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Abstract
Motivation: In recent years, protein function prediction has broken through the bottleneck of sequence features, significantly improving predic
tion accuracy using high-precision protein structures predicted by AlphaFold2. While single-species protein function prediction methods have 
achieved remarkable success, multi-species approaches still face challenges such as difficulties in multi-source data integration and insufficient 
knowledge transfer between distantly-related species. How to integrate large-scale data and provide effective cross-species label propagation 
for species with sparse protein annotations remains a critical and unresolved challenge. To address this problem, we propose the MSNGO 
(Multi-species protein Structures and Network to predict GO terms) model, which integrates structural features and network propagation meth
ods. Our validation shows that using structural features can significantly improve the accuracy of multi-species protein function prediction.
Results: We employ graph representation learning techniques to extract amino acid representations from protein structure contact maps and 
train a structural model using a graph convolution pooling module to derive protein-level structural features. After incorporating the sequence 
features from ESM-2, we apply a network propagation algorithm to aggregate information and update node representations within a heteroge
neous network. The results demonstrate that MSNGO outperforms previous multi-species protein function prediction methods that rely on se
quence features and protein-protein networks.
Availability and implementation: https://github.com/blingbell/MSNGO.

1 Introduction
Protein function prediction is essential for understanding cel
lular processes and mechanisms. Accurate function annota
tion not only clarifies protein roles in pathways but also 
provides insights into uncharacterized proteins. With the 
rapid growth of genomics and proteomics data, efficient com
putational methods are urgently needed for large-scale pro
tein function prediction. Experimental verification is 
inefficient, resource-intensive, and cannot meet current 
demands. In contrast, computational methods greatly reduce 
prediction time and costs. Therefore, it is urgent to efficiently 
and accurately predict protein functions through 
bioinformatics.

To facilitate the description of protein functions, Gene 
Ontology (Ashburner et al. 2000) standardizes the functions 
of genes and their products into three domains: Biological 
Process (BP), Molecular Function (MF), and Cellular 
Component (CC). Consequently, the problem of protein 
function prediction is abstracted into a multi-label classifica
tion problem. In recent years, bioinformatics has made signif
icant progress in the field of protein function prediction, 
particularly with methods that have excelled in the Critical 

Assessment of Functional Annotation (CAFA)(Dessimoz 
et al. 2013) competition. These methods often rely on multi
ple data sources to capture more comprehensive information, 
resulting in better classification performance.

This success is largely attributed to the precise structural 
predictions made possible by models like AlphaFold2 
(Jumper et al. 2021), which have resolved the issue of scarce 
structural data. Therefore, AlphaFold2’s open structural 
database (Varadi et al. 2022) undoubtedly offers a break
through in overcoming the reliance on sequence features for 
protein function prediction. Currently, many methods utilize 
the protein structures predicted by AlphaFold2 as datasets. 
PredGO (Zheng et al. 2023) embeds three-dimensional struc
tural features using the Geometric Vector Perceptron Graph 
Neural Network (GVP-GNN) (Jing et al. 2020) model and 
integrates sequence features and PPI networks to achieve 
high-performance protein function prediction. DeepFRI 
(Gligorijevic et al. 2021) leverages a graph convolution-based 
model to train on protein structure contact maps, going be
yond homology transfer by capturing both local sequence 
features and global structural characteristics. Struct2GO 
(Jiao et al. 2023) employs hierarchical graph pooling with an 
attention mechanism to pool amino acid-level 
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representations, resulting in protein-level representations. 
Not limited to structure feature, multimodal biological data 
continues to grow. DPFunc (Wang et al. 2025) uses domain 
information for GO prediction. MIF2GO (Ma et al. 2024) 
employs fusion technology to integrate six biological data 
modalities, achieving a robust protein representation.

Most of the mentioned prediction techniques are based on 
single-species studies. Therefore, they require training differ
ent models for multi-species data, leading to increased time 
and hardware resource consumption. Additionally, there is 
an issue of data imbalance between species. For some species 
with sparse protein function labels, transferring annotations 
is a significant challenge. Limited by this issue, multi-species 
protein function prediction techniques have only recently be
gun to emerge. These techniques aim to predict the functions 
of proteins across different species simultaneously, signifi
cantly reducing the time required for multi-species function 
prediction and addressing the issue of sparse labels in tar
get species.

Among existing methods, DeepGraphGO (You et al. 2021) 
was the first to attempt expanding from single-species predic
tion models to the multi-species domain. It uses Graph 
Convolutional Network (GCN)(Kipf and Welling 2016) to 
simultaneously convolve the PPI networks of multiple spe
cies, achieving the goal of predicting protein functions across 
multiple species simultaneously. However, the prediction 
results rely solely on the propagation outcomes within the 
PPI networks of each species. For species with sparse labels, 
the final classification results do not effectively guide the 
identification of potential protein functions. On the same 
dataset, the NetQuilt (Barot et al. 2021) model was pro
posed, which integrates sequence similarity and PPI networks 
by calculating IsoRank (Singh et al. 2008) similarity scores, 
resulting in a multi-species protein isomorphic network. 
Although this method significantly improves the perfor
mance, it fundamentally relies on network alignment to find 
cross-species connections, and the number of protein nodes 
input is limited by the size of the Graphics Processing Unit 
(GPU). To improve the efficiency of network propagation, 
Sequence to Function (S2F)(Torres et al. 2021) introduced a 
new label propagation algorithm. By linearly combining dif
ferent transition networks, it can effectively learn informa
tion from various levels within isomorphic networks. 
SPROF-GO (Yuan et al. 2023) made improvements on the la
bel propagation algorithm proposed by S2F. This model con
structs multi-species networks using homology information, 
which allows for the rapid prediction of GO labels for newly 
discovered proteins. Unlike the propagation method in S2F, 
which is based on isomorphic networks, Cross-species het
erogeneous network propagation for protein function predic
tion (PSPGO)(Wu et al. 2023) proposes a heterogeneous 
network propagation method. It constructs multi-species het
erogeneous networks using sequence homology networks and 
PPI networks.

Our proposed model, MSNGO, leverages homology simi
larity and PPI networks to achieve cross-species functional 
propagation and incorporates structural data to make 
protein-level representations more complete. MSNGO has 
three notable features: First, it achieves cross-species label 
propagation through a multi-species heterogeneous network. 
We construct a heterogeneous network based on sequence 
homology similarity and PPI networks, using an attention 
mechanism to update node vectors and propagate labels. 

Second, it introduces structural data into multi-species net
work propagation for the first time. The structural data 
comes from the public database of AlphaFold2, which 
achieves atomic-level accuracy. Using the predicted three- 
dimensional structures from AlphaFold2 significantly 
improves the accuracy of function prediction. Third, it 
employs a model based on graph convolution and hierarchi
cal graph pooling to learn structural features suitable for net
work propagation. The trained model extracts embedded 
representations of the structural data, allowing structural fea
tures to propagate through large, complex networks.

2 Materials and methods
2.1 Overview
Inspired by PSPGO, our model uses homology similarity and 
PPI networks to form a heterogeneous network for propaga
tion. As shown in Fig. 1, the process is divided into three 
main steps:

1) Feature Extraction Stage: We learn effective feature vec
tors for protein sequences and structures separately. 
Protein sequences are processed using the ESM-2 (Rives 
et al. 2021) model, while a structural model is trained 
for protein structures. The hidden vectors extracted 
from the structural model serve as the protein struc
tural features. 

2) Training Stage: Protein structural and sequence features 
are concatenated to form node feature vectors in the het
erogeneous network. Each network learns an attention 
score matrix to measure node closeness during propaga
tion. Node vector updates depend on attention scores, 
layer weights, and the vectors themselves. Through 
multi-layer propagation, the model learns effective pro
tein features from both networks, and an Multilayer 
Perceptron (MLP) performs multi-label classification. 

3) Prediction Stage: In the heterogeneous network, both 
protein features and label vectors are propagated to pro
teins with unknown labels. Label vectors from the train
ing set propagate, allowing test set proteins to aggregate 
effective labels. The results of label and feature propaga
tion are then linearly combined and fed into the 
MLP classifier. 

2.2 Datasets
We collected datasets from 13 species, including mammals, 
ectotherms, plants, bacteria, and fungi. We present the statis
tics of the dataset in Supplementary Table S1. Data includes 
PPI networks, GO annotations, Gene Ontology files, protein 
sequences, and structures. PPI networks are from STRING 
(v11.0b) (Szklarczyk et al. 2019), and protein sequences from 
Uniprot (UniProt 2021). Protein structures are from 
AlphaFold2, with ESMFold (Hie et al. 2022) used for missing 
predictions. GO annotations were downloaded from the 
GOA database (Huntley et al. 2015), filtered by species and 
evidence codes, with annotation details recorded. To ensure 
the reliability of the function labels, we only retained protein 
annotations that were manually curated by experts and ex
perimentally validated. Specific evidence codes and related 
experiments are shown in Supplementary Data. All GO anno
tations follow the Gene Ontology true path rule. We retrieved 
the go-basic version of the GO label set and, using “is a” and 
“part of” relationships, traced upwards from existing protein 
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labels to complete each protein’s GO label set. The number 
of labels in each branch is shown in the Table 1. Assuming 
the number of labels is c and the number of protein samples 
is N, we represent the protein label vectors in the form of a 
binary matrix Y 2 ð0;1ÞN × c, where 1 indicates the protein 
possesses the label and 0 indicates it does not. The Gene 
Ontology can be viewed as comprising three independent 
branches. Therefore, we classified the proteins according to 
the branch of the GO label they belong to.

Dividing the dataset temporally helps better assess the 
model’s ability to predict protein functions. The training set 
includes proteins annotated before January 2021, the valida
tion set covers those first annotated between January 2021 
and July 2022, and the test set consists of proteins first anno
tated between August 2022 and August 2023.

2.3 Feature extraction stage
2.3.1 Protein sequence representation
We use the ESM-2-650M model to extract features from 
protein sequences. We input the protein sequences into the 
ESM-2 model to obtain the amino acid representations from 
the final layer. By simply averaging these amino acid repre
sentations, we derive the protein-level vector representation. 
The final sequence feature is represented as the vector 
Hse 2 RN × d1 , where d1 is the feature dimension of the pro
tein sequence.

2.3.2 Amino acid representation in protein structure
The raw data for protein structure consists of the three- 
dimensional atomic coordinates of amino acid sequences. We 
construct the protein structure contact map by connecting 
amino acids with edges if their Cα atoms are within 10 Å. To 
derive initial amino acid node embeddings, we employ the 
node2vec (Grover and Leskovec 2016) algorithm, which 
enhances DeepWalk (Perozzi et al. 2014) with biased random 
walks. In practice, it uses two hyperparameters p and q to in
fluence the probability of selecting the next hop node. It cal
culates the selection probabilities for all neighboring nodes of 
the current node and chooses the node with the highest prob
ability as the next node. Assuming the current node is v, the 
probability of selecting x as the next node is: 

P ni ¼ xjni − 1 ¼ vð Þ ¼

πvx

Z
; if v;xð Þ 2 E

0; otherwise

8
<

:
(1) 

where πvx is the transition probability from vertex v to vertex 
x, and Z is a normalization constant. The value of πvx is influ
enced by weights and hyperparameters. Assuming the walk 
reaches node v via node t, πvx is calculated by: 

πvx ¼ αpqðt; xÞ �wvx (2) 

αpq t; xð Þ ¼

1
p

if dtx ¼ 0

1 if dtx ¼ 1
1
q

if dtx ¼ 2

8
>>>>><

>>>>>:

(3) 

where wvx is the weight of the edge between v and x, p and q 
are the hyperparameters introduced by the node2vec algo
rithm, and dtx represents the distance between node x and 
node t.

Figure 1. An overview of MSNGO model. The model inputs protein sequences, structures, and PPI networks. During feature extraction, a contact map is 
built from the 3D structure using Cα atom distances, and node2vec provides amino acid-level representations. The structural model based on graph 
convolution pooling modules extracts hidden vectors as protein structural features, while ESM-2 generates sequence features by averaging amino acid 
representations. The structural representation and sequence representation are spliced into the final feature representation of a protein. In training, the 
concatenated sequence and structural features are propagated through a heterogeneous network of PPI and homology similarity networks, with an MLP 
mapping the final representations to GO terms. During prediction, GO label vectors and concatenated protein features are propagated, with label 
propagation sharing attention scores from feature propagation. The final prediction is a linear combination of feature propagation and label propagation.

Table 1. Statistics of the number of labels in each Gene Ontology branch.

Ontology Label quantity

BPO 19 323
MFO 6445
CCO 2645
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Node2vec performs random walks on all nodes in the con
tact map to generate initial embeddings for each amino acid 
node. Finally, these embeddings are concatenated with the 
one-hot encoded vectors of the amino acids.

2.3.3 Protein structural representation
Since the heterogeneous networks under study have high 
degrees, aggregating features from thousands of proteins in a 
single neighborhood during downstream network propaga
tion tasks imposes significant time and resource constraints. 
Therefore, we cannot directly input the contact map into the 
network propagation layer. Inspired by Struct2GO, we em
ploy a structural model train the contact map and extract 
hidden vectors as low-dimensional structural features. The 
model performs pooling operations on subgraphs composed 
of nodes that have the most significant impact on structural 
features, retaining the most prominent structural characteris
tics and filtering out noise.

The structural model comprises multiple graph convolu
tion pooling modules. These modules first perform graph 
convolution on the contact map and amino acid features to 
aggregate neighborhood information: 

Hðlþ 1Þ ¼ σ bD
� 1

2bA bD
� 1

2HðlÞΘ
� �

(4) 

where HðlÞ 2 Rn × d2 represents the feature vectors of amino 
acids at the l-th layer, n denotes the number of amino acids in 
the contact map, and d2 is the dimension of an amino acid 
vector. bA is the adjacency matrix of the contact map with 
self-loops, bD is the degree matrix of bA, Θrepresents the learn
able parameters of the convolution layer, and σ is the activa
tion function. Assuming there are L graph convolution 
layers, the output of the final graph convolution layer 
is HðLþ1Þ.

Additionally, a single graph convolution layer maps the 
node features to a one-dimensional space, obtaining the at
tention scores for each node. Nodes with higher attention 
scores are retained, with the number of retained nodes deter
mined by the graph pooling rate k. Based on the attention 
scores, the features from the graph convolution are aggre
gated again to form a pooled subgraph: 

S ¼ σ bD
� 1

2bA bD
� 1

2HðLþ 1ÞΘs

� �

(5) 
idx ¼ TopSelectðS; kÞ (6) 

Hsub ¼ HðLþ 1Þ
idx � Sidx Asub ¼ Aidx;idx (7) 

where S 2 Rn represents the attention scores of the amino 
acids, idx denotes the retained nodes, Hsub is the amino acid 
vector of the pooled subgraph, Asub is the adjacency matrix 
of the pooled subgraph.

Finally, the module performs graph pooling on the pooled 
subgraph. We choose to concatenate the results of max- 
pooling and sum-pooling: 

Hout ¼
1
n0
Xn
0

i¼1

Xi ∥maxXi (8) 

where X¼Hsub, Hout 2 R2d2 is the output of the graph con
volution pooling module, ∥ denotes concatenation, and n0is 
the number of nodes in the pooled subgraph.

We stack multiple graph convolution pooling modules, 
continuously condensing the pooled subgraphs to focus the 
attention on critical amino acid features. Through this 
method, we learn effective structural features, improving the 
quality of structural features in downstream tasks. The out
puts of multiple layers are summed and input into an MLP 
multi-label classifier for graph classification, with the goal of 
predicting GO labels. Binary cross-entropy loss is used to 
guide backpropagation. Extracting and concatenating the 
hidden vectors from each structural contact map before the 
MLP yields the structural features for downstream 
tasks, Hst 2 RN × 2d2 .

2.4 Training stage
Inspired by PSPGO, our multi-species protein prediction model 
(hereinafter referred to as the prediction model) employs the 
same type of heterogeneous network: one part based on func
tional expression PPI networks and the other based on se
quence homology similarity networks. Multi-species PPI 
networks can be directly downloaded from the STRING data
base, while homology similarity networks are constructed using 
the Diamond tool (Buchfink et al. 2021) to search for similari
ties between protein sequences. Consequently, we obtain a 
cross-species heterogeneous network G¼ V;E1;E2ð Þ. The ad
vantage of this heterogeneous network is that the underlying 
homology similarity network provides essential attributes for 
the proteins, while the surface PPI network supplements func
tional expression information for the proteins.

2.4.1 Input layer
The input to the prediction model is the concatenation of the 
protein sequence features Hse and the protein structural fea
tures Hst: 

H ¼ Hse ∥ Hst (9) 

where H 2 RN × ðd1þ2d2Þ represents the concatenated node fea
tures. To save time and memory, H needs to be mapped to a 
lower-dimensional vector space, followed by further mapping 
using an MLP to avoid issues such as over-smoothing during 
subsequent convolution processes: 

Hð1Þmlp ¼ σðHWeþbeÞ (10) 

Hðlþ 1Þ
mlp ¼ σ

�
LN
�

HðlÞmlpWðlÞ
mlpþbðlÞmlp

��
(11) 

where σ represents the non-linear activation function, We 

and be are the learnable parameters of the linear layer, LNð�Þ

is the layer normalization function, WðlÞ
mlp and bðlÞmlpare the 

learnable parameters of the l-th layer in the MLP, Hðlþ1Þ
mlp 2

Rd3 is the output of the l-th layer of the MLP.

2.4.2 Network propagation layer
The PPI network is represented as Gp ¼ ðV; E1Þ, and the ho
mology similarity network is represented as Gs ¼ ðV; E2Þ. 
This study uses a graph attention mechanism to adjust the 
propagation strength between network nodes, learning an at
tention score for each edge of the nodes: 
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αuv ¼
exp aTσ Wthu ∥ Wthv½ �ð Þ

� �

P
i2Nu

expðaTσ Wthu ∥ Wthi½ �ð ÞÞ
(12) 

where αuv represents the attention score of protein node u to 
node v, Nu denotes the set of neighbors of u, aT and Wt are 
the learnable weights, �Tdenotes the transpose operation, hu is 
the node feature of protein u. In our experiments, the activa
tion function σ is chosen to be the LeakyReLU function.

After updating the weights between nodes in Gp and Gs us
ing the same graph attention parameters, the weights are rep
resented as Ap and As 2 Rn × n, respectively. To propagate 
the protein node features through the heterogeneous network 
and avoid overfitting, we use the same network propagation 
parameters to update the nodes in both networks separately: 

H lð Þ
p ¼ σðApHðlÞWðlÞ þHðlÞ

�
(13) 

H lð Þ
s ¼ σðAsHðlÞWðlÞ þHðlÞ

�
(14) 

Hðlþ 1Þ ¼ σ
�

H lð Þ
p þH lð Þ

s

�
(15) 

where HðlÞis the input to the l-th layer of network propaga
tion, WðlÞ is the weight parameter for the l-th layer of net

work propagation, and H lð Þ
p and H lð Þ

s are the results of the l-th 
layer propagation in the PPI network and homology similar
ity network, respectively. The output of each layer of net
work propagation combines the propagation results of 
both networks.

2.4.3 Output layer and loss function
After sufficient network propagation, the nodes have learned 
network information from different expression layers. Next, 
a linear layer and a sigmoid function are used for mapping 
the node features to the output vector space. Finally, the bi
nary cross-entropy loss between the output probabilities and 
the ground truth is calculated, and this loss is used to update 
the parameters through backpropagation: 

bYout ¼ sigmoidðHoutWout þboutÞ (16) 

Loss ¼ �
X

Y � logðbYoutÞþ ð1 � YÞ � logð1 � bYoutÞ

� �

(17) 

where Hout is the output of the final layer of network propa
gation, bYout 2 Rn × c represents the node features mapped to 
the label vector space, Wout and bout are the parameters to be 
learned for this linear mapping layer, Y represents the ground 
truth label matrix of the proteins, and � denotes element- 
wise multiplication.

2.5 Prediction stage
The network propagation differs between the prediction and 
training phases. To save resources, only protein feature repre
sentations are propagated during training. However, rare GO 
labels may be overshadowed by dominant features, making 
feature representation insufficient. In the prediction phase, 
GO label propagation is added, enabling unlabeled nodes to 
acquire labels from neighboring nodes. The formula for the 
label propagation process is as follows: 

bYpðlÞ ¼ ApbY
ðlÞ
bYsðlÞ ¼ AsbY

ðlÞ
(18) 

bY
ðlþ1Þ

¼ Norm
�
bYp lð Þþ bYs lð Þ

�
(19) 

where bY
ðlÞ

is the input to the l-th layer of network propaga
tion. Specifically, the label input for the first layer of network 

propagation is bY
ð1Þ
¼ Y, bYpðlÞ and bYsðlÞ are the label propa

gation results on the l-th layer of the PPI network and the ho
mology similarity network, respectively. Normð�Þ denotes L2 
regularization.

The label propagation process is similar to the protein fea
ture propagation process, but it only updates the vectors for 
proteins without GO labels, i.e. the proteins in the test set. 
The label vectors updated through network propagation are 
denoted as bYlabel.

The output in the prediction phase is a linear combination 
of bYlabel and bYout: 

bY ¼ φ � bYoutþð1 � φÞ � bYlabel (20) 

where φ 2 ð0;1Þ is a parameter used to measure the impor
tance of the label vector and protein features, with a step size 
of 0.1. Based on experimental results, different Gene 
Ontology branches may have different φ value. bY 2 RN × c 

represents the final GO prediction probabilities, with c being 
the number of labels in the Gene Ontology. bYij 2 ½0;1� repre
sents the probability that protein i has label j.

3 Experiments and results
3.1 Performance evaluation metrics
Our study focuses on the protein multi-label classification 
task. Considering the label imbalance problem, we primarily 
use two evaluation metrics: Fmax and Smin.

Fmax is the highest F1−score among all thresholds τ, which 
takes into account both precision and recall. Smin is a metric 
specified in CAFA to represent the semantic distance between 
true functional labels and predicted functional labels. 
Generally, a larger Fmax value and a smaller Smin value indi
cate better prediction performance. Additionally, we calcu
lated the Area Under the Precision-Recall Curve (AUPR), 
which is typically used for datasets with imbalanced positive 
and negative samples. We provide the calculation formulas 
for these metrics in Supplementary Data.

In addition, we noticed that weighted Fmax and weighted 
AUPR can be used to verify the model’s predictive ability for 
certain important labels. Just like InterLabelGOþ (Liu et al. 
2024) uses Information Context (IC) as a weight, we also use 
the IC value as the weight of each label to calculate the 
weighted precision and recall, and then calculate the weighted 
Fmax and weighted AUPR. The calculation formula of the 
weighted metrics is also given in the Supplementary Data.

3.2 Experimental settings
The labels of different Gene Ontology branches are indepen
dent. To avoid noise, we trained separate models for each of 
the three Gene Ontology branches to predict their respective 
labels. The following are the parameter settings used in the 
experiments.

The dimension of the sequence features d1 is 1280, and the 
dimension of the structural features d2 is 512. In the struc
tural model, the graph convolution pooling module is set to 
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two layers, each with three graph convolution layers (L¼3), 
and the graph pooling rate k is 0.75. The Adam optimizer is 
used to optimize the parameters, with a learning rate of 5e-4. 
A three-layer MLP is used for graph classification, and to 
avoid overfitting, each MLP layer is followed by a dropout 
layer with a rate of 0.5. The hidden vector dimension d3 in 
the prediction model is 512, and a single-layer MLP is used 
for further mapping of the protein representations. The net
work propagation layer is set to two layers. The prediction 
model also uses the Adam optimizer to optimize the parame
ters, with a learning rate of 0.001. In the experiments, the 
structural model was trained for 20 epochs, and the predic
tion model was trained for 10 epochs. The linear combina
tion parameter φ in the prediction phase takes different 
values for the three branches: 0.4 in Molecular Function 
Ontology (MFO), 0.2 in Biological Process Ontology (BPO), 
and 0.5 in cellular Component Ontology (CCO).

3.3 Comparative study
To assess the effectiveness of our proposed method, we con
ducted comparative experiments against three other multi- 
species approaches: DeepGraphGO, SPROF-GO, and 
PSPGO, each of which has its own strengths and weaknesses. 
DeepGraphGO achieved good results using a simple network 
propagation approach, with the greatest contribution coming 
from the protein sequence features extracted by Interproscan 
(Jones et al. 2014), which include information such as family 
domains and functional sites. The quality of the sequence fea
tures has a significant impact on the model’s performance. In 
our experiments, we used an alternative method to obtain se
quence features to verify this point. SPROF-GO provides pre- 
trained models for fast GO annotation, offering versatility 
but being limited by noise in the homology network. PSPGO 
reduces this noise using a heterogeneous network, yielding 
good classification results. But it also relies on sequence fea
tures from Interproscan, which can limit performance based 
on extraction methods and quality.

Table 2 displays the results of the comparative experi
ments, highlighting each method’s performance in terms of 
Fmax, Smin, and AUPR. The best scores are highlighted in 
bold, while the second-best scores are underlined. We con
ducted experiments using two different sequence extraction 
tools, ESM-2 and Interproscan, to compare the methods. 
Since the SPROF-GO method includes processing for se
quence features, we did not alter its feature input. In the com
parative experiments based on ESM-2 sequence features, it is 
clear that DeepGraphGO performed poorly due to overly 
simplistic network propagation, which only allows features 
to propagate within a single PPI network. Although SPROF- 
GO and PSPGO performed well, they only considered the 

propagation of sequence features, which introduces certain 
limitations. The model proposed in this paper outperforms 
the other three sequence-based methods across all three 
branches. This superiority is due to our approach, which not 
only considers sequence features but also introduces struc
tural features into multi-species network propagation for the 
first time. We designed an effective network propagation al
gorithm, achieving the best results. Specifically, our 
model outperforms the second-best method by 10.43%, 
5.04%, and 1.14% in the BPO, MFO, and CCO branches, 
respectively. The outstanding performance in the BPO branch 
demonstrates our model’s stronger classification ability in 
multi-label classification tasks with many categories. The 
comparison results using weighted Fmax and weighted AUPR 
are shown in Supplementary Table S4. Compared with 
Table 2, we found that although the evaluation results of all 
methods have slightly decreased, the effect of MSNGO is still 
the best among all methods, which proves that MSNGO also 
has a good prediction effect on some key proteins.

In the experiments based on Interproscan sequence fea
tures, the scores of all methods improved significantly. The 
most notable improvement was seen in the DeepGraphGO 
model, which achieved the best results on five metrics. This 
verifies that DeepGraphGO’s performance is highly depen
dent on the quality of sequence features, making it the most 
affected by changes in sequence features among the three 
methods. It is not suitable for the propagation and prediction 
of simple features, demonstrating poor robustness. Our pro
posed model still achieved the best results on two metrics in 
the BPO and CCO branches and ranked first or second on 
seven metrics. Compared to the results of the experiments us
ing ESM-2, the change in our model’s metrics was the small
est, indicating better adaptability to different sequence 
features. This shows that our model performs well even when 
using simple, rapidly extracted features. Although the 
Interproscan tool can extract high-quality sequence features, 
it is too slow, making it inefficient for large-scale multi-spe
cies tasks. Thus, our model clearly exhibits better 
generalizability.

In order to verify that MSNGO based on multi-species 
data can enhance the prediction ability on a single-species 
dataset by aggregating the functional information of similar 
species, we used MSNGO and Struct2GO to make predic
tions on Homo sapiens and Saccharomyces cerevisiae, respec
tively. The specific experimental results are shown in 
Supplementary Table S5. According to the experimental 
results, the performance of MSNGO on the datasets of two 
commonly used species is better than that of the single- 
species Struct2GO model, indicating that the good prediction 
ability of MSNGO on multiple species can be generalized to a 

Table 2 Results of comparative experiments. The best results are emphasized in bold and the second-best results are underlined.

Model BPO MFO CCO

Fmax Smin AUPR Fmax Smin AUPR Fmax Smin AUPR

SPROF-GO 0.5054 10.0188 0.4718 0.7598 2.7121 0.7935 0.7806 3.3077 0.8162
DeepGraphGOþESM-2 0.3078 11.9590 0.2470 0.2615 8.5488 0.1581 0.5640 4.9785 0.6262
PSPGOþESM-2 0.6289 7.5075 0.6582 0.6395 5.2054 0.6158 0.6758 4.0283 0.7490
MSNGOþESM-2 0.7332 5.9886 0.7485 0.8102 2.4173 0.8100 0.7920 2.8478 0.8640
DeepGraphGOþInterproscan 0.8029 4.1623 0.8020 0.8992 1.3749 0.9540 0.8621 2.0036 0.9169
PSPGOþInterproscan 0.7949 4.3989 0.8266 0.8750 1.4203 0.8418 0.6758 4.0283 0.7490
MSNGOþInterproscan 0.8041 4.3052 0.8425 0.8821 1.4438 0.8367 0.8590 1.9969 0.9259
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single species. We analyzed that the reason for this advantage 
may be that MSNGO can aggregate the functional informa
tion of similar proteins in other species to improve the predic
tion probability of potential functions of the current protein. 
Additionally, we conducted comparative experiments with 
DPFunc, a domain-based method, on the S. cerevisiae data
set. Detailed results are listed in Supplementary Table S7.

Overall, our model achieves excellent results in terms of 
classification performance, robustness, and generalizability.

3.4 Ablation study
To validate the effectiveness and importance of each compo
nent in our model, we designed four ablation experiments 
as follows:

1) Without structural features: The input to the prediction 
model retains only the sequence features. 

2) Without the structural model: The protein contact 
map’s node features obtained from node2vec are aggre
gated using a mean operation, using the mean as the 
protein’s structural feature without further embedding 
through the structural model. 

3) Without the network propagation layer: The extracted 
structural and sequence features are directly input into 
the MLP classifier in the prediction model to obtain the 
final probabilities. 

4) Without label propagation: During the prediction phase, 
only the outputs of the protein features are used as the fi
nal probabilities. 

The results of the ablation experiments are shown in Table 3. 
It can be observed that the absence of the network propaga
tion layer leads to the most significant drop in metrics, dem
onstrating the effectiveness of the network propagation 
algorithm in the prediction model.

In the ablation experiment, structural features are the sec
ond most important contributor to the improvement of 
model performance. When only sequence features are used 
without structural features, the model score Fmax drops sig
nificantly by 0.17, indicating that the introduction of struc
tural features effectively improves classification performance. 
This result is particularly important because similar sequen
ces may form different structures, which may lead to signifi
cant changes in function. Therefore, it is difficult to fully 
analyze the complexity of protein function by relying solely 
on sequence information, while structural features can cap
ture three-dimensional conformations, functional domain 
arrangements, and potential functional sites that are difficult 
to reveal with sequence information. By integrating structural 
features, the model can better distinguish these complex sit
uations, thereby performing more accurately in func
tion prediction.

Additionally, the ablation experiments for the structural 
model and label propagation further confirmed the impor
tance of the structural model in extracting structural features 
and the supplementary role of label propagation in enhancing 
the prediction results.

3.5 Parameter sensitivity analysis
We observed the impact of hyperparameters such as dropout, 
the number of MLP layers, and the hidden vector dimension 
on the performance of the prediction model. Using the con
trolled variable method, we varied these parameters one at a 
time and obtained the Precision-Recall (PR) curves for differ
ent values. We evaluated the impact of each parameter on 
model performance by comparing the area under the PR 
curve. The optimal parameter values were then selected for 
practical application. The range of these parameter values is 
shown in Table 4. The PR curves, shown in Fig. 2, illustrate 
the changes in PR for different values of dropout, the number 
of MLP layers, and the hidden vector dimension.

The dropout in the MLP is applied after each layer of the 
neural network, which helps to prevent overfitting by deacti
vating a portion of the neurons. Experiments show that a 
dropout rate of 0.5 yields the largest PR curve area, while 0.7 
results in the smallest, suggesting that higher dropout rates 
cause information loss and reduce performance. Therefore, a 
0.5 dropout rate is most effective.

We aim to use an MLP in the prediction model to further 
map the protein representations, thereby avoiding issues such 
as over-smoothing that can arise during network propaga
tion. According to experimental results, the number of MLP 
layers should be kept small. When the number of MLP layers 
increases, the neural network becomes deeper, which can 
lead to overfitting and reduce the model’s performance. 
Therefore, to address the overfitting issues associated with 
deep MLP networks, we set the number of MLP layers to 
just 1.

Setting the hidden vector dimension to 512 in the model is 
optimal. This is because larger dimensions would lead to 
wasted memory space with minimal gain, while smaller 
dimensions would fail to fully represent the protein features, 
thereby affecting the model’s classification capability.

In addition, we show the discussion of different values of 
the graph pooling rate k in Supplementary Table S6. We set k 
to 0.25, 0.5, 0.75, and 0.8, respectively. The experimental 
results show that when k is 0.75, both weighted Fmax and 
weighted AUPR can achieve the best. In the process of in
creasing from 0.25 to 0.75, the Fmax value rises slowly. From 
0.75 to 0.8, the model has a significant decrease in all three 
indicators. Therefore, we selected 0.75 as the fixed value of k 
in the experiment.

4 Conclusion
In this paper, we propose a multi-species protein function 
prediction model called MSNGO, based on structural fea
tures and heterogeneous network propagation. This model 

Table 3. Ablation experiment results on MFO. The best results are 
emphasized in bold.

Methods Fmax Smin AUPR

Without structural feature 0.6395 5.2054 0.6158
Without the structural model 0.6609 4.8855 0.6299
Without the network propagation layer 0.5449 5.2244 0.5255
Without label propagation 0.7338 3.3048 0.7910
MSNGO 0.8102 2.4173 0.8100

Table 4. Range of values for hyperparameter analysis.

Hyperparameter Range

MLP dropout 0.3, 0.4, 0.5, 0.6, 0.7
Number of MLP layers 1, 2, 3, 4
Hidden dimension 128, 256, 512, 768, 1024
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combines protein sequence and structural features, integrat
ing the advantages of PPI networks and homology similarity 
networks, effectively predicting protein functions. 
Specifically, we use the protein structures predicted by 
AlphaFold2 and train a structural model to extract protein- 
level representations. After combining sequence features from 
ESM-2, protein representations are propagated and updated 
in heterogeneous neural networks as node vectors. The 
method proposed in this paper introduces protein structural 
features into the multi-species domain for the first time. The 
high-precision structural predictions of AlphaFold2 facilitate 
the acquisition of structural features, making the protein rep
resentations more comprehensive by including both struc
tural and sequence features. This approach addresses the 
limitations of relying solely on sequence features and effec
tively improves the accuracy of multi-species protein function 
prediction. Comparative experimental results indicate that 
MSNGO achieves state-of-the-art performance, demonstrat
ing excellent robustness and generalizability in the field of 
multi-species protein function prediction.

In our future work, we will continue to explore new meth
ods for multi-species protein function prediction. We have 
observed that existing protein function prediction methods 
adopting multimodal approaches have achieved excellent 
results. Therefore, in future research, we plan to improve 
data integration methods and further enhance prediction per
formance by leveraging multimodal fusion strategies.

Additionally, we can make improvements to the PPI net
work. The MSNGO method primarily relies on the homology 
similarity network within the heterogeneous network for 
cross-species label propagation. However, the PPI network 
can also be aligned to identify similar network structures, en
abling cross-species label propagation directly within the PPI 
network. Effectively utilizing multi-species PPI network infor
mation can further enhance prediction performance.
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