the target proteins. These 3328 proteins subsequently 
formed the benchmark test set used to evaluate the predictive accuracy of the submitted algorithms. 
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Figure 3. Timeline of CAFA3. A preliminary assessment for a subset of 1367 proteins with new annotations accumulated between 
t0 and t1a is performed to report results at the ISMB2017 conference. The final performance evaluation was performed on the full 
set of 3328 proteins with new annotations accumulated between t0 and t1b. 

Among the protein function prediction algorithms mentioned above, BAR+ and MS-kNN ranked among the top 
performers in CAFA1 [60]; INGA and GoFDR were top-ranked in CAFA2 [62]; GOLabeler and COFACTOR achieved 
leading performance in CAFA3 [61]; NetGO2.0 ranked first in CAFA4; and GOCurator [63], PROTGOAT [64], 
StarFunc, and InterLabelGO were among the top performers in CAFA5. 

2.3. Text Mining–Based Protein Function Prediction Algorithms 

With the continued development of CAFA, the importance of text mining–based algorithms has become increasingly 
evident. These algorithms have also grown more sophisticated alongside advances in machine learning for natural 
language processing (NLP). For example, the top-ranked algorithm in CAFA1, Jones-UCL [65], employed a simple text 
mining approach: by counting word frequencies in Swiss-Prot description texts associated with proteins of different 
functions, a naïve Bayes model was constructed to predict GO terms. This early model did not use text from cited literature 
and relied solely on word frequencies, lacking contextual information, which imposed significant limitations. 

By contrast, text mining–based approaches in CAFA4 were substantially more advanced. For instance, the top-
ranked algorithm NetGO2.0 [46], building upon its predecessors GOLabeler [42] and NetGO [45], introduced a new 
text mining–based prediction module, LR-Text (Figure 4a). This module was inspired by the earlier DeepText2GO 
approach [66] and operates as follows: the UniProt identifier of a query protein is used to retrieve associated PubMed 
IDs from the UniProt database. The corresponding titles and abstracts are then obtained from PubMed, and textual 
features are extracted using two methods. The first method is term frequency–inverse document frequency (TF-IDF), 
where for a term t in document d, the TF-IDF value is defined as: 

TFIDFሺ𝑡,𝑑ሻ ൌ
𝑓௧,ௗ

∑ 𝑓௧ᇲ,ௗ௧ᇲ∈ௗ
log ሺ

𝑁
𝑁௧
ሻ (1) 

Here, 𝑓௧,ௗ denotes the frequency of term t in document d, N is the total number of documents in the corpus, and 
𝑁௧ is the number of documents containing term t. In addition to TF-IDF, NetGO2.0 also employs Doc2Vec [67] to 
extract textual features (Figure 4b). Doc2Vec is a neural network model that learns to represent each document as a 
fixed-length numerical vector, capturing the semantic meaning of the text. Conceptually, it can be thought of as 
assigning each document a “summary vector” that reflects the words and context in that document. During training, the 
model learns to predict a word in a document based on its surrounding words and the document identifier. Once trained, 
the model can transform any new document into a fixed-length vector, which can then be used as input features for 
downstream prediction tasks. When applied, providing the text of a PubMed document to the input layer allows the 
model to transform text of arbitrary length into fixed-length feature vectors at the mapping layer, enabling machine 
learning models to utilize textual information efficiently. 

NetGO2.0 combines TF-IDF and Doc2Vec features into a unified text representation, which is then used to train a 
logistic regression model for GO prediction (Figure 4a). These GO predictions derived from text mining are further 
integrated with predictions obtained through five other approaches: BLASTp-based sequence similarity, three-residue 
fragment frequency, InterPro protein domain families, protein–protein interaction networks, and deep neural networks. 
A gradient boosted decision tree model is then applied to generate the final GO predictions. 
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Figure 4. Text mining-based protein GO term prediction in NetGO2.0. (a) LR-Text, the text mining model in NetGO2.0. (b) The 
architecture of Doc2Vec, which is used as one of the text feature generation methods in LR-Text. 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. 

In CAFA5, the top-ranked and fourth-ranked methods, GOCurator [63] and PROTGOAT [64], also employed text 
mining approaches. Among them, PROTGOAT utilizes text mining in a relatively simple manner, relying solely on TF-
IDF features derived from PubMed abstracts. In contrast, GOCurator represents a comprehensive integration of text 
mining strategies. It incorporates the LR-Text model from its predecessor NetGO2.0 and adds three additional text 
mining models: GOXML, LR-MEM, and GORetriever. 

GOXML uses only the titles and abstracts of PubMed articles associated with the query protein as input and extracts 
textual features using the PubMedBERT large language model [68]. These features are then fed into the AttentionXML 
multi-label classification framework to predict multiple GO terms (Figure 5a) simultaneously. 

LR-MEM integrates three types of features: PubMed titles and abstracts, the textual description of the query protein 
in UniProt, and the amino acid sequence. PubMed textual features are extracted using the document-level transformer 
model SPECTER [69]; UniProt textual descriptions are processed with PubMedBERT; and amino acid sequences are 
encoded using the ESM-1b protein language model [58]. The concatenated features are then input to a logistic regression 
model to generate final function predictions (Figure 5b). Both LR-Text, GOXML, and LR-MEM are template-free, de 
novo function prediction models. 

The final model, GORetriever, leverages template protein information in combination with text mining (Figure 5c). 
GORetriever first extracts functionally relevant sentences from the PubMed titles and abstracts associated with the 
query protein. In parallel, it searches for template proteins in the training data with similar textual descriptions using 
the BM25 algorithm, based on the UniProt textual description of the query protein, retrieving both their GO annotations 
and corresponding GO descriptions. The functionally relevant sentences from the query protein and the GO descriptions 
from the template proteins are then compared using a Cross-Encoder [70] text-matching framework to generate the final 
GORetriever predictions. Conceptually, a Cross-Encoder is a neural network model that evaluates the semantic 
similarity between two pieces of text. Unlike simpler methods that encode texts separately, the Cross-Encoder considers 
the two texts together, allowing it to capture detailed interactions and context between the query and template sentences. 
The similarity scores generated by the Cross-Encoder are then used to rank potential GO terms and produce the final 
predictions for the query protein. 
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Figure 5. Three text mining-based models for protein GO term prediction in GOcurator. (a) LR-MEM. (b) GOXML. (c) GORetriever. 

In addition to GO prediction [71], text mining has been employed to predict other types of protein functions, such 
as protein–protein interaction sites [72], Human Phenotype Ontology (HPO) terms [73], metabolic reactions [74], and 
functional sites [75]. 

3. Challenges in Text Mining–Based Function Prediction 

Although text mining has demonstrated substantial utility in protein function prediction, particularly for GO 
prediction, as evidenced in CAFA, there remain several areas for improvement. In terms of literature data processing, 
current methods exhibit at least three major limitations: they typically consider only titles and abstracts while ignoring 
full-text articles; they rely entirely on literature annotations curated by UniProt database curators; and they lack 
automated classification of document types. 

3.1. Ignoring Full-Text Articles 

A scientific publication investigating the biological function of a protein or a set of proteins typically contains several 
sections, including the Title, Abstract, Introduction, Methods, Results, and Discussion and Conclusion. The Introduction 
often summarizes previous knowledge about the function of the target protein, the Results section provides detailed 
experimental or computational findings, and the Discussion and Conclusion may offer an overview of the protein’s 
function as well as inferences about additional potential functions. Despite the wealth of functional information contained 
in these sections, current text mining–based protein function prediction algorithms, including DeepText2Go, GORetriever, 
and GOAnnotator, almost exclusively process titles and abstracts from the PubMed database. 

In practice, obtaining the full text corresponding to PubMed abstracts is becoming increasingly feasible. With the 
growth of the Open Access (OA) movement, more authors, either due to funding agency requirements or by free will, 
have made full texts available in repositories such as PubMed Central and Europe PMC, as well as on preprint platforms 
like bioRxiv and arXiv. For example, PubMed Central currently hosts approximately 10.5 million full-text articles, 
representing about 28% of all PubMed entries. Among the 8935 PubMed articles incorporated into UniProt in 2024, 
65% (5772 articles) have full-text versions available in PubMed Central, indicating that most PubMed papers will likely 
have accessible full text in the near future. Furthermore, since 2004, PubMed Central has employed Optical Character 
Recognition (OCR) technology to convert approximately 1.46 million scanned articles from image-only formats into 
plain text, facilitating their processing by text mining tools. Consequently, leveraging full-text articles represents a 
promising direction for future text mining–based protein function prediction algorithms. 

However, several practical challenges continue to limit large-scale full-text mining. First, many publishers restrict 
automated retrieval of full texts through subscription requirements, institutional login, IP verification, or CAPTCHA-
based human verification, making the construction of a comprehensive full-text corpus technically and legally difficult. 
Second, some papers are available only in “green” open access formats in preprint servers (e.g., bioRxiv, medRxiv, and 
ResearchSquare), third-party repositories (e.g., ResearchGate), or the authors’ personal website. Associating the green 
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open-access full texts with the final peer-reviewed versions from the publishers is not always trivial, due to changes in 
manuscript titles and authorship. Third, many journals and preprint servers provide full texts only as PDFs rather than 
structured XML or HTML, and PDF parsing remains error-prone due to multi-column layouts, OCR artifacts, and 
disrupted textual flow, complicating accurate extraction of protein-related evidence. 

To address these challenges, several strategies can be considered. First, large-scale text mining efforts could 
prioritize Open Access repositories (e.g., PubMed Central, Europe PMC) and preprint servers that allow automated 
access and have clear licensing. Second, collaborations with publishers or participation in text and data mining (TDM) 
agreements can provide legal access to subscription-based content for research purposes. Third, the use of institutional 
proxy services or APIs provided by publishers can help overcome IP-based access restrictions in a compliant manner. 
Fourth, web crawlers and text alignment tools can be developed to identify green open-access full texts. Finally, when 
PDFs are unavoidable, employing advanced PDF parsing tools combined with post-processing methods, such as error 
correction and semantic filtering, can improve the quality of extracted protein function information. 

Compared with text mining of abstracts, one major challenge in mining full-text articles is the sparsity of relevant 
information. Specifically, abstracts are typically limited to a few hundred words and are highly condensed summaries 
of the research, making it relatively straightforward for text mining tools to identify descriptions of the target protein’s 
function. In contrast, full-text articles often extend to several thousand or even tens of thousands of words, with direct 
descriptions of protein function frequently obscured by large amounts of irrelevant information, such as reagent vendors 
and functional hypothesis that are proved to be incorrect. 

To extract relevant information from full texts, large language model–based chatbots, such as ChatGPT and 
DeepSeek, can offer assistance. For example, using instructions such as: “Summarize the biological functions of the 
protein discussed in the following text and propose Gene Ontology terms for its functions”, combined with the full-text 
content of the article, these models can generate concise overviews of protein functions. 

3.2. Reliance on UniProt Literature Annotations 

Currently, nearly all text mining–based GO prediction algorithms source their textual data from PubMed articles 
annotated by the UniProt database for the target proteins. UniProt’s literature curation requires substantial human effort, 
and annotations are often not available immediately after a paper is published. For instance, by the end of 2024, UniProt 
had incorporated 444,251 articles, representing only about 1.2% of the entire PubMed database, including 8935 articles 
newly added in 2024. Among these newly added articles, 60% were published more than three years ago, and over a 
half were published more than ten years ago (Figure 6). These data indicate a clear lag in UniProt’s literature coverage. 
Consequently, text mining tools aiming to exploit published literature fully must be capable of precise indexing in 
PubMed and PubMed Central using keywords such as protein name, gene name, or species, rather than relying solely 
on UniProt’s literature annotations. 

Identifying the proteins and species mentioned in an abstract or full text essentially corresponds to a Named Entity 
Recognition (NER) task in text mining, i.e., extracting entities with specific biological meaning from text (such as 
protein names, gene names, or species names). For example, in the sentence from a research article [76]: “As an 
endogenous inhibitor of neutrophil adhesion, EDIL3 plays a crucial role in inflammatory regulation”, the correct 
gene/protein entity recognition result would be: “As an endogenous inhibitor of neutrophil adhesion, [EDIL3] protein 
plays a crucial role in inflammatory regulation”. 

A range of algorithms is available for protein and gene name recognition, including EXTRACT [77], PubTator 
[78], HunFlair [79], Saber [80], and OGER [81]. These tools can be effectively applied in text mining–based protein 
function annotation studies. 
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Figure 6. Year of publication for the 8935 PubMed citations newly added to UniProt in 2024. The 549 papers published in or before 
the year 1999 are not shown. Papers published more than ten years ago, published more than three years ago but less than ten years, 
and published less than three years ago are colored blue, yellow, and white, respectively. 

3.3. Lack of Automated Classification Methods for Noisy Literature 

Literature coverage is generally sparse because only a small fraction of proteins, primarily from model organisms, 
have been experimentally characterized. For example, among the 175,990 PubMed abstracts associated with at least 
one UniProt protein in UniProt-GOA version 224,132,906 (75.51%) are associated with 14 well-studied model 
organisms—such as Homo sapiens, Mus musculus, Drosophila melanogaster, Caenorhabditis elegans, Saccharomyces 
cerevisiae, Escherichia coli, and Arabidopsis thaliana—among 3756 species collected by UniProt-GOA in total. This 
makes text mining-based function annotation less generalizable to poorly studied proteins and species compared to 
methods that rely on sequence and structure. Even when a publication exists for a protein, it may not always be 
informative for function inference. 

A single publication related to a target protein may report diverse types of studies, including low-throughput 
functional experiments, structural analyses, computational predictions, high-throughput experiments, reviews, or 
methodological developments. The contribution of each publication type to protein function prediction clearly varies. 
An experimental paper may describe only partial aspects of protein function, high-throughput studies may report 
hundreds of proteins with limited individual validation, and many papers mention proteins incidentally. For example, 
many publications on G protein coupled receptors (GPCRs) mention T4 lysozyme, whose fusion enables successful 
crystallography of GPCRs, without further functional insights on the lysozyme itself. Meanwhile, some papers focus 
on methodological innovations rather than the proteins themselves. For example, the UniProt database used to cite a 
single publication (PubMed: 21873635) [8] for all GO annotations with the IBA evidence code, leading to as many as 
1,174,413 UniProt proteins referencing this paper until the citation was corrected in 2024. Such sparse and noisy 
coverage limits the amount of reliable information available for automated function prediction and poses challenges for 
text-mining approaches. 

Overall, such sparse and noisy coverage limits the reliability of automated function prediction and poses challenges for 
text-mining approaches. One approach to partially mitigate the noisiness of literature is to develop an automated literature 
classification algorithm. Such an algorithm, which classifies scientific publications into basic types and automatically weights 
them according to their relevance, would be highly beneficial for downstream text mining applications. 

3.4. Dilemmas in Benchmarking and Evaluation 

The objective evaluation of text mining–based protein function prediction systems remains an enduring challenge 
that complicates fair comparisons and methodological progress. Unlike sequence-based or structure-based models, 
where ground truth can often be derived from experimentally validated annotations, text mining approaches rely heavily 
on human-curated databases such as UniProt or Gene Ontology Annotation as benchmarks. However, these databases 
are themselves incomplete and continuously evolving, meaning that the absence of a recorded annotation does not imply 
the absence of function. This structural bias leads to inflated false-negative rates and a systematic underestimation of a 
model’s true recall, particularly for newly discovered or poorly characterized proteins that are underrepresented in 
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current databases. As a result, benchmarking outcomes may reflect the maturity of database curation rather than the 
intrinsic capability of a prediction algorithm. 

Another source of complexity arises from the limitations of conventional performance metrics. Commonly used 
indicators, such as precision, recall, and F1-score, while statistically convenient, fail to capture the biological and 
scientific value of predictions. A metric capable of proposing a novel, mechanistically plausible function for a 
previously unannotated protein contributes more to biological discovery than one that merely reproduces well-
established annotations. Yet this distinction is often obscured when predictions are aggregated into global metrics. 
Furthermore, since text-derived functional hypotheses may precede experimental validation, a metric’s innovative 
capacity may only be recognized retrospectively, underscoring the temporal and epistemic limitations of static 
benchmarking frameworks. 

As the field moves toward multi-modal and integrative prediction paradigms, disentangling the specific 
contribution of text-based evidence from that of complementary modalities—such as sequence similarity, structural 
modeling, or protein–protein interaction networks—becomes increasingly difficult. Hybrid systems often achieve 
superior predictive accuracy, but this improvement may stem from synergistic effects rather than the text component 
alone. Thus, the future of benchmarking must evolve beyond static test sets and fixed metrics. It should incorporate 
dynamic evaluation schemes that consider temporal updates in biological databases, contextual weighting of evidence 
types, and the capacity to quantify both predictive accuracy and biological novelty. Only through such refined and 
adaptive evaluation frameworks can the true potential of text mining in protein function prediction be fairly assessed. 

3.5. Multi-Modal Integration 

While text mining has been widely used for automated protein function annotation, relying solely on literature-
derived information poses significant limitations. Protein function is inherently multi-faceted, encompassing aspects 
such as molecular activity, cellular localization, involvement in biological processes, and interactions with other 
biomolecules. These aspects are often reported across diverse data types, including protein sequences, three-
dimensional structures, post-translational modifications, protein-protein interaction networks, expression profiles, and 
phenotypic datasets. Text-based annotation methods, even when leveraging advanced natural language processing 
techniques, are inherently constrained to information explicitly described in the literature. As a result, they may miss 
functional signals present in experimental datasets that are not well documented in publications, especially for less-
studied proteins or non-model organisms, or only documented as free-format supplementary that are usually not 
processed by text mining. 

Integrating multi-modal data presents several challenges. First, different data types vary in scale, resolution, and 
reliability—for example, high-throughput experimental measurements may contain noise, while structural predictions 
may vary greatly in accuracy among different proteins. Second, the representation of these heterogeneous data sources 
must be harmonized for computational models, often requiring complex embedding strategies or graph-based 
frameworks. Third, combining modalities introduces the risk of conflicting evidence, which must be reconciled to avoid 
misleading predictions. Therefore, developing algorithms capable of effectively integrating textual, structural, sequence, 
and network-based evidence is critical for producing accurate and comprehensive protein function annotations. 
Addressing multi-modal integration will expand coverage, improve confidence in predictions, and enable the functional 
annotation of proteins for which literature evidence is sparse or ambiguous. 

4. Conclusions and Outlook 

The release of ChatGPT and AlphaFold2 marks the entry of life sciences into the era of artificial intelligence, and the 
field of protein function prediction is no exception. Text mining represents a key application of AI models in protein 
function prediction. From early statistical models based on Naïve Bayes, to classic neural networks leveraging Doc2Vec, 
and more recently to deep learning models built on the BERT architecture, text mining–based protein function prediction 
algorithms have evolved from simple to complex frameworks, fully exploiting advances in natural language processing. 
The recent CAFA5 challenge further highlights the dominant role of text mining in protein function prediction. 

In the future, text mining algorithms for function prediction will increasingly leverage cutting-edge AI models, 
such as large language model–based chatbots, to better utilize full-text information, achieve more automated and 
comprehensive literature retrieval, and enable automated classification and weighting of different types of publications, 
thereby improving the accuracy of functional predictions. Moreover, advanced feature aggregation strategies, such as 
singular pooling [82]—which integrates singular values and eigenvectors to preserve semantic structure in textual 
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embeddings better—may be explored to enhance the representation of protein-related information extracted from 
literature or template proteins, further improving downstream prediction performance. The development of such 
algorithms will also support the classification of publications in databases such as PubMed and facilitate the linking of 
scientific articles to corresponding proteins in UniProt, ensuring that manual functional annotation in UniProt can be 
completed efficiently and in a timely manner. 

As technology advances, future text mining algorithms will go beyond literature retrieval, classification, and 
functional annotation, reaching the level of deeper semantic understanding. For example, by integrating knowledge 
graph techniques, algorithms could automatically construct multi-dimensional networks linking proteins with diseases, 
phenotypes, drug metabolism, and more, providing richer contextual information for protein function prediction. 
Additionally, multi-modal learning approaches will become increasingly important, enabling algorithms to integrate 
textual data with experimental data, such as next-generation sequencing and mass spectrometry, to comprehensively 
understand a protein’s functional mechanisms and its interactions with other proteins. These approaches will also allow 
functional inference for poorly characterized proteins by leveraging contextual information from homologous sequences, 
model organisms, and integrated datasets across species. 

At the application level, these advanced text mining algorithms will greatly accelerate drug discovery and 
personalized medicine. By automatically analyzing the wealth of biological function descriptions and small molecule–
protein interaction data in the literature, these algorithms can provide researchers with targeted drug screening 
suggestions and predict drug pharmacology, side effects, and efficacy. Furthermore, such algorithms can support the 
construction of dynamically updated protein function databases, providing researchers with real-time, precise protein 
function annotation services. They may also enable the identification of previously unrecognized functional 
relationships or signaling pathways, guiding experimental design and high-throughput screens. 

Moreover, with the widespread adoption of AI technologies, future text mining algorithms will place greater emphasis 
on user-friendliness and interpretability. For instance, interactive visualization tools could allow researchers to directly 
inspect the evidence supporting algorithmic predictions, thereby enhancing understanding of the underlying mechanisms 
of protein function and the biochemical contexts required for these functions. This transparency will enhance trust in 
automated predictions and facilitate the integration of AI-assisted annotations into experimental workflows. 

Looking further ahead, self-supervised learning and continual learning paradigms are likely to play an increasingly 
important role. Algorithms could continuously update their models as new publications and experimental data become 
available, reducing lag between scientific discovery and functional annotation. Cross-species knowledge transfer and 
multi-organism data integration will further enable the prediction of protein function for poorly studied species. 
Additionally, AI-driven hypothesis generation could suggest novel experiments, effectively creating a closed loop between 
computational predictions and laboratory validation, accelerating both fundamental biology and translational research. 

In summary, with ongoing advances in artificial intelligence, text mining–based protein function prediction 
algorithms are poised to play an increasingly important role, not only driving the advancement of life science research 
but also bringing transformative breakthroughs for human health and disease treatment. 
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