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Background
Proteins serve as the central mediators of biological processes in living organisms, 
orchestrating various functions, including the catalysis of biochemical reactions, the 
regulation of signalling pathways and gene expression, and the maintenance of cellular 
structural integrity [1, 2]. While many proteins contain intrinsically disordered regions 
that confer functional flexibility, most amino acid sequences inherently encode the 
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information required to fold into unique three-dimensional structures, enabling them 
to carry out a wide range of cellular functions [3, 4]. Accurate protein function annota-
tion is essential for elucidating the molecular mechanisms underlying cellular behaviour, 
identifying disease-associated proteins, and accelerating therapeutic discovery [5–7]. To 
systematically categorise protein function, several classification frameworks have been 
developed. Among these, the Gene Ontology (GO) has become the widely adopted stan-
dard, providing a structured and hierarchical vocabulary to describe protein functions 
across three interrelated domains: Molecular Function (MF), Biological Process (BP), 
and Cellular Component (CC) [8, 9].

The rapid development of high-throughput, low-cost sequencing technologies has 
led to a surge in protein sequence data [10]. As of February 2025, the UniProtKB data-
base contains over 250 million protein sequences, while only 0.2% have been function-
ally annotated in the manually curated Swiss-Prot database [11]. This disparity stems 
largely from the intrinsic low throughput of experimental validation, underscoring the 
urgent need for scalable, high-throughput, and accurate approaches to protein function 
annotation [12, 13]. While experimental techniques such as X-ray crystallography [14], 
Nuclear Magnetic Resonance (NMR) spectroscopy [15], and cryo-electron microscopy 
[16] provide gold-standard insights into protein structure and function, their high cost 
and time-consuming nature preclude their use for large-scale annotation, compelling the 
development of robust and reliable computational predictive strategies.

With the advancements in computational biology and artificial intelligence, numer-
ous machine learning (ML) and deep learning (DL) approaches have been developed to 
facilitate protein functional annotation. For one of the earliest tools, Das et al. [17] pro-
posed a machine learning (ML) based method that leverages protein structural domains. 
This was followed by tools such as GOLabeler [18] and NetGO [19], which employed 
logistic regression (LR) and K-nearest neighbours (KNN) algorithms for protein func-
tion classification. However, traditional machine learning (ML) methods often struggle 
to handle high-dimensional data and lack the capacity to capture the complex nonlin-
ear relationships between protein sequences and their functions. In recent years, the 
emergence of deep learning has driven a wave of research leveraging neural network-
based models trained on curated “ground truth” annotations from public databases to 
predict protein function. These models, empowered by advanced neural architectures, 
can capture intricate patterns within protein data for protein function prediction. Cur-
rent methods, such as TALE [20], DeepGOPlus [21], DeepFRI [22], and PFresGO [23], 
primarily harness sequence features derived from pre-trained protein language models 
to enhance GO term prediction [24–27]. A summary of these methods, including algo-
rithmic frameworks, feature encoding strategies, evaluation metrics, and input types, is 
provided in Additional file 1: Table S1. While existing methods have yielded valuable 
insights into protein function, fully harnessing the rich information embedded in three-
dimensional structures to model the intricate sequence-structure–function relationship 
remains a persistent challenge. Recognising the potential of integrating both structural 
and sequential features to advance protein function prediction and deepen our under-
standing of protein biology, we propose a novel approach that goes beyond traditional 
sequence-based analyses and static structural descriptors. Specifically, we introduce 
an innovative transformation of protein 3D structures into 3Di token sequences. This 
unique and complementary structural representation enables the model to derive 
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structure-aware embeddings through standard sequence-based processing, thereby 
facilitating more accurate and insightful functional annotation by effectively harnessing 
multi-level protein information.

We present ENGINE, a multi-channel neural network designed for accurate protein 
function annotation and identification of functionally relevant regions within proteins. 
ENGINE integrates information from both protein sequences and structures through 
multiple complementary channels. The first channel leverages the pre-trained pro-
tein language model ESMFold [28] to predict the three-dimensional (3D) structure of 
proteins. A graph is then constructed using a K-nearest neighbours (KNN) algorithm 
to capture spatial relationships between residues, which is subsequently processed by 
Equivariant Graph Neural Networks (EGNNs). The second channel captures evolution-
ary and contextual information from protein sequences via residue-level embeddings 
derived from the large language model ESM-C [29]. The third channel incorporates a 
discrete structural representation derived from Foldseek’s 3Di alphabet [30], which 
encodes tertiary residue interactions into a sequence format. Information from these 
channels is subsequently fused, enabling ENGINE to assign confidence scores to GO 
terms. We demonstrate that ENGINE outperforms current state-of-the-art models on 
protein function annotation benchmarks. Furthermore, we conduct a series of interpre-
table analyses to elucidate the model’s predictions and to localise functionally important 
residues within protein sequences.

Results
Overview of the ENGINE framework

The ENGINE framework is shown in Fig.  1. To integrate information from pro-
tein sequences and structures, we designed ENGINE as a multi-channel deep learn-
ing model incorporating diverse biological features, such as evolutionary signals and 
structural conformations, to enable efficient and accurate protein function prediction. 
As illustrated in Fig.  1b, the model comprises three main components: the Structural 
Channel, the 3Di Sequence Channel, and the Sequence Channel. These complementary 
feature extraction channels harness distinct types of protein information to assign GO 
terms. The Structural Channel transforms the three-dimensional protein structure into 
a graph representation, capturing its topological features and spatial arrangements of 
residues. The 3Di Sequence Channel leverages Foldseek, a deep learning-based protein 
language model that encodes information about 3D structural conformations into the 
feature representation of the entire protein sequence. This results in sequence embed-
dings enriched with structural context, thereby facilitating the functional representa-
tion of proteins. The Sequence Channel utilises a pretrained protein language model, 
ESM-C, to extract contextual features from the primary amino acid sequence, generat-
ing high-dimensional sequence embeddings that capture residue-level information and 
their interdependencies within the full protein context. During the feature fusion stage, 
we process the outputs from these three channels—encoding complementary sequence 
and structural information, using a Multilayer Perceptron (MLP) network to generate 
confidence scores for GO terms. Empowered by effectively unifying both structural and 
sequential representations into a comprehensive, protein-wise embedding, the ENGINE 
framework significantly improves the accuracy and interpretability of protein function 
annotation.
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ENGINE outperforms the state-of-the-art tools for protein function annotation

To comprehensively evaluate ENGINE’s performance in protein function predic-
tion, we benchmarked it against seven publicly available state-of-the-art methods on a 
benchmark set. This enabled a robust comparison of ENGINE’s predictive capabilities 
with existing approaches. Among these approaches, FunFams [17] employed domain-
based methods for protein function prediction, while DeepFRI [22] and TAWFN [23] 
employed Graph Convolutional Networks (GCN) to leverage graph structures for fea-
ture learning. TALE [20] applied sequence information through a Transformer-based 
architecture. DeepGOZero [25] and PFresGO [23] incorporated ontology-based embed-
dings to improve protein function prediction, whereas DeepGO [24] incorporated the 
hierarchical structure of the GO through an ontology-aware classification architecture. 
Performance was assessed using multiple evaluation metrics, including Fmax (Maxi-
mum F-score), AUC (Area Under the ROC Curve), and AUPRC (Area Under the 
Precision-Recall Curve), by comparing the predicted protein functions with experi-
mentally validated annotations. As summarised in Fig. 2a, ENGINE achieved competi-
tive AUPRC scores across the three branches of GO terms: 0.4395 for MF, 0.3709 for 
BP, and 0.4496 for CC. While the MF score is slightly lower than that of DeepGOZero 
(0.6144), the overall results underscore ENGINE’s strong performance on protein func-
tion annotation. Further analysis of the AUC metric reveals that ENGINE consistently 

Fig. 1  An overview of the ENGINE framework. a Data Collection. Protein sequences in FASTA format are processed 
with ESMFold to generate predicted structures in PDB format. b The ENGINE model architecture. The framework 
consists of two main stages: (1) Multi-channel feature extraction, which leverages EGNN for structural representation 
learning, ESM-C for sequence embedding, and Foldseek for capturing 3Di token features; (2) Feature fusion and clas-
sification, where features from all channels are concatenated and passed through a classification layer to produce 
confidence scores for each GO term
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outperforms all baseline methods, achieving AUC scores of 0.9253, 0.8708, and 0.9206 
for MF, BP, and CC, respectively. These predictions were significantly better than those 
achieved using the existing tools, demonstrating the overall superiority of the proposed 
approach. We showed that ENGINE achieved the best performance among all methods 
for the BP ontology and ranked within the top three for CC in terms of Fmax metric. 
While DeepGOZero obtained the highest Fmax score for the MF ontology prediction; 
PFresGO exhibited the best performance on the CC ontology. These findings highlight 
the effectiveness of ENGINE as a multi-channel integration framework capable of cap-
turing multi-level protein information. Its robust generalisation across diverse function 
ontologies highlights its potential as a powerful tool for comprehensive protein function 
annotation.

To gain deeper insights into the factors underlying ENGINE’s superior performance 
in protein function annotation, we conducted a series of ablation studies to assess the 
contribution of individual model components. Specifically, we systematically disabled 
key modules to construct several ENGINE variants and quantified their impact on over-
all model performance, thereby assessing the importance of each channel. The 'EGNN' 
variant includes only the structural channel, in which the 3D protein structure is con-
verted into a graph representation, excluding both the sequence channel and the 3Di 

Fig. 2  Performance comparison of the ENGINE on different methods and designs. a Comparison of the perfor-
mance of ENGINE with existing protein function prediction methods in terms of AUC, AUPRC, and Fmax metrics. b 
Feature distribution visualisations using t-SNE for different layers in the ENGINE model. For each functional catego-
ry, a representative GO term is selected for visualisation. Samples correctly annotated with the corresponding GO 
term (i.e., positive samples) are highlighted. As the feature fusion progresses across model layers, positive samples 
become increasingly clustered. c Comparison of AUC across different ENGINE variants with varying input configu-
rations across MF, BP, and CC categories. d Performance comparison of AUC on varying sequence identity across 
MF, BP, and CC categories among different methods: ENGINE, TAWFN, TALE, and PFresGO. (e) Assessing structural 
similarity with TM-Score and corresponding ENGINE predictions

 



Page 6 of 23Ran et al. Genome Biology          (2025) 26:407 

sequence channel. The 'EGNN + ESM-C' variant retains the structural and sequence 
channels (with ESM-C embeddings) but removes the 3Di sequence channel. Conversely, 
the ‘EGNN + 3Di Token’ variant incorporates the structural and 3Di sequence channels, 
while omitting the ESM-C sequence embeddings. The experimental results shown in 
Additional file 2: Fig. S1 demonstrate that removing any channel leads to a significant 
drop in predictive performance, underscoring the critical role of each channel. These 
findings highlight the complementary nature of ENGINE’s multi-channel architecture, 
with each component contributing synergistically to the model’s overall effectiveness. 
The results also support the rationale for using ESM-C, Foldseek, and EGNN: ESM-C 
captures global sequence semantics, Foldseek provides structural semantic tokens, and 
EGNN precisely models 3D spatial relationships, with their combination significantly 
enhancing predictive performance.

As shown in Fig. 2b, the AUC comparison underscores the critical role of high-dimen-
sional, residue-level sequence embeddings derived from the pretrained protein language 
model ESM-C in enhancing ENGINE’s performance in protein function prediction. 
When only the structural and ESM-C-based sequence channels are retained, excluding 
the 3Di sequence channel, the AUC values for protein function predictions across the 
MF, BP, and CC ontologies remain relatively high, at 0.9163, 0.8604, and 0.9145, respec-
tively, only slightly lower than those achieved by the original ENGINE model. This result 
underscores that protein sequence embeddings extracted from the pretrained protein 
language model ESM-C effectively capture informative contextual features within pro-
tein sequences, preserving essential functional signals for accurate function prediction. 
In addition, we compared different ESM model scales and sequence features. The results 
showed that ESM-C 6B consistently achieved the best performance, particularly in the 
BP and CC categories, and was therefore selected as the sequence feature extractor in 
our final framework. Moreover, Foldseek’s 3Di token features outperformed Protein-
BERT embeddings, offering more stable and structurally informative representations 
that complement sequence-based models (Additional file 2: Figs. S2 and S3). In sum-
mary, the ablation study confirms the strength of the proposed ENGINE’s multi-chan-
nel integration strategy for protein function prediction. The structural, ESM-C-based 
sequential, and 3Di sequence channels contribute synergistically, enabling the model 
to capture function-relevant information comprehensively. Their combined use signifi-
cantly enhances prediction accuracy and generalizability across diverse branches of pro-
tein function annotation. Additional ablation results and detailed analyses are provided 
in Additional file 2: Figs. S4 and S5.

ENGINE driven by the dynamic fusion of protein representations

ENGINE integrates three complementary feature extraction channels to capture multi-
level protein features for function prediction. We demonstrate that protein representa-
tions in the latent space progressively evolve from an initially disordered distribution 
during the feature fusion process into well-separated clusters aligned with their func-
tional categories. To gain deeper insights into the contribution of features from each 
channel and to examine how these features evolve throughout the fusion process to 
support improved function classification performance, we employed t-distributed sto-
chastic neighbour embedding (t-SNE) to visualise feature distributions at different stages 
of the model across the three GO branches. Specifically, we selected representative GO 
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terms from the MF (GO:0004674), BP (GO:0022618), and CC (GO:0005768) ontolo-
gies, and extracted the protein features of EGNN from distinct stages: (1) the final layer 
of the EGNN module, (2) the sequence embeddings generated by ESM-C, and (3) the 
integrated feature representation at the fusion layer. As shown in Fig.  2c, protein fea-
ture embeddings in the pre-fusion stage display irregular and diffuse distributions, with 
samples scattered and lacking distinct cluster boundaries. In contrast, following fea-
ture fusion, positive samples from the same functional category become more tightly 
grouped, forming well-defined clusters. This transformation highlights the role of the 
fusion process in enhancing the discriminative power of the learned protein represen-
tations. These results suggest that integrating features from all three channels (struc-
tural, sequence, and 3Di information) prior to classification enables the construction of 
comprehensive and biologically meaningful protein representations, thereby facilitating 
accurate functional annotation. Moreover, this analysis further underscores the strength 
of ENGINE’s multi-channel fusion strategy in capturing critical information from multi-
modal biological inputs, leading to more discriminative embeddings and improved pre-
diction accuracy and generalisation across diverse functional ontologies.

ENGINE shows superior performance in annotating protein function with different 

sequence identities and structural similarity

It is crucial to understand how well protein function prediction models perform on 
sequences with varying similarity to known data to evaluate their generalisability. In this 
context, we initially evaluated ENGINE performance on protein sequences grouped by 
their levels of sequence identity to those in the training set. We focused particularly on 
novel sequences with low similarity to those in the training dataset. The test set was par-
titioned into five groups according to maximum sequence identity thresholds relative to 
the training set: 30%, 40%, 50%, 70%, and 95%. ENGINE was benchmarked against sev-
eral baseline models, including TAWFN, TALE, and PFresGO, using AUC as the evalua-
tion metric across these identity-defined subsets. As shown in Fig. 2d, AUC scores for all 
methods generally increased with higher sequence identity across the three GO catego-
ries. Notably, ENGINE outperformed all competing methods at every identity thresh-
old. In particular, ENGINE retained a marked predictive advantage on sequences with 
low similarity to the training data, especially in regions of very low homology, such as 
the 30% and 40% identity groups. Its consistently high accuracy across all identity levels 
underscores ENGINE’s strong generalisation capability.

To further verify ENGINE’s ability to annotate proteins with low structural similarity, 
we conducted a structural similarity analysis. Specifically, we downloaded experimen-
tally resolved structures of the test set proteins in bulk from the RCSB PDB database 
[31]. We used the TM-align tool [32] to compare each predicted structure to its corre-
sponding true structure using the TM-score metric. The TM-score, which ranges from 0 
to 1, is a widely used indicator of structural similarity; scores below 0.3 generally indicate 
significant differences in global folding.

To evaluate ENGINE’s robustness under structural perturbations, we examined its 
performance on proteins with low TM-scores — scenarios in which accurate function 
prediction is particularly challenging. As shown in Fig. 2e, we selected three represen-
tative proteins from the test set, spanning different species and functional categories, 
to illustrate that ENGINE can still deliver reliable predictions even when structural 
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similarity is low. The first case, PDB ID 3DUZ (chain A) [33], originates from Autogra-
pha californica nucleopolyhedrovirus and corresponds to a domain of the viral envelope 
fusion protein GP64. Its predicted structure has a TM-score of only 0.25 when com-
pared to the experimentally resolved structure, indicating a pronounced difference in 
overall conformation. Nonetheless, ENGINE successfully predicted several high-confi-
dence Gene Ontology (GO) terms, including cellular component (GO:0044423), struc-
tural molecule activity (GO:0036338), viral process (GO:0019031), and protein transport 
(GO:0055036). These functions are closely aligned with the known roles of GP64 in viral 
entry, suggesting that ENGINE can capture essential functional features despite struc-
tural inaccuracies. The second case, PDB ID 6GIQ (chain D) [34], is a component of the 
mitochondrial respiratory supercomplex III₂IV from Saccharomyces cerevisiae, with an 
even lower TM-score of 0.17. Despite this extreme structural discrepancy, ENGINE cor-
rectly predicted several key functions, such as electron transfer activity (GO:0009055), 
heme binding (GO:0020037), and energy metabolic process (GO:0006091). These func-
tions are typically associated with evolutionarily conserved sequence motifs and local 
spatial environments, further supporting ENGINE’s capability to integrate multimodal 
inputs and capture signals relevant to functional essence. The third case, PDB ID 
4A0K(chain B) [35], comes from the human DNA repair complex DDB1-DDB2-CUL4A-
RBX1. It exhibits the lowest TM-score among the examples (0.11), representing a sce-
nario with the most pronounced structural deviation. Remarkably, ENGINE accurately 
identified metal ion binding (GO:0046914) and zinc ion binding (GO:0008270), and 
additionally predicted a previously unannotated function, signalling receptor binding 
(GO:0005102), demonstrating the model's potential in novel function discovery. These 
case studies collectively confirm that ENGINE is capable of producing high-confidence 
GO term predictions even for proteins with low structural similarity. This underscores 
the model’s robustness to structural errors and its effectiveness in function annotation 
under challenging conditions.

Building upon these case studies, we further stratified the entire test set based on 
TM-score into four categories: random similarity (TM-score < 0.3), low similarity 
(0.3 ≤ TM-score < 0.5), medium similarity (0.5 ≤ TM-score < 0.8), and high similarity 
(TM-score ≥ 0.8), and computed performance metrics for each category. As shown in 
Additional file 3: Table S2, ENGINE maintained robust predictive performance even for 
proteins in the random similarity and low similarity groups, with only modest decreases 
compared to higher similarity groups. This indicates that ENGINE can effectively cap-
ture functional signals even under substantial structural deviations, highlighting its 
broad applicability and robustness for protein function annotation across structurally 
divergent proteins.

ENGINE uncovers functional substructures essential for protein activity

In this study, we conducted an interpretability analysis of the protein annotation model 
using GNNExplainer [36]. GNNExplainer is a model-agnostic interpretability method 
designed to identify the most influential subgraphs, node features, or edge attri-
butes contributing to a graph neural network’s prediction. Specifically, we computed 
importance scores for eight distinct protein secondary structure types (as detailed in 
Table  1) to quantify their contributions to protein function prediction. By averaging 
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these importance scores across proteins in the dataset, we derived a global ranking of 
secondary structure types, enabling us to assess their relative influence on the model’s 
predictions.

Figure 3a demonstrates that the Loop regions played an essential role in protein func-
tion. Their inherent flexibility and active involvement in molecular interactions drive 
their contribution to protein functional activity [37–39]. Loops are also commonly 
enriched in functionally important residues and mutation hotspots, further supporting 
their significance in predictive modelling [40]. Turn structures ranked second, reflecting 
their role in maintaining protein stability and their facilitation of conformational transi-
tions essential for function [41–43]. The Alpha helices structure followed closely, in line 
with their well-established roles in molecular recognition, structural integrity, and cata-
lytic activity [44, 45]. In contrast, the Extended strands showed a moderate importance 
score, aligning with their primarily structural, rather than functional roles [46, 47]. Bend 
structures and Beta bridge structures were associated with lower importance, suggest-
ing a limited role primarily in maintaining structural organisation [48]. Finally, the 3–10 
helix and Pi helix showed limited functional relevance, likely attributable to their rarity 
[49–51]. These results offer valuable insights into the structural underpinnings of pro-
tein function. To further elucidate these relationships, we analysed the key substructures 
in-depth and examined their potential associations with known functional domains.

We identify functionally important substructures in three-dimensional space by com-
puting edge importance scores and locating the nodes associated with high-scoring 
edges. These substructures are defined as subgraphs composed of the selected nodes 
and their connecting edges, representing local structural fragments with high functional 
relevance. In contrast, functional domains refer to annotated functional units, which 
may encompass multiple such substructures [52–54]. To further characterise the iden-
tified substructures, BLAST comparisons were performed, enabling the detection of 
analogous sequences within existing protein databases. Functionally relevant substruc-
tures identified in the test set were ranked by frequency, are shown in Fig. 3b, with the 
HHHHH substructure appearing most frequently. We also visualised the correspond-
ing protein structures with a detailed analysis of these most frequently occurring sub-
structures. As illustrated in Fig. 3c for PDB ID 5J13 (chain A), the HHHHH substructure 
spans amino acid sites 4 to 8 of the protein [55]. A BLAST search using its amino acid 
sequence revealed that residues 1 to 24 in this protein are annotated in the Gene3D 
database as part of the acetylglutamate kinase-like superfamily [56]. Acetylglutamate 
kinase plays a central role in metabolic regulation, particularly in energy and amino acid 
metabolism [57]. As shown in Fig. 3d, amino acid residues 4 through 9 of this protein 
form the SHHHHHH substructure, which is also commonly observed. This suggests 

Table 1  Mapping of DSSP Secondary Structure Types to 8-Dimensional Vectors
Secondary structure type Description Numerical vector
H Alpha helix [1, 0, 0, 0, 0, 0, 0, 0]
B Beta bridge [0, 1, 0, 0, 0, 0, 0, 0]
E Extended strand [0, 0, 1, 0, 0, 0, 0, 0]
G 3–10 helix [0, 0, 0, 1, 0, 0, 0, 0]
I Pi helix [0, 0, 0, 0, 1, 0, 0, 0]
T Turn [0, 0, 0, 0, 0, 1, 0, 0]
S Bend [0, 0, 0, 0, 0, 0, 1, 0]
- Loop or irregular [0, 0, 0, 0, 0, 0, 0, 1]
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that the HHHHH and SHHHHH substructures may contribute to the functional or 
mechanistic properties of this enzyme family. Figure  3e presents the human flavopro-
tein enzyme (PDB ID: 2OJW, chain A), in which residues 1–28 form a region critical 
for binding flavin cofactors, such as FMN and FAD[58]. The substructure HHHHSSG, 
which our model identified, is located precisely within this region, suggesting its poten-
tial involvement in cofactor binding and enzymatic function. Figure 3f shows PDB ID: 
5O9M (chain A), in which the important substructure EHHHH lies within the TCTP 
domain and is associated with functions such as apoptosis and tumourigenesis [59]. Fig-
ure 3g displays the Escherichia coli maltose-binding periplasmic protein (PDB ID: 5IIC, 
chain A), a key component of the ABC transport system responsible for substrate rec-
ognition and delivery [60]. The substructure TDEGL, identified by our model as highly 
important, is located within residues 277–298, annotated by the PRINTS database as 
the Maltose/Cyclodextrin ABC transporter substrate-binding domain. Structural studies 

Fig. 3  Analysis of the importance of secondary structure features and substructures. a Contributions of different 
secondary structure types to protein function prediction. The graph shows the average importance score of sec-
ondary structures, with colour intensity and circle size indicating relative importance. b Frequency of functionally 
relevant substructures within protein structural domains. c-g Representative examples and atomograms of pro-
teins associated with the top-ranked substructures. The blue intervals represent structural domains, and the red 
intervals indicate the position of the substructure on the structural domain. h An example of a protein mutated in 
an important substructure. The arrow points to the mutation sites
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confirm that this domain forms the core of the maltose-binding pocket [61], highlight-
ing its direct role in substrate-specific recognition. Overall, by identifying frequent and 
functionally important substructures and aligning them with known protein families, we 
offer potential functional insights into complex or previously uncharacterised proteins 
[62].

Building on this, we further focused on potential mutation events occurring within 
important substructures. Figure 3h shows human galactokinase (PDB ID: 3EHU, chain 
A), which is one of the key enzymes in the galactose metabolism pathway [63]. We iden-
tified functionally relevant substructures and located two mutation sites—GLU326 and 
GLY21—within these critical regions. The GLU326 is situated in the ATP-binding region 
at the C-terminus; its side-chain carboxyl group coordinates with the catalytic Mg2+ 
in, and mutations at this site may directly impair catalytic efficiency [64]. The GLY21 
is located within a loop structure in the substrate-binding region; its substitution may 
induce local conformational alterations, potentially impairing galactose binding [65]. 
These findings suggest that such mutations may potentially disrupt the function of 
GALK1 and could have biomedical implications for metabolic disorders such as galac-
tosemia. By integrating known mutation events with key substructures identified by our 
model, our functional annotation framework offers a novel approach for predicting the 
effects of protein variants and investigating disease mechanisms.

ENGINE locates key residues underlying protein function

Protein function is governed not only by its amino acid sequence but also by the spe-
cific spatial arrangement of key residues. Functionally important residues often cluster 
in three-dimensional space to form active or binding sites essential for biological activity 
[66]. In the EGNN model, each amino acid is represented as a node in a graph, allow-
ing us to evaluate the contribution of individual residues to function prediction. To do 
this, we compute attention weights for edges connecting node i to node j, quantifying 
the information passed between them. The functional importance of a residue is then 
defined as the sum of attention weights across all its connected edges, including both 
incoming and outgoing interactions.

Attention = σ(weight(edge_mlp(xi, xj, edge_attr)))

N = Sum(Attention, edge_index, node_num)

Figure  4a and b demonstrate the residues related to ‘fructose-6-phosphate binding’ 
(GO:0070095) identified by ENGINE in Escherichia coli 6-phosphofructokinase (PDB: 
1PFK, chain A). In Fig. 4a, black asterisks mark the functional residues associated with 
GO:0070095 retrieved from the BioLiP database [67], while circles represent the impor-
tance score calculated by ENGINE across residues. This alignment indicates ENGINE’s 
ability to recover most of the key residues involved in fructose-6-phosphate binding. 
Figure  4c further illustrates ENGINE’s ability to accurately identify residues involved 
in "GTP binding" (GO:0005525) for GTP Cyclohydrolase I (PDB: 1A9C, chain A), again 
confirming its precision in detecting functional sites. Figure  4d features triose-phos-
phate isomerase (TIM) (PDB: 1KV5, chain A) from Trypanosoma brucei [68], anno-
tated with the catalytic function "triose-phosphate isomerase activity" (GO: 0004807). 
ENGINE successfully identifies catalytic residues associated with this catalytic function 
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in TIM. Figure 4e originates from Saccharomyces cerevisiae (PDB: 3JCT, chain I) and is 
annotated with the function of metal ion binding (GO: 0008270) [69]. The high-score 
region predicted by our model overlaps with known metal-coordinating residues, dem-
onstrating strong sensitivity to local functional sites. Moreover, Fig. 4f shows the Origin 
Recognition Complex Subunit 3 (ORC3) (PDB: 5ZR1, chain C) [70], where our mod-
el's prediction aligns well with the experimentally characterised DNA-binding interface 
(GO: 0003688). Figure 4g presents the ribosome biogenesis protein RLP7 (PDB: 6CB1, 
chain P) [71], in which ENGINE accurately identifies residues involved in “RNA binding” 
(GO:0003724). Together, these examples highlight that ENGINE effectively identifies 
residues relevant to distinct biological activities by quantitatively estimating the func-
tional importance of individual amino acids, offering valuable insights into the structural 
basis of protein function and enabling residue-level functional annotation.

ENGINE uncovers unannotated protein functions and accurately predicts rare GO terms

To further highlight the utility of ENGINE in protein function prediction, we demon-
strate that ENGINE not only consistently produces high-confidence predictions for 
known functional annotations but also identifies Gene Ontology (GO) terms absent from 

Fig. 4  ENGINE locates functional residues based on residue-level attention weights. a The functional site predic-
tion results for six representative proteins (PDB: 1PFK, Chain A; PDB: 1A9C, Chain A; PDB: 1KV5, Chain A; PDB: 3JCT, 
Chain I; PDB: 5ZR1, Chain C; PDB: 6CB1, Chain P), each associated with distinct functional annotations (GO:0070095; 
GO:0005525; GO:0004807; GO:0008270; GO:0003688; GO:0003724). In the residue functional site score plots, black 
stars indicate experimentally annotated functional residues obtained from the BioLiP database, and red, gray, and 
blue circles represent the attention-based scores computed by ENGINE, illustrating the variation in residue-level 
functional relevance across the sequence. b-g Tertiary structures for six representative proteins, with structural 
renderings highlighting residue-level attention weights derived from ENGINE
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current ground truth datasets, underscoring its potential to uncover previously unanno-
tated biological functions. A compelling example is Secale cereale chitinase GH19 [72], 
ENGINE, which not only accurately identified the annotated ground truth GO terms 
but also assigned high confidence to GO:0005615 (extracellular space), as indicated in 
Fig. 5a. While this term is currently absent from its curated annotations, prior research 
has indeed reported the involvement of Secale cereale chitinase GH19 in extracellular 
processes [73]. As shown in Fig. 5b, in the case of the pseudouridine synthase RluD from 
Escherichia coli, ENGINE confidently identified two previously unannotated functions: 
GO:0006399 (tRNA metabolic process) and GO:0008033 (tRNA processing). Although 
these GO terms are not present in the current ground-truth annotations, it is notewor-
thy that RluD belongs to the broader pseudouridine synthase family. Structurally, RluD 
shares significant homology with known tRNA-modifying enzymes such as RluA and 
TruA, and several members of this enzyme family have been experimentally validated to 
act on tRNA [74].

In Fig. 5c, the Ferric Enterobactin Receptor (PDB: 1FEP, Chain A) is assigned the GO 
term GO:0098796 (integrin transport) by the model with notably high confidence [75]. 
Although this function has not yet appeared in its existing ground-truth annotations, the 
prediction is biologically plausible: the Ferric Enterobactin Receptor is an outer mem-
brane protein involved in iron uptake in Gram-negative bacteria, particularly in the bind-
ing and translocation of siderophores such as enterobactin. Its function entails highly 
specific ligand recognition and energy-dependent translocation mechanisms, which 

Fig. 5  GO term analysis predicted by ENGINE and identification of rare functions. a-d Solid lines represent GO 
terms that are present in the ground truth annotations, whereas asterisks indicate high-confidence GO terms pre-
dicted by ENGINE that are not included in the ground truth. eFmax , AUC, and AUPRC performance of ENGINE on 
Rare, Medium, and Common GO term frequency levels across MF, BP, and CC categories

 



Page 14 of 23Ran et al. Genome Biology          (2025) 26:407 

significantly overlap with the molecular transport processes described by GO:0098796. 
Similarly, in Fig. 5d, we further examined a genetically engineered mutant of glutathi-
one S-transferase GSTM1 (PDB: 5FWG, Chain A) [76]. ENGINE not only identified its 
inherent catalytic activity associated with glutathione but also confidently predicted sev-
eral GO terms potentially reflecting novel functionalities, including GO:0008144 (drug 
binding), GO:0005739 (mitochondrion), and GO:0016684 (oxidoreductase activity). 
These results uncover ENGINE’s ability to generate biologically meaningful predictions 
that align with experimental evidence, underscoring its potential to support large-scale 
computational annotation of proteins with unknown functions.

In view of the results obtained above, we further explore the ability of ENGINE in 
identifying rare GO terms to evaluate its robustness and generalisation performance in 
solving the data sparsity problem. Specifically, we stratify the labels based on the fre-
quency of occurrence of each GO term in the training set. GO terms are classified into 
three categories based on their frequency of occurrence: those appearing fewer than 50 
times are defined as 'Rare', those with 50 to 100 occurrences as 'Medium', and those with 
more than 100 occurrences as 'Common'. This classification reflects the natural distribu-
tion pattern of the labels. The distribution of these categories is shown in Additional file 
2: Fig. S6.

In terms of evaluation metrics, we used Fmax, AUC and AUPRC to measure the per-
formance of ENGINE at each frequency level, respectively, and the results are shown in 
Fig. 5e. It is evident from the analysis of both the BP and CC functional ontologies that 
the ENGINE demonstrates enhanced consistency in all three metrics across the rare, 
medium and common frequency intervals. Even within the rare category, no significant 
decline in performance is observed. In the MF ontology, although Fmax and AUPRC 
metrics are slightly lower for rare GO terms compared to medium and common catego-
ries, the overall differences are minimal, and the AUC remains nearly unchanged. This 
demonstrates that ENGINE maintains strong robustness in identifying low-frequency 
functions. The consistent accuracy of ENGINE on rare GO terms underscores its prom-
ise in addressing the long-tailed distribution challenge inherent in protein function 
annotation, enabling biologically meaningful and generalised predictions even for GO 
terms with limited training data.

Discussion
Although computational approaches have achieved notable progress in protein function 
prediction, their performance is often limited when handling proteins with low homol-
ogy or incomplete structures. ENGINE innovatively converts protein 3D structures 
into 3Di token sequences. Even for proteins with low sequence homology, low struc-
tural similarity, and rare GO terms, the model maintains high predictive capability. This 
robustness is primarily attributed to the complementary nature of the multi-channel 
architecture, where each component acts synergistically. BLAST alignment results vali-
date that ENGINE can identify biologically significant key substructures of known pro-
teins, implying that ENGINE can provide potential functional insights for unannotated 
proteins. Concurrently, the incorporation of attention mechanisms enables ENGINE to 
accurately identify key residues involved in diverse biological activities, achieving func-
tional annotation at the residue level.
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It should also be noted that there are limitations in this study. Firstly, the input pro-
vided by ENGINE is dependent on protein structural information, with longer proteins 
requiring greater computational resources. Secondly, the present framework does not 
fully leverage evolutionary information, such as conserved sites in multiple sequence 
alignments. Future work could integrate these evolutionary signals to deepen our under-
standing of functional conservation and the evolutionary relationships between protein 
functions across species.

Conclusions
We present a multi-channel deep learning model, ENGINE, that integrates protein 3D 
structural data and sequence information to annotate protein function. ENGINE com-
bines a structural channel, which utilises the Equivariant Graph Neural Networks to 
learn graph-based features from protein structures, with a sequence channel that lever-
ages the large protein language model ESM-C embedding to capture evolutionary and 
contextual information from protein sequences. Additionally, ENGINE incorporates an 
innovative structural encoding strategy by integrating Foldseek to extract 3Di tokens 
from protein structure data, enabling the modelling of spatial contextual relationships 
between residues. These complementary multi-source features are effectively fused to 
enhance protein function prediction.

Compared to current state-of-the-art models, ENGINE demonstrates superior per-
formance in protein function prediction. Through extensive ablation studies and feature 
visualisation analyses, we demonstrate that the multi-modal biological features captured 
by the proposed multi-channel fusion strategy enhance ENGINE's feature representa-
tion capabilities. Furthermore, we conduct multiple interpretability analyses, offering 
deeper insights into functional annotation results and enabling the effective identifi-
cation of functionally relevant residues within protein sequences. To facilitate protein 
function annotation research, we have open-sourced ENGINE and provided a graphi-
cal user interface (GUI) at https://github.com/ABILiLab/ENGINE, making it easy for 
researchers to reproduce and build upon our work. We envision ENGINE as a power-
ful and practical tool for protein function prediction, with broad applications in protein 
function characterisation, target discovery, drug discovery, and related areas.

Methods
Data collection

We adopted the dataset from the DeepFRI study, which contains 36,641 protein 
sequences with protein function annotations across three ontologies [22]. To ensure 
high data quality and reduce redundancy, the CD-HIT tool [77] was employed with a 
95% sequence identity threshold to eliminate similar sequences, thereby avoiding over-
lap between the training and test sets. Furthermore, all proteins included in the test set 
were required to have at least one experimentally validated GO term, ensuring the cred-
ibility of the data.

Subsequently, we used the ESMFold model to predict the tertiary structures of the 
protein sequences, which were then saved in PDB format files, as shown in Fig. 1a. The 
dataset was divided into training, validation, and test sets (Table  2) with the propor-
tions of 80%, 10%, and 10%, respectively, covering a total of 2,752 GO terms: 489 from 

https://github.com/ABILiLab/ENGINE
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Molecular Function (MF), 1,943 from Biological Process (BP), and 320 from Cellular 
Component (CC).

Protein representations

To effectively capture the spatial arrangement, structural conformation, and functional 
characteristics of proteins, we represent the targeted protein as a graph in which amino 
acids serve as nodes and the edges quantify connectivity of nodes/residues. Specifi-
cally, we construct the protein graph, denoted as G = (X, A, E), utilising the KNN 
algorithm based on the 3D coordinates of residues. In this representation, X represents 
node features, A is the adjacency matrix reflecting residue connectivity, and E denotes 
edge attributes. This graph-based structure efficiently encodes the complex topological 
organisation of protein residues, thereby facilitating downstream tasks such as func-
tional prediction. We employ the KNN algorithm to construct the protein graph because 
it efficiently captures the local spatial environment of each residue while preserving the 
geometric topology of the protein, providing structured and meaningful input for deep 
learning models.

Node representations

In this study, we enhance protein function prediction by incorporating secondary struc-
ture features as node attributes within Equivariant Graph Neural Networks. Secondary 
structures, such as alpha helices, beta bridges, and loops, are formed through local fold-
ing patterns stabilised by hydrogen bonds and other non-covalent interactions. These 
structural patterns are crucial for maintaining protein stability and activity, as well as 
mediating biological processes, making their accurate representation essential for func-
tional annotation tasks (see Table 2).

We employ the Dictionary of Secondary Structure of Proteins (DSSP) algorithm to 
systematically capture protein secondary structure information, which assigns a sec-
ondary structure label to each amino acid residue [78]. These categorical labels are then 
transformed into 8-dimensional one-hot encoded vectors, where each dimension cor-
responds to a specific structural class. By embedding this structural context into the 
feature representation of each residue, our model gains deeper insight into local confor-
mational patterns, ultimately improving the precision of function prediction.

Edge representations

Each edge in the graph denotes an interaction between amino acids, with the edge fea-
ture matrix E encoding pairwise residue relationships. The edge features encode various 
essential structural and topological information, including 15 high-dimensional distance 
metrics, 12 relative spatial positions, and 66 relative sequence distances, collectively cap-
turing structural and topological information [79].

Table 2  Statistical summary of the training and test datasets in this study
Data MF BP CC
Train 29,902 29,902 29,902
Validation 3,323 3,323 3,323
Test 3,416 3,416 3,416
GO terms 489 1943 320
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For every connected node pair (i, j), their pairwise distance is transformed using a 
Gaussian radial basis function (RBF) to generate 15 distance-based attributes:

Erbf
r (xi, xj) = exp(−||xj − xi||2

2σ2
r

)

where σr  denotes the scale parameter for each distance-based feature.
Additionally, the 12 relative spatial positions are derived from the heavy-atom coor-

dinates of residues, captured fine-grained local interactions [80]. To further encode 
sequence order, 66 binary features are computed based on the relative sequential posi-
tions d(i,j) =|si-sj|, where si and sj  denote the absolute positions of residues i and j 
within the primary sequence [81]. This comprehensive encoding scheme effectively pre-
serves both local structural interactions al relationships in the graph representation.

Graph construction

To construct the KNN-based protein graph, each amino acid (node) is connected to up 
to K  nearest neighbours in Euclidean space, provided their pairwise distance falls below 
a predefined threshold. This approach preserves local structural connectivity, allowing 
the graph to capture the microenvironment of each residue effectively. By integrating 
geometric and sequential information, this graph representation provides a rich and 
structured input for DL models in protein function prediction.

E(n)-equivariant graph neural network

Proteins possess complex 3D structures that are not fixed in position or orientation 
within a coordinate system. Instead, they can undergo arbitrary translations, rotations, 
or reflections. To ensure robust protein function prediction, it is essential that the model 
exhibits SE(3) equivariance—that is, the feature representation remains consistent under 
spatial transformations such as translation, rotation, and reflection [82]. However, tra-
ditional Graph Neural Networks (GNNs), which operate primarily on topological rela-
tionships in non-Euclidean spaces, inherently lack such symmetry-awareness [83, 84]. 
Therefore, we use the EGNN as the structural channel backbone, as it directly leverages 
3D coordinates to capture spatial relationships among residues while preserving SE(3) 
equivariance. This ensures that the learned representations remain consistent under 
spatial transformations, which is crucial for protein function prediction since biological 
activity often depends on relative rather than absolute spatial arrangements. To address 
this, we construct a 3D graph that adopts SE(3) equivariant graph convolution layers 
(EGC) for feature learning. This 3D graph enables the model to capture detailed struc-
tural characteristics of proteins while preserving geometric equivariance.

Within each EGC layer, we perform three core operations. First, we calculate the edge-
wise feature embeddings via a message passing mechanism, allowing the model to aggre-
gate information from neighbouring nodes:

mij = ∅e(hl
i, h

l
j, ||xl

i − xl
j||

2
, eij)

Here, hl
i and hl

j represent the hidden features of neighbouring nodes i and j, respectively. 

The term ||xl
i − xl

j||
2 refers to the squared Euclidean distance between nodes i and j. eij 

denotes the edge attributes, and ∅e is a multi-layer perceptron (MLP) used to compute 
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the edge features. The MLP is trained to fuse the features of neighbouring nodes with 
spatial cues to generate enhanced edge representations. This approach enables the con-
struction of richer edge features, allowing nodes to more effectively aggregate informa-
tion from their neighbours. These features encompass not only topological information 
but also geometric distance relationships, enabling the network to capture structural 
variations.

In the next step, we update the 3D coordinates of each node, enabling the network to 
capture spatial relationships within the local neighbourhood:

xl+1
i = xl

i + 1
n

∑
j ̸=i

(xl
i − xl

j) · ∅x(mij)

where ∅x(mij) represents the MLP that maps the edge feature mij to scalar weights. The 
term xl

i − xl
j denotes the relative position vector between the node i and its neighbour-

ing node j. The product (xl
i − xl

j) · ∅x(mij) is used to update xl
i based on the information 

from neighbouring nodes. This allows for dynamic adjustment of the node coordinates, 
optimising their relative positions in spatial space. Consequently, this enables the net-
work to effectively encode spatial relationships within the 3D structure, rather than rely-
ing solely on topological connectivity.

With the edge messages and coordinates updated, we then update the hidden fea-
tures of the node , allowing it to aggregate information from its neighbouring nodes 
effectively:

hl+1
i = ∅h(hl

i,
∑
j ̸=i

mij)

The term 
∑

j ̸=i mij aggregates the edge feature information transmitted from all neigh-

bouring nodes. The function ∅h is a neural network that updates node features through 
nonlinear transformations, enhancing the expressive power of the model.

The EGC layer maintains both rotational and translational equivariance of 3D node 
coordinates, while being permutation-invariant to node ordering, ensuring that predic-
tions remain unaffected by the input sequence. These properties make it well-suited for 
modelling the 3D structure of proteins.

Embedding of 3Di tokens extracted from Foldseek

To incorporate spatial contextual information into sequence-based protein function 
annotation, we introduce an innovative structural encoding strategy by employing Fold-
seek to extract 3Di tokens from protein structure data. Foldseek is an efficient protein 
structure alignment tool that encodes 3D protein conformations into a sequence-like 
format. We adopt Foldseek as it robustly captures both local and global 3D residue infor-
mation, preserving key structural features while integrating them with sequence-based 
representations. This representation effectively maps the spatial context of the protein 
onto a one-dimensional token sequence. Specifically, for each amino acid residue, both 
its local and distal spatial environment are captured and discretised into a structural 
alphabet (SA), thereby yielding a transformed sequence that encapsulates the underlying 
3D structural characteristics:

S3Di = (t1, t2, ..., tn)
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where ti represents the Foldseek-encoded token for residue i, encapsulating the 3D envi-
ronmental information of the amino acid.

The core of this transformation is a predefined structural alphabet (SA), compris-
ing discrete symbols that represent distinct local 3D environments. For each residue, 
Foldseek assigns a unique token ti, on its spatial configuration, resulting in a 3Di token 
sequence that serves as a compact and informative structural fingerprint of the protein. 
To make the 3Di token sequence amenable to DL models, we employ an embedding 
layer that projects the discrete tokens into a high-dimensional space. Specifically, each 
token is mapped to a 128-dimensional embedding vector during the model's forward 
pass, enabling the model to learn spatially aware representations for downstream func-
tional annotation tasks.

ESM-C protein representations

Accurate representation and interpretation of the biological characteristics encoded 
in protein sequences are fundamental for annotating protein function. To this end, we 
employed the ESM-C model for protein sequence feature extraction, as it efficiently cap-
tures residue-level contextual information, evolutionary signals, and physicochemical 
properties, producing rich embeddings that are highly informative for protein function 
prediction. The ESM-C model was developed to overcome the computational efficiency 
and memory limitations of ESM-2, and it serves as a parallel architecture to ESM-3 [85]. 
While ESM-3 is primarily geared toward controllable protein generation, ESM-C is spe-
cifically designed to learn biologically meaningful representations of presentability. The 
6B-parameter version of ESM-C offers substantial improvements in computational effi-
ciency over the 3B-parameter ESM-2 model.

The ESM-C 6B model takes a protein’s amino acid sequence as input and generates 
contextualised embedding vectors for each residue, given a sequence S = (s1, s2, ..., sL) 
of length L, where si denotes a discrete amino acid. This sequence is first mapped into 
a lower-dimensional space via an embedding layer, and subsequently processed by 
multiple transformer layers to model contextual dependencies. For each input protein 
sequence S, the ESM-C 6B model produces an output matrix of shape L · 2560, where 
2560 is the dimensionality of the residue-level embeddings. These embeddings encapsu-
late evolutionary signals, residue interactions, and physicochemical properties, serving 
as informative features for downstream tasks such as protein function annotation.

Model training and evaluation

The ENGINE model was implemented in PyTorch and optimised using the Adam opti-
miser [86] with a learning rate of 0.0001. The learning rate was selected to promote sta-
ble convergence and mitigate the risk of overshooting the optimal solution [87, 88]. The 
Adam optimiser adapts the learning rate and optimises model parameters by consider-
ing both the mean and variance of the gradients, ensuring an efficient and stable training 
process [89]. The training objective was defined using the cross-entropy loss function, 
which is well-suited for multi-class classification tasks, particularly in the presence of 
class imbalance or uneven sample distributions. It quantifies the discrepancy between 
the predicted class probabilities and the ground truth labels. To further reduce the risk 
of overfitting, validation sets and dropout regularisation were employed during training 
[90–92]. Model training was conducted on a Linux server with a 32-core CPU, 128 GB 
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RAM, and two NVIDIA GeForce RTX 3090 Ti GPUs, each with 24  GB of dedicated 
memory. The configuration and usage guidelines for the ENGINE model are provided in 
Additional file 4.

In this study, we employ three commonly used evaluation metrics to assess model 
performance: Fmax, the area under the precision-recall curve (AUPRC), and the Area 
Under the ROC Curve(AUC) [93]. Among these, AUPRC is well-suited for imbalanced 
classification tasks, as it emphasises the penalisation of false positive predictions. AUC 
quantifies the area under the ROC curve and measures the model’s ability to distinguish 
between positive and negative classes, such as determining whether a protein is associ-
ated with a specific GO term. Fmax is an official evaluation metric adopted by the Criti-
cal Assessment of Functional Annotation (CAFA) benchmarking initiative [94], and is 
widely used to evaluate the overall performance of protein function annotation models. 
It represents the maximum F-score computed across all possible decision thresholds, 
thereby reflecting the model’s best trade-off between precision and recall under varying 
confidence levels. The mathematical formulation of Fmax is given as follows:

Fmax = t
max(2 × pr(t) × rc(t)

pr(t) + rc(t)
)

where pr(t) and rc(t) denote the precision and recall at a given threshold t, respectively, 
and are defined as follows:

pr(t) = 1
h(t)

h(t)∑
j=1

∑
i 1(S(Gi, Pj) ≥ t) × I(Gi, Pj)∑

i 1(S(Gi, Pj) ≥ t)

rc(t) = 1
h(t)

h(t)∑
NT

∑
i 1(S(Gi, Pj) ≥ t) × I(Gi, Pj)∑

i I(Gi, Pj)

where h(t) represents the number of proteins with at least one GO term assigned a score 
no smaller than t. The prediction score between protein Pj  and GO term Gi, denoted by 
S(Gi, Pj), is generated by the model and used for ranking or thresholding. I(Gi, Pj) is a 
binary indicator, which denotes that protein Pj  is annotated with the GO term Gi.
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