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Abstract

Exploring the functions of genes and gene products is cru-
cial to a wide range of fields, including medical research,
evolutionary biology, and environmental science. However,
discovering new functions largely relies on expensive and
exhaustive wet lab experiments. Existing methods of auto-
matic function annotation or prediction mainly focus on pro-
tein function prediction with sequence, 3D-structures or pro-
tein family information. In this study, we propose to tackle
the gene function prediction problem by exploring Gene On-
tology graph and annotation with BERT (GoBERT) to deci-
pher the underlying relationships among gene functions. Our
proposed novel function prediction task utilizes existing func-
tions as inputs and generalizes the function prediction to gene
and gene products. Specifically, two pre-train tasks are de-
signed to jointly train GoBERT to capture both explicit and
implicit relations of functions. Neighborhood prediction is
a self-supervised multi-label classification task that captures
the explicit function relations. Specified masking and recov-
ering task helps GoBERT in finding implicit patterns among
functions. The pre-trained GoBERT possess the ability to pre-
dict novel functions for various gene and gene products based
on known functional annotations. Extensive experiments, bi-
ological case studies, and ablation studies are conducted to
demonstrate the superiority of our proposed GoBERT.

Introduction

The accurate prediction of gene functions is a fundamental
challenge in computational biology, with profound implica-
tions for medical research, evolutionary studies, and drug
development. Understanding the roles of genes and their
products is essential for understanding complex biological
processes, which can lead to advancement in disease treat-
ment and the development of novel therapeutics (Jiang et al.
2024). Gene Ontology (GO) (Consortium 2019) and Gene
Ontology Annotations (GOAs) are pivotal resources in this
endeavor. GO is an organized graph containing the biologi-
cal functions as the node and the relation between functions
as the edge, providing a structured framework for classify-
ing and annotating gene functions. For a certain gene or gene
product, corresponding GOAs are selected nodes from GO,
representing the functional roles. Despite their widespread
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use, these systems have not yet been fully explored for their
potential in deep learning.

Ontologies are structured frameworks that define rela-
tionships between concepts within a domain, providing a
standardized vocabulary for describing entities and their
interconnections. In biological sciences, ontologies like
GO (Consortium 2019) help organize and analyze data by
ensuring consistency across research studies and databases.
GO categorizes gene functions into three domains: molecu-
lar function, cellular component, and biological process. The
molecular function describes biochemical activities, the cel-
Iular component identifies locations within the cell, and the
biological process outlines broader biological goals. GO is
organized as a directed acyclic graph (DAG), where nodes
represent specific gene functions (GO terms) in a coarse-to-
fine manner, and edges denote relationships between these
terms. Such structure allows for detailed descriptions of
gene product roles, supporting the annotation process known
as GOA. GO and GOA are essential for translating exper-
imental results into structured notations, enabling enrich-
ment analysis and gene function prediction. By integrating
diverse datasets and facilitating cross-species comparisons,
GO helps researchers explore the functional characteristics
of genes, contributing to our understanding of biological
processes in healthcare and disease diagnosis.

Traditionally, gene function prediction has primarily been
based on proteins, with sequence data or three-dimensional
structural information to infer the functional roles of pro-
teins. While these methods have achieved success in cer-
tain contexts, they fall short of capturing the full spectrum
of gene functions. Proteins, as products of gene expres-
sion, represent only a subset of the diverse functional roles
that genes play in biological systems. Moreover, the re-
liance on protein-centric data limits the ability to general-
ize predictions across different species and functional cate-
gories. Common approaches include sequence-based meth-
ods that match the common sequence for functional an-
notation (Altschul et al. 1990, 1997). Deep learning tech-
niques such as convolutional neural networks, are employed
to learn structural relationships and predict functions from
sequence data (Kulmanov and Hoehndorf 2020). Graph-
based methods integrate sequence features with structural
information to reveal relational patterns (Jang et al. 2024).
Multi-domain learning combines domain-specific and full-



chain data to enhance prediction accuracy (Zhou et al. 2022;
Gligorijevi¢ et al. 2021). Despite these advancements, cur-
rent methods often overlook implicit relationships between
functions, highlighting the need for models that can uncover
both explicit and implicit relations to provide a comprehen-
sive understanding of gene functions.

To address these challenges, we introduce GoBERT (Fig-
ure 2), an innovative BERT model that effectively captures
both explicit and implicit relations within the GO DAG .
For the explicit relations, we focus on two components:
the semantic information of the raw text associated with
each GO term and the structure information represented by
the adjacency matrix of the whole GO DAG. We employ a
self-supervised multi-label neighborhood prediction task us-
ing the adjacency matrix as labels and the Large Language
Model (LLM) encoded text as initial embedding to capture
these explicit relations. In addition to these easily observable
explicit relations, GoBERT also targets implicit relations
that may not be evident through semantic or structural infor-
mation. These include phenomena such as pleiotropy, where
a single gene can influence multiple phenotypic traits, lead-
ing to diverse functional outcomes across different biologi-
cal processes. To achieve this, we design a self-supervised
Masked Language Modeling (MLM) task that uncovers im-
plicit relations by leveraging millions of genes with multi-
ple annotations, enabling the prediction of novel functions
through the designed masking strategy. This approach al-
lows our GoBERT to bridge the gap between explicit and
implicit functional relationships, further advancing our un-
derstanding of gene functions. The key contributions of this
work are summarized as follows:

e We introduce a novel research question and establish a
benchmark for predicting novel functions of genes and
gene products. To the best of our knowledge, this is the
first study to apply deep learning methods for predicting
novel gene functions solely based on known functions.

* We propose the GoOBERT model, which includes a self-
supervised explicit relation pre-training task and an im-
plicit relation pre-training task to comprehensively cap-
ture associations between the functions of genes and gene
products.

* We conduct experiments, case studies, and ablation stud-
ies to demonstrate the effectiveness of GoBERT in novel
gene function prediction and its potential for biological
applications.

Related Works
Automatic Function Annotation

The evidence code of GOA reflects the annotation method of
each function annotation, including six main categories: ex-
perimental, phylogenetically inferred, computational analy-
sis, author statement, curator statement, and electronic an-
notation evidence code. Among these, only the GOAs with
electronic annotation evidence code are automatic or semi-
automatic annotated, all others require manual reviews or
analysis which are time-consuming and costly. The Inter-
Pro2GO (Burge et al. 2012) method automates protein func-
tion annotation by utilizing associations between GO terms
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and generalized sequence models of homologous protein
groups, assigning GOA based on sequence matches.

Furthermore, many current automatic annotation meth-
ods often depend on additional information, which con-
strains their applicability within the protein function pre-
diction. Traditional and widely used Basic Local Align-
ment Search Tool (BLAST) (Altschul et al. 1990) rapidly
identifies sequence similarities using heuristic algorithms.
PSI-BLAST (Altschul et al. 1997) enhances sensitivity by
iteratively refining searches with position-specific scoring
matrices, exhibiting weak yet biologically relevant protein
relationships. DeepGO (Kulmanov, Khan, and Hoehndorf
2018) utilizes CNNs and Protein-Protein Interaction (PPI)
networks to learn protein representations and predict pro-
tein functions hierarchically within Gene Ontology. Deep-
Text2GO (You, Huang, and Zhu 2018) combines deep se-
mantic text representation with sequence-based methods, in-
tegrating text-based classifiers to enhance large-scale pro-
tein function prediction across Gene Ontology domains.
DeepFRI (Gligorijevi¢ et al. 2021) is a graph convolutional
network for predicting protein functions by integrating se-
quence features and structural data. [-TASSER-MTD (Zhou
et al. 2022) uses deep learning for multi-domain protein
structure and function prediction, enhancing assembly accu-
racy and annotation at both the domain and full-chain levels.
PhiGnet (Jang et al. 2024) utilizes statistics-informed graph
networks to predict protein functions from sequences, em-
ploying evolutionary couplings and residue communities for
functional site identification. It is noteworthy that all these
methods primarily focus on utilizing existing sequences or
structural information to predict protein functions, overlook-
ing the implicit relationships that may exist between the
functions themselves.

BERT-based Pre-train Models

BERT (Devlin et al. 2018) pre-training strategies are widely
used across various fields. Originally, BERT as a text en-
coder learns the relationship between tokens and encodes
input text as a context-aware embedding (Liu et al. 2019;
Lan et al. 2019). BERT is capable of processing professional
scientific text (Beltagy, Lo, and Cohan 2019; Alsentzer et al.
2019), and can be adapted to many domain-specific appli-
cations. BioBERT (Lee et al. 2020) is a pre-trained BERT
on large-scale biomedical corpora for biomedical text min-
ing. SMILES-BERT (Wang et al. 2019) is pre-trained using
a masked SMILES recovery task for molecular representa-
tion learning and is effective in downstream molecular prop-
erty prediction. The scBERT (Yang et al. 2022) model uti-
lizes a Performer-based architecture with a two-stage train-
ing process, involving self-supervised pre-training on unla-
belled scRNA-seq data, followed by supervised fine-tuning
on the cell type annotation datasets. DNABERT (Ji et al.
2021) utilizes BERT architecture to model k-mer sequences
in DNA, and DNABERT-2 (Zhou et al. 2024) enhances this
approach by incorporating additional genomic features and
structural information. Our proposed GoBERT extends the
strengths of BERT to the realm of gene and gene product
function prediction by introducing and providing a novel
method for interpreting complex biological datasets.
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Figure 1: Explicit relations between functions are depicted
through GO DAG structures (edges) and semantic infor-
mation (nodes). (a) The structure information can be rep-
resented by the adjacency matrix of the GO DAG, which
serves as labels in neighborhood prediction. (b) Semantic
information is captured by encoding raw text descriptions of
each node in GO DAG with LLMs.
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Method

In this section, we first formulate the problem, which aims
to predict the gene and gene product functions using known
functional annotations. We then introduce our proposed
GoBERT in detail to tackle this problem, including the two
specifically designed pre-training tasks: explicit and implicit
relation prediction. The explicit relation task utilizes the se-
mantic information of GO terms and the structure of GO
DAG, while the implicit relation task captures the underly-
ing biological relationships among functions using MLM.
The overview of our framework is demonstrated in Figure 2.

Problem Formulation

We consider GO DAG as G = (V, £) and its corresponding
adjacency matrix as A“*L where V is the set of nodes rep-
resenting GO terms. £ C V' x V is the set of directed edges
representing relationships between GO terms and L = |V|.
For a gene denoted as g;, where i € [1, N], the training data
is defined as Dy, = {Vi, T;}Y.; where V; is a subset of
V' which contains £ GO annotations for gene g; and 7 is a
set of text describing each node in V;. Set V; and T; can be
formally defined as:

Vi ={v}, 02, . of ol eV T = {th 2

iy Uiy R Z R

RASCY

where ¢# is the descriptive text that concatenates attributes
such as id, name and namespace for node vf:

@

and text t¥ is organized in a key-value pair format (see node
text in Figure 1). Given partial annotations of a gene g;, the

ko_ kg ok k
t7 = concat(v; .id, v .name, v; .namespace, . . . )
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objective of our task is to train a model that is capable of
predicting other gene annotations.

Explicit Relation

As illustrated in Figure 1, we consider the explicit relation
of functions from two key components: the semantic infor-
mation consists in the functional descriptions 7;, and the GO
DAG structure captured by the adjacency matrix A. We in-
troduce a self-supervised multi-label neighborhood predic-
tion task for BERT with the adjacency matrix A as labels
and the LLM-generated node embedding as the BERT token
initial embedding.

GO DAG structure GO graph is a DAG with three main
sub-graphs structuring different categories of gene func-
tions. The acyclic nature of the DAG graph ensures that:

(Ui,’l}j) cf = (’Uj,Ui) g E. 3)

There are three root nodes for the three sub-graphs, R =
{Tmp,Top,Tec} € V. Each GO term v; belongs to exactly
one of these roots. Formally, this can be expressed as:

4)

where path(v;, v;) indicates the existence of a directed path
from node v; to node v;.

Every edge (v;,v;) € & is characterized by one of
the five types of relationships: is_a, part_of, regulates,
positively_regulates, and negatively_regulates. For example,
“lactase activity” is_a “hydrolase activity”, “regulation of
DNA recombination” regulates “DNA recombination”, and

“mitotic interphase” part_of “mitotic G1 phase”.

Vo eV, 3r e {rms, rop,rec} : path(v,r),

Semantic Information Text encoders that average the
pre-trained word embedding (Arora, Liang, and Ma 2017; Li
et al. 2020) are proven to be effective for capturing semantic
information. Text embedding generated by these approaches
may be limited to the input text, while LLMs offer the poten-
tial to incorporate richer contextual information (Wang et al.
2023). Potentially, LLM-generated embedding can lead to
a more informative encoding of gene function descriptions
and enhance the ability to detect function relations from text
descriptions.

The text descriptions t¥ for gene g; are encoded into text
embedding vector h¥ by LLM denoted as 1(-).

(H)>* =[h},h},...,hf], hf =¢(tf) e R (5)

Neighborhood Prediction Inspired by GIANT (Chien
et al. 2022), GoBERT learns the explicit relations among
functions by performing self-supervised neighborhood pre-
diction, which formulate as a multi-label classification prob-
lem. For gene g;, there are a set of node V; with function text
descriptions set T; as gene annotations.

In GoBERT, the full vocabulary contains V' and special
tokens. The token embedding for gene g; is denoted with

(E)F =lel,e?,...,ef], eF e R?

Rt (e}

(6)

where d is the hidden size. The LLM-generated embedding
H, are used for token embedding initialization:

Ei : Ei|t:0 = Hi (7)
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Figure 2: This figure illustrates the main components and framework of GoBERT. The white blocks represent pad tokens
and the slashed blocks are mask tokens. Red, yellow, and blue blocks indicate functions belonging to Biological Processes,
Molecular Functions, or Cellular Components categories, respectively. Dy, contains input data with N genes and k functions
for each gene. Then, the designed masking strategy is applied. LLM-generated embedding is used in the initialization of token
embedding E in GoBERT. For the implicit pre-train task, the £'™ is the loss between predicted mask functions and the ground
truth functions in Dyi,. For the explicit pre-train task, labels yE* are obtained from adjacency matrix A of GO DAG, where £
denotes the total number of nodes or functions. £F* is calculated for capturing the structural information of functions.

The GO DAG structure is represented by the adjacency
matrix A € {0,1}1*L, where A;; = 1 indicates an edge
between v; and v;. The objective is to predict the neighbor-
hood set A (v;) for a given node v; by learning a function
f () that outputs a probability distribution over the possible
labels:

yP=A;. c0,1]F g

= f(es), ®)

where y; is the ground truth label vector of node v; and
yi; = 1 indicates the jy, node is a neighbor of v;. The pre-
diction function f(-) is trained by minimizing the following:

N
LEx — % Z BCELoss (y;*, ¥5%) , )
i

where BCELoss(+) is the Binary Cross-Entropy loss func-
tion and y5* is the predicted label vector. The prediction
function f(-) incorporates both semantic feature x; and
structural context from A.

Implicit Relations

Besides the easy-to-observe explicit relations, there are im-
plicit relations between the functions, as shown in Figure
3. These implicit relations may not be semantically simi-
lar or included in the hierarchical structure represented by
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GO DAG. For examples in Figure 3, pleiotropy is the phe-
nomenon where a single gene influences multiple pheno-
typic traits. This means that mutations or variations in a sin-
gle gene can affect different, seemingly unrelated character-
istics or biological processes. The same gene expressed in
different tissues may also produce different functional re-
sults. One gene could participate in multiple biological pro-
cesses and therefore regulate multiple pathways to achieve
various functions. These implicit patterns among the func-
tions of gene and gene products are difficult to observe and
largely rely on wet lab experiments to discover. In this work,
with millions of genes with multiple annotations, we design
the self-supervised MLM task to unravel the implicit rela-
tions with the injected knowledge of explicit relations.

Masking Strategy In MLM, a certain percentage of to-
kens are typically masked at random for recovery. Due to the
special structure of GO DAG, the original masking strategy
have limitations on dataset Di,in, Which excessively sim-
plify the recovery task. We designed a masking strategy for
the datasets based on the GO DAG to overcome the chal-
lenges.

First, root nodes 7, f, Tpp, Tcc are excluded for masking.
As these root nodes are universally valid functional annota-
tions for all genes and gene products, masking and recov-
ering the root nodes does not provide the desired informa-
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Figure 3: Implicit relations among gene functions are
demonstrated by three examples. (a) Pleiotropy: multiple
phenotypes can be controlled by a single gene, indicating
there are underlying relationships between these functions.
(b) A protein that contributes to the transportation biologi-
cal process is potentially located on the membrane. (c) The
same gene can produce different functional outcomes de-
pending on the expression tissue, gene products may result
in different functions in the liver and stomach.

tion. Second, nodes with any predecessor in V; are invalid
for masking. In GO DAG, the relation “A part_of B” forms
an edge from A to B, indicating A is the predecessor of B, if
A exists in V, it is easy to infer its masked successor node
B. Masking and recovering B neither contributes to model
learning nor provides an adequate evaluation during infer-
ence, as it may oversimplify the prediction task. Overall, the
designed masking strategy is formulated as:

Vit = (i | v} € V\R, predec(vf) NV; =@}, (10)

where predec(v¥) denotes the set of predecessor nodes for
vF. The final mask is randomly sampled from V;"** with a
masking rate of o, When applying the mask, 80% of the
selected tokens are replaced with a mask token, 10% with a
random token, and the remaining 10% are left unchanged.

Novel Function Prediction To capture implicit relations
between functions, we first remove the positional encoding,
making an input order-invariant GoBERT. The goal is to
train a BERT model g(-) that accurately predict the masked
functions based on the context by minimizing the loss func-
tion Ly, defined as:

~Im
%

=g(E:), Ei|,_o = H;, Y

N
1
L£im — ~ > CELoss(y}™, ¥i™), (12)
i
where L, is a cross-entropy loss for classification, H; rep-
resents the LLM-generated features from the unmasked con-
text functions.
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Model Training
BERT

BERT (Devlin et al. 2018) is a multi-layer bidirec-
tional Transformer that processes tokens using self-attention
mechanisms to learn contextual relations. Usually, BERT-
based model are pre-trained with masked language model-
ing (MLM) or next sentence prediction (NSP) task. In this
study, we incorporate MLM for novel function prediction.

Scaled Dot-Product Attention Scaled dot-product atten-
tion calculates attention weights by scaling the query-key
dot products and applying softmax for focus.

QK"
Vi

where V is value, @) is query, K is key, and dy, is the dimen-
sion of K.

Attention(Q, K, V') = softmax ( ) V, (13)

Multi-Head Attention Multi-head attention in BERT en-
ables the model to focus on different parts of the input se-
quence simultaneously. It is computed as:

MultiHead(Q, K, V) = Concat(heady, . . ., head;, )W,
(14)

where each attention head is defined as:

head; = Attention(QWS, KWX VW Y). (15)
Here, WS, WX, WY, and WO are learnable parameter ma-
trices.

Position-wise Feed-Forward Networks The position-
wise feed-forward networks apply two linear transforma-

tions with a ReLU activation:
FFN(z) = max(0, zW; + b1 )Wa + by (16)

Layer Normalization Layer normalization is used to sta-
bilize and accelerate training by normalizing inputs:

LayerNorm(z) = v (:v — M) + 5, 17

g

where p and ¢ are the mean and standard deviation of the
input, and -y and [ are learnable parameters.

Training Objective

GoBERT jointly optimizes the explicit and implicit tasks.
The explicit task focuses on semantic and structural rela-
tionships in GO DAG and the implicit task uncovers hidden
patterns among functions. The final training objective com-
bines both tasks with a balancing factor A controlling their
contributions:

ETotal

= ALE (1= N, (18)

Here, A is a hyperparameter that balances the importance of
the explicit and implicit objectives. LE* is the objective for
the explicit pre-train task described in Equation (9), and £™
is the objective for the implicit pre-train task described in
Equation (12).



Method Top-1 Acc Top-5 Acc  Top-1 Acc w/ depth  Top-5 Acc w/ depth
GoBERT w/o Neighborhood Prediction  30.76 + 0.43  53.91 + 0.28 50.34 + 0.40 73.53 £0.14
GoBERT w/o Semantic Information 32.31 £048 5496 +0.14 51.83 £0.21 74.73 £0.13
GoBERT w/o Masking Strategy 28.03 £0.49 50.37 +0.30 47.67 +£0.33 70.41 £ 0.06
GoBERT 34.08 £ 0.76 57.47 + 0.53 53.91 + 0.37 76.15 + 0.24

Table 1: Novel Function Prediction Results: average and standard deviation of 5 runs with different masking seeds are reported.

Experiments
Experimental Setups

Dataset For the explicit neighborhood prediction task, we
generate the dataset label based on the adjacency matrix of
GO DAG with a down-sampling rate of 0.001 for balancing.
We construct the implicit annotation prediction dataset from
5.1 million genes with 139 million functional annotations
from UniEntrezDB (Miao et al. 2024). After filtering out du-
plicate gene annotation inputs, 413k genes with 6.1 million
annotations are selected. We perform a K-Means partition
on the gene embedding generated by averaged function em-
bedding from the LLM to split this dataset as the train, valid,
and test sets. In particular, the test set is used to generate ex-
periments of novel function prediction. Dataset details are
available in the Appendix.

Evaluation Metrics Since there is more than one valid
function prediction for each mask, we utilize the top-1 and
top-5 accuracy with corresponding results in designated
depth as evaluation metrics for the novel function prediction
task. Top-k accuracy measures correctness by considering a
prediction correct if the ground truth result is shown in the
top k highest probability predictions. Depth is defined as the
shortest path from a node to its root. Smaller depth indicates
a more general/coarse function, while larger depth indicates
a more specific/fine function. For each gene, there are valid
function predictions at each depth, therefore we select the
top-k function that has the highest k probabilities at the tar-
get depth.

Experimental Results

In this section, we perform comprehensive experiments to
demonstrate the effectiveness of GoBERT. We pre-train 20
epochs for each model for the following experiments. First,
GoBERT can predict novel functions for gene and gene
products with only a few functional annotations. Second, we
provided the case studies of TOF2 and MGT]1 to illustrate
how GoBERT novel function prediction is meaningful to bi-
ological studies. Finally, ablation studies are conducted to
demonstrate the importance of each component in GoBERT.

Novel Function Prediction

There are over 47k classes of functions in GO DAG and nu-
merous genes across species in the natural world. Conduct-
ing wet lab experiments for the functions of one gene is ex-
haustive, let alone experimenting with all functional classes
of every gene. Our proposed GoBERT preserves the ability
to conduct large-scale novel function predictions by utilizing
known functions. GoOBERT possesses the ability to general-
ize and predict novel functions for any gene or gene product

627

since it is not restricted by the availability of specific addi-
tional information such as gene sequences or protein three-
dimensional structures.

Table 1 presents the main results of our GoBERT model.
Notably, GoBERT achieves a 76.15% accuracy with top-5
accuracy at specific depth. Given that multiple valid func-
tions could correspond to the masked position, this high ac-
curacy suggests that GOBERT effectively captures the rela-
tionships among functions through both explicit and implicit
pre-training tasks. These promising results highlight the po-
tential of deep learning to successfully address the novel
function prediction task we introduced, which is critical for
advancing biological studies.

Case Studies

In the case studies, we demonstrate the effectiveness of
GoBERT in predicting gene functions that align with bi-
ological research. These capabilities highlight its potential
to aid researchers in understanding complex biological sys-
tems and identifying novel functions beyond the reach of
traditional methods. Detailed information on the gene and
gene products used in the case studies is available in the Ap-
pendix.

Case 1: Inferring Cellular Components of TOF2 by
Molecular Function and Biological Process Inferring
cellular components is crucial for biological studies. While
changes in phenotypes are more apparent and easier to ob-
serve, accurately tracking the actions or expression sites of
gene products is essential for targeted treatments, especially
in disease contexts. Our proposed GoBERT can assist in
predicting the locations where these products act or are ex-
pressed within the cell, as demonstrated in the following
case study.

TOpoisomerase I-interacting Factor (TOF2), a protein-
coding gene with Entrez Gene ID 853880, controls the re-
quired protein for rDNA silencing, mitotic rDNA conden-
sation, and Cdcl4p activation. It promotes rDNA segrega-
tion and condensin recruitment to the replication fork bar-
rier. The input functions of TOF2 V; can be break down as:

* Molecular Function:
— GO0:0005515 (protein binding, d=2)
— GO:0019211 (phosphatase activator activity, d=4)
— GO0:0000182 (rDNA binding, d=7)
* Cellular Component:
— GO0:0005739 (mitochondrion, d=3)
— GO0:0005634 (nucleus, d=5)
— GO0:0005730 (nucleolus, d=5)



* Biological Process:

— GO:0000183 (rDNA heterochromatin formation, d=5)
GO:0070550 (rDNA chromatin condensation, d=5)
GO0:0007000 (nucleolus organization, d=6)
GO0:0031030 (negative regulation of septation initia-
tion signaling, d=6)

G0:0034503 (protein localization to nucleolar rDNA
repeats, d=7)

where d is the shortest path from function nodes to the roots
in the GO DAG, and a larger d indicates a more specific
function. To show the pre-trained GoBERT possesses the
ability to infer cross-category functions, we take the molec-
ular functions and cellular components of TOF2 as input to
predict its Cellular Component. In the results, GO:0005739
is the most probable function among 5,570 choices for d=3.
GO:0005634 and GO:0005730 rank second and third, re-
spectively, among 13,469 choices for functions in d=5.

Moreover, GO:0005694 (chromosome), which ranks first
place of the predicted cellular component at d=5, is also
a reasonable novel function inferred by GoBERT. The re-
sources of manual TOF2 function annotation cover a broad
range of TOF2-related studies. However, the connection be-
tween TOF2 and the chromosome is identified through a
study on factors associated with Chromosome Transmission
Fidelity (CTF4), which might have been overlooked in the
manual annotation process (Villa et al. 2016). This study
demonstrates that the association of TOF2 with CTF4 is cru-
cial for maintaining the size of chromosome 12, which con-
tains rDNA repeat arrays.

Case 2: Predict Predecessor Function As the functions
in GO DAG vary from general to specific, which are de-
noted as nodes from root to predecessor. It is worth pre-
dicting which specific function a gene may have given the
general function resulting from our experiments.

The methylated-DNA—protein-cysteine methyltransferase
(MGT1), a gene with Entrez ID 651327, involves in pro-
tecting against DNA alkylation damage and localizing to
the peroxisome in a Pex5p-dependent manner (Maglott et al.
2005; Xiao et al. 1991; Sassanfar and Samson 1990; David
et al. 2022). The functions of MGT1 possess the following
patterns:

¢ Molecular Function:

— GO0O:0003908 (methylated-DNA-[protein]-cysteine S-
methyltransferase activity)

— GO0:0003677 (DNA binding)

— GO:0005515 (protein binding)

* Cellular Component:

— G0:0005634 (nucleus)

— GO:0005777 (peroxisome)
* Biological Process:

— GO:0006281 (DNA repair) is.a GO:0006259 (DNA
metabolic process)

— GO0:0032259 (methylation)
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Specifically, GO:0006259 are more general functions in GO
DAG compared to its predecessor GO:0006281. We demon-
strate that GoOBERT can accurately infer more specific func-
tions by using general functions as input to predict their
predecessors. GO:0006281 (DNA repair) is the most prob-
able predecessor of GO:0006259 (DNA metabolic process)
among 39 predecessor choices.

Ablation Study

In this section, we conduct the ablation studies of the main
components of GoBERT on the novel function prediction
task, including removing the explicit pre-training, remov-
ing the LLM-captured semantic similarity, and without the
designed masking strategy. The results demonstrate the im-
portance of each component in GoBERT. Table 1 shows the
comparison of the main results of the ablation studies.

As observed, the masking strategy is crucial for main-
taining the difficulty of the MLM task, enabling the model
to generalize better in predicting novel functions. With-
out this strategy, the generalized ability of GoBERT de-
creases significantly. Semantic information, derived from
LLM-encoded text, provides essential functional insights
that help the model detect complex patterns. The neighbor-
hood prediction task is also vital for GoBERT to be graph-
informed. It allows GoBERT to utilize the structure rela-
tions among functions in GO DAG, which are fundamental
for accurate function prediction. Overall, the ablation stud-
ies demonstrate that these components are crucial to GoB-
ERT. Detailed ablation studies on parameter selection can
be found in the Appendix.

Conclusion and Future Work

In this paper, we introduce GoBERT, a BERT model in-
formed by gene ontology graphs, designed for universal
gene function prediction. Explicit and implicit pre-train
tasks capture informative relationships among the functions.
We propose a new approach for investigating novel gene
functions that rely on known functions and the implicit re-
lationships between them, which provides the fundament
for future research in gene function prediction studies. We
conduct experiments, biological case studies, and ablation
studies to demonstrate the performance and effectiveness of
GoBERT.

As we are the first to investigate novel gene function pre-
diction sorely based on known functions, many research di-
rections and challenges are still open and need further ex-
ploration. For example, the relationship between a function
and a gene can be categorized as a gene is either confirmed
to have a function, not to have a function, or a function is
not yet experimented. Currently, we only consider the con-
firmed functions in model training. However, for generating
a complete annotation set for a gene, incorporating functions
that a gene is proven not to have is essential for future work.
Furthermore, the GoBERT generates informative functional
representations that can be integrated into various biological
applications in the future. Introducing other modalities of
data such as gene sequence and expression level could also
further unravel the relationship between a certain gene and
its functions.
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