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Abstract Determining correlations between molecules at various levels is an important topic in molecular biolo-
gy. Large language models have demonstrated a remarkable ability to capture correlations from large
amounts  of  data  in  the field  of  natural  language processing as  well  as  image generation,  and correla-
tions captured from data using large language models can also be applicable to solving a wide range of
specific  tasks,  hence  large  language  models  are  also  referred  to  as  foundation  models.  The  massive
amount of data that exists in the field of molecular biology provides an excellent basis for the develop-
ment of foundation models, and the recent emergence of foundation models in the field of molecular bi-
ology  has  really  pushed  the  entire  field  forward.  We  summarize  the  foundation  models  developed
based on RNA sequence data, DNA sequence data, protein sequence data, single-cell transcriptome da-
ta, and spatial transcriptome data respectively, and further discuss the research directions for the de-
velopment of foundation models in molecular biology.
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INTRODUCTION

Interactions  between  biomolecules  (such  as  metals,
proteins, lipids, and nucleic acids) involve in numerous
life processes at different spatial scales (Fig. 1A), which
are  essential  for  the  maintenance  of  normal  life  activi-
ties  (Limo et  al. 2018;  Nooren and Thornton 2003;  Ti-
wari  and  Chakrabarty  2021;  Jankowsky  and  Harris
2015).  For  example,  interactions between residues de-
termine  the  folding  path  of  proteins  and  the  structure
formed by folding, and misfolding can lead to abnormal
protein  function  (Dobson  1999;  Hartl  2017);  interac-
tions  between  proteins  are  essential  for  intercellular

signaling  and  intracellular  catalysis  (Henderson  and
Pockley 2010; Zheng et al. 2023). Decoding the interac-
tion networks of  biomolecules is  a  central  challenge in
the field of molecular biology, and a comprehensive un-
derstanding of the interaction network of biomolecules
will not only dramatically advance the understanding of
life processes and the treatment of diseases, but will al-
so enable the construction of numerical  models of  bio-
logical  systems  that  are  capable  of  precise  biomolecu-
lar experimentation.
There  are  various  types  of  interactions  between

biomolecules,  such  as  protein–protein  interactions,
RNA-small  molecule  interactions,  etc.,  and  numerous
approaches have been used to characterize the interac-
tions between biomolecules (Gao et al. 2023; Lenz et al.
2021; Mann et al. 2017; Sledzieski et al. 2021; Umu and
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Gardner  2017).  Biological  experiments  are  commonly
used  to  characterize  the  interactions  between
biomolecules (Bai et al. 2015; Nguyen et al. 2016; Rual
et  al.  2005),  and  the  combination  of  high-throughput
and low-throughput experiments has generated a lot of
valuable  data,  for  example,  3.7  million  pairs  of
RNA–RNA interactions discovered by experiments have
been  stored  in  the  starBase  (Li  et  al.  2014)  database,
and  BioGRID  (Oughtred et  al.  2021)  database  has  also
stored 2.7  million  pairs  of  protein-protein  interactions
discovered  by  experiments.  However,  it  is  estimated
that  experimentally  discovered  interactions  between
biomolecules  still  represent  only  a  small  fraction of  all
possible interactions (Lu et al. 2020; Ramanathan et al.
2019).  Computational  approaches  are  important  com-
plements  to  experimental  approaches  in  determining
whether  interactions  exist  between  biomolecules,  and
tend  to  have  a  significant  advantage  in  speed  over  ex-
perimental approaches, while accuracy may have some
limitations  (Cirillo  et  al.  2012;  McDowall  et  al.  2009;
Puton  et  al.  2012;  Rao  et  al.  2014).  Deep  learning  ap-
proaches are  the significant  breakthrough in  computa-
tional  approaches,  which  are  good  at  learning  interac-
tion  patterns  from  existing  interactions  between
biomolecules  and  then  applying  such  learned  knowl-
edge  to  explore  undiscovered  interactions  between
biomolecules (Gao et al. 2023; Li et al. 2022b; Singh et
al. 2022). The performance of deep learning approach-
es  has  been  greatly  improved  compared  to  traditional
approaches,  but  the  lack  of  interaction  data  has  also
limited the performance of deep learning approaches.
In contrast to the seriously scarce task-specific data,

the huge amount of unlabeled data is another yet-to-be-
explored treasure within the field of molecular biology
(including protein sequences,  DNA sequences,  RNA se-
quences,  single-cell  transcriptome  data,  etc.,  see  Table
1),  for  example,  there  are  only  about  500,000  experi-
mental  protein  structures  (as  determined  by
residue–residue interactions) in the Protein Data Bank
(Goodsell et  al.  2020),  whereas  the  number  of  protein
sequences  contained  in  the  BFD  protein  sequence
database  is  already  2.5  billion  (Jumper  et  al.  2021).
These  unlabeled  data  are  “snapshots”  of  the  interac-
tions  between  biomolecules,  protein  sequences  reveal
which residues are arranged in which order to fold into
a  stable  protein  structure,  while  single-cell  transcrip-
tome  data  imply  the  regulatory  relationships  between
genes.  How  to  distill  the  correlations  between
biomolecules from these unlabeled data is  another im-
portant question, and this is an area in which language
models  can  specialize.  Language  modeling  has  been
very  widely  used  in  molecular  biology  after  its  great
success in the field of  natural  language processing and

has led to the research paradigm of “pre-training + fine-
tuning”  (Bepler  and  Berger  2021;  Devlin  et  al.  2019;
Dodge  et  al.  2020;  Vaswani  et  al.  2017;  Wang  et  al.
2023e).  In this  review,  we first  briefly  describe the ar-
chitectures  of  common  language  models,  then  report
the performance and application scenarios of language
models  developed  based  on  RNA  sequence  data,  pro-
tein  sequence  and  structure  data,  and  single-molecule
transcriptome data, and finally discuss the next steps in
the  development  of  language  models  in  molecular
biology. 

LANGUAGE MODELS

Understanding  words  or  phrases  in  their  context  is  a
critical challenge in natural language processing, which
has been greatly facilitated by the introduction of deep
learning,  especially  large  language  models.  Large
language  models  usually  adopt  Long  Short-Term
Memory  (LSTM.Pdf  n.d.)  (LSTM)  or  Transformer
(Vaswani et  al. 2017)  as  the  backbone network,  which
is  trained  with  self-supervised  learning  on  a  large
amount  of  unlabeled  text.  The  central  concept  of  self-
supervised learning is to use the data itself to generate
labels  and  there  are  two  common  approaches  of  self-
supervised  learning  in  use  today,  one  is  to  randomly
mask a  portion of  the text  and then use the unmasked
portion  to  predict  the  content  of  the  masked  portion
(Devlin et al. 2019; He et al. 2020; Joshi et al. 2018), and
the  other  is  to  predict  what  the  next  word  or  phrase
will  be  from  the  previous  text  (Brown  et  al.  2020;
Radford et al. 2018, 2019).  If  the model has the ability
to  predict  the  content  of  the  masked  portion  or  what
the  next  word  will  be  from  the  existing  text,  then  it
means  that  the  model  does  capture  the  correlations
between words and to some extent can understand the
meaning of a word in their context. BERT (Devlin et al.
2019),  ESM-1b  (Rives  et  al.  2021)  and  other  works
(Brown  et  al.  2020;  Cui  et  al.  2020;  Dong  et  al.  2019;
Radford  et  al.  2018)  have  proved  that  large  language
models do have certain ability to predict the content of
the masked portion in the text, while the embedding of
words  extracted  from large  language  models  has  been
found  to  contain  the  contextual  context  of  the
corresponding word in the work of Peters et al. (Peters
et  al.  2018).  Language  models  trained  with  the
objective  of  recovering  the  content  of  the  masked
region  are  superior  in  text  comprehension,  and
language  models  trained  with  the  objective  of
predicting  the  next  word  excel  in  text  generation
(Ethayarajh  2019;  Klein  and  Nabi  2019).  While  the
performance of  language models  for  different  network
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architectures tends to have some differences, the BERT
(Devlin et al. 2019) and GPT (Radford et al. 2018, 2019)
architectures  are  currently  the  most  widely  used
language  model  architectures  for  their  excellent
performance  in  the  tasks  of  understanding  text  and
generating  new  text.  First,  we  first  introduce
Transformer,  and  then  describe  the  architecture  and
training approaches of BERT and GPT.
 

Transformer architecture

Transformer  (Vaswani  et  al.  2017)  uses  an  encoder-
decoder  architecture  and  achieves  excellent
performance  on  machine  translation  tasks.  Where  the

encoder  is  used  to  convert  the  input  sequence  into  a
continuous representation, the decoder uses the output
of the encoder as a condition to sequentially predict the
words  in  the  translated  sentence.  Each  layer  in  the
encoder and decoder consists of a multi-head attention
module  and  a  feed-forward  module,  the  “Scaled  Dot-
Product  Attention”  in  the  multi-head attention  module
ensures  that  the  encoder  considers  the  entire  input
when processing each element, and the following is the
formula of “Scaled Dot-Product Attention”:

Q
K
V

= X ×

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
WQ

WK

WV

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦ ,

 

Table 1   Foundation models in molecular biology
 

Type Name Network Input Parameters Pre-training database

Protein SeqVec (Heinzinger et al. 2019) ELMo Sequence 93.6M Uniref50

TAPE ( Rao et al. 2019) LSTM Sequence N/A Pfam

ResNet N/A

Transformer 38M

ESM-1b (Rives et al. 2021) BERT Sequence 650M Uniref50

ProtT5 (Elnaggar et al. 2022) T5 Sequence 11B Uniref50

ProtTXL (Elnaggar et al. 2022) Transformer-XL Sequence 562M BFD, Uniref100

OmegaPLM (Wu et al. 2022) BERT Sequence 670M Uniref50

ESM-2 (Lin et al. 2023) BERT Sequence 15B Uniref50

MSA-transformer (Rao et al.
2021)

Axial attention Multiple sequence
alignment

100M Uniref50, Uniclust30

ProtGPT2 (Ferruzet al. 2022) GPT2 Sequence 738M Uniref50

ProtGen (Madani et al. 2023) Transformer Sequence, function 1.2B Uniparc, TrEMBL, etc.

DNA DNABERT (Ji et al. 2021) BERT Sequence 86M Human genome

DNABERT-2 ( Zhou et al. 2023b) BERT Sequence 117M 135 genomes

Nucleotide transformer (Dalla-
Torre et al. 2023)

Transformer
encoder

Seuqence 2.5B 850 genomes

GPN (Benegas et al. 2023) ResNet Sequence 66M 8 genomes

DeepCRISPR (Chuai et al. 2018) CNN-based Sequence 85M 13 genomes and 52 epi-
genetic genomes

RNA RNA-FM (Chen et al. 2022) BERT Sequence 100M RNAcentral

Uni-RNA (Wang et al. 2023e) BERT Sequence 400M Nt, RNAcentral, etc.

RNA-MSM (Zhang et al. 2023) Axial attention Multiple sequence
alignment

83M Rfam

Single cell
transcriptome

scBERT (Yang et al. 2022) Performer Transcriptome 8M Panglao

scFormer (Cui et al. 2022) Transformer Transcriptome N/A Cortex, Spleen, etc.

Geneformer (Theodoris et al.
2023)

BERT Transcriptome 52M Genecorpus-30M

scGPT (Cui et al. 2023) GPT Transcriptome 51M Human cell-33M

scTranslator (Liu et al. 2023) GPT Transcriptome N/A Bulk data, single cell
data, etc.
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Attention (Q,K,V) = Softmax (QKT√
dk

)V,
X ∈ Rl×d Q ∈ Rl×dk K ∈ Rl×dk

V ∈ Rl×dv

WQ ∈ Rd×dk ,WK ∈ Rd×dk ,WV ∈ Rd×dv

where    denotes  the  input;  ,  ,
 denote the query,  key and value transformed

from the input;   are
the parameters to be learned.
Multi-head attention is based on “Scaled Dot-Product

Attention”  to  increase  the  representation  capability  of
the model by mapping the input sequences to different
attention spaces:

MultiHead (Q,K,V) = Concat (headͩ, . . . , headh)W o
,

Where headi = Attention(QWQ
i ,KW

K
i ,VW

V
i ),

WQ
i ∈ Rd×dk ,WK

i ∈ Rd×dk ,WV
i ∈ Rd×dv ,W o ∈ Rhdv×dwhere 

are the parameters to be learned. 

BERT architecture

X = {xͩ, xͪ, . . . ,
xL−ͩ, xL}

p(Mi = xi∣xͩ . . . xi−ͩ, xi+ͩ, . . . xL)
Mi

BERT (Devlin et al. 2019) is  a multi-layer bidirectional
language  model  obtained  by  stacking  Transformer's
(Vaswani  et  al.  2017)  encoders.  As  shown  in  Fig. 1B,
given  a  sequence  containing  L  words 

,  recovering  the  content  of  the  masked portion
of the sequence is the training objective of BERT. Using
the  ith  word  masked  as  an  example,  then  BERT  is
trained  with  the  training  objective  of  maximizing  the
following  likelihood:  ,
where    denotes  the  word  predicted  by  BERT  after
masking the ith word of that. 

GPT architecture

X = {xͩ, xͪ, . . . , xL−ͩ, xL}
p(Ni+ͩ = xi+ͩ∣xͩ . . . xi−ͩ, xi) Ni+ͩ

GPT  (Radford  et  al.  2018,  2019)  is  a  multi-layer  and
unidirectional language model obtained by stacking the
Transformer's  decoder,  and  similar  to  the  encoder
introduced  in  the  previous  section,  each  decoder  also
consists  of  a  multi-head  attention  module  and  a
forward propagation module. Predicting the next word
from the  previous  text  is  the  training  objective  of  GPT
(see  Fig. 1C),  and  the  multi-head  attention  layer
ensures  that  GPT  can  consider  all  the  previous  text
when making predictions. Given a sequence containing
L  words  ,  then  GPT  is  trained
with the training objective of maximizing the following
likelihood:  ,  where 
denotes  the  (i  +  1)th  word  predicted  by  GPT  after
considering the previous i words. 

LANGUAGE MODELS FOR PROTEINS

Proteins  are  biological  macromolecules  composed  of
hundreds  or  thousands  of  amino  acids  (amino  acids
within proteins are often referred to as residues due to
dehydration  condensation),  and  the  interactions
between  residues  drive  the  folding  of  proteins  into
specific  structures,  which  in  turn  perform  specific
functions  (Kim  et  al.  2014).  Given  the  importance  of
protein  structure,  countless  approaches  have  been
proposed over the past decades to advance the problem
(Ding  et  al.  2018;  Golkov  et  al.  2016;  He  et  al.  2017;
Jones et  al.  2015;  Ju et  al.  2021;  Wang et  al.  2017;  Xu
2019;  Yang  et  al.  2020).  Among  them,  the  approaches
that  utilize  mutual  information,  direct  coupling
analysis,  and other tools  to  derive residue interactions
from  multi-sequence  comparisons,  and  to  predict
protein structure from residue interactions using tools
such  as  PyRosetta  (Chaudhury  et  al.  2010),  CNS
(Brunger 2007), and others, have achieved remarkable
success  and  have  become  the  dominant  paradigm  for
protein  structure  prediction  (Senior et  al.  2020;  Wang
et al. 2017; Yang et al. 2020). The methods of predicting
residue interactions with the help of deep learning such
as  residue  network  (He  et  al.  2016)  are  the  latest
advances  in  this  paradigm,  but  they  are  still  far  from
solving  the  problem  of  protein  structure  prediction,
while  the  introduction  of  language  models  has  pushed
the  problem  of  protein  structure  prediction  to  be
basically  solved  (Baek et  al.  2021;  Jumper et  al.  2021;
Lin  et  al.  2023)  (the  paradigms  for  protein  structure
prediction  are  illustrated  in  Fig. 2).  Protein  language
models  trained  with  a  large  number  of  protein
sequences are able to capture the interactions between
residues  in  protein  sequences  very  well,  and  have
already  demonstrated  very  powerful  capabilities  in
other  downstream  tasks  such  as  protein  structure
prediction  and protein  function  prediction.  In  addition
to  protein  understanding,  protein  language  models
have  also  demonstrated  excellent  generative
capabilities,  which  are  very  important  for  protein
design  problems  such  as  protein  sequence  generation.
We  introduce  protein  language  models  below,  which
are  focused  on  protein  understanding  (protein
sequence modeling) and protein sequence generation. 

Protein sequence modeling based on protein
language model

Sequence  modeling  has  been  a  long-standing  research
problem in the domain of natural language processing,
and  advances  in  the  NLP  domain  have  shown  that

REVIEW Y. Si et al.

138  |  June 2024  |  Volume 10  |  Issue 3 © The Author(s) 2024



language models trained on huge amounts of unlabeled
sequences,  especially  those  based  on  the  Transformer
architecture,  have  a  very  good  ability  to  model
sequences.  This  success  quickly  extended  to  other

research domains, and protein science was a pioneer in
applying  language  models.  Early  protein  language
models  for  protein  sequence  modeling  were  mainly
trained  on  protein  sequence  datasets  in  the  form  of

 

x1 x2 x3 xnxi

nm

Residue-residue interaction

Protein-protein interaction network Cell-cell communication

trpD

pabA

trpC

pabB

pheA

trpE

Signaling 
cell

Target 
cell

ProteinA

B

Foundation model 

C
x1 x2 x3 xnxi

h1 h2 h3 hnhi

GenerationDownstream
tasks 

Masked language
model 

x1 x2 x3 xnM

h1 h2 h3 hnhi

D

Autoregressive
language model

S x1 x2

h1 h2 h3

x3xi

Loss Loss

Base-base interaction

DNA/RNA

μm

Cell Tissue

cm

Fig. 1   Overview of molecular interactions and foundation models. A Types of molecular interactions at different spatial scales. B Pro-
cesses  for  representing  data  as  embeddings  using  foundation  models  and using  the  embeddings  for  downstream tasks.  Where  xi de-
notes the ith element in the data X, hi denotes the embedding corresponding to the ith element. C Masked language model learns the cor-
relation between elements in the data by masking a portion of the elements in the data (denoted as M) and then using the remaining
portion to predict the masked elements, the difference between the predicted value of the masked portion and the true value is used to
update the model. D Autoregressive language model learns the correlation between elements in the data by sequentially predicting the
next element in the data from the beginning (denoted as S), and the difference between the predicted and true value of the next element
is used to update the model

Foundation models in molecular biology REVIEW

© The Author(s) 2024 139  |  June 2024  |  Volume 10  |  Issue 3



predicting  the  content  of  the  masked  portion,  SeqVec
(Heinzinger et al. 2019) was trained using LSTM-based
neural  networks,  and  the  analysis  showed  that  the
protein  representations  obtained  from  SeqVec  were
able  to  characterize  the  stability  of  proteins  very  well.
TAPE  (Rao  et  al.  2019)  respectively  trained  language
models  using  the  mainstream  CNN  (Convolutional
neural  network)  (Lecun  et  al.  1998),  LSTM,  and
Transformer  as  the  backbone  networks,  and  proved
that  the  Transformer-based  language  models  had
better  performance  compared  to  other  architectures;
ESM-1b  (Rives  et  al.  2021)  increases  the  number  of
parameters of the model by about 17 times from TAPE-
Transformer by widening and deepening the number of
network  layers,  and  changes  the  training  set  from  the
Pfam  (Mistry  et  al.  2021)  protein  sequence  database
used  for  training  TAPE-Transformer  to  the  Uniref50
(Mirdita  et  al.  2017)  protein  sequence  database,  and
the  analysis  results  show  that  ESM-1b  The  analysis
results  show  that  ESM-1b  significantly  outperforms
TAPE-Transformer in the core task of capturing residue
interactions  (residue  contact  prediction),  and  also
outperforms  TAPE-Transformer  in  downstream  tasks
such  as  protein  stability  prediction  and  secondary
structure  prediction,  which  makes  ESM-1b  one  of  the
most  widely  used  protein  language  models.  In
ProtTrans's  work  (Elnaggar  et  al.  2022),  the  effect  of
language  model  architecture  and  sequence  database

size  on  the  performance  of  protein  language  models
was  investigated  by  using  multiple  architectures  of
language  models  trained  on  a  variety  of  different
protein  sequence  databases,  and  the  analysis  results
showed that the protein language model with the T5-XL
(Raffel et al. 2019) architecture trained on the Uniref50
protein  sequence  dataset  slightly  outperforms  ESM-1b
on  downstream  tasks,  such  as  secondary  structure
prediction,  protein  subcellular  localization  prediction,
etc.  Accurate  protein  structure  prediction  is  a  long-
standing  challenge  in  protein  science,  especially  for
single-sequence  proteins.  Given  the  excellent  ability  of
protein  language  models  to  capture  residue
interactions,  trRosettaX-Single  (Wang  et  al.  2022),
RGN2 (Chowdhury et  al. 2022),  EMBER2 (Ben-Tal  and
Kolodny 2022), OmegaFold (Wu et al. 2022 ), ESMFold
(Lin  et  al.  2023),  etc.  attempted  to  realize  accurate
single  sequence  protein  structure  prediction  with
protein  language  models,  these  methods  not  only
surpass  the  traditional  "MSA-Contact/Distance-
Structure"  paradigm  in  terms  of  prediction  speed,  but
also  have  a  certain  prediction  ability  for  orphan
proteins without homologous sequences. In addition to
protein  structure  prediction,  LMSuccSite  (Pokharel  et
al.  2022)  applied  protein  language  models  to  Protein
Succinylation  Sites  Prediction,  IDP-LM  (Pang  and  Liu
2023)  applied  protein  language  models  to  protein
intrinsic  disorder  prediction,  DeepGOPlus  (Kulmanov
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and Hoehndorf 2020) applied protein language models
to  protein  function  prediction,  and  all  achieved
favorable results.
Compared  with  single  protein  sequences,

homologous  sequences  in  multiple  sequence
alignments  contain  rich  evolutionary  information  that
can greatly assist the inference of residue interactions;
therefore,  compared  with  protein  language  models
based  on  single  protein  sequences,  protein  language
models based on multiple sequence alignments may be
more  capable  of  capturing  residue  interactions.  MSA-
Transformer  (Rao  et  al.  2021)  is,  to  the  best  of  our
knowledge,  the  first  protein  language  model  trained
based  on  multiple  sequence  alignment,  which  is  built
primarily from axis-attention based modules and is also
trained with  the  objective  of  recovering  the  content  of
masked  regions.  The  analysis  results  show  that  MSA-
Transformer  significantly  outperforms  ESM-1b  in
capturing  residue  interactions  and  achieves  the  best
performance  on  the  task  of  protein  residue  contact
prediction.  A-Port (Hong et al. 2022) performs residue
contact  prediction  using  MSA-Transformer  and  inputs
the  predicted  pairs  of  contacting  residues  into
PyRosetta for protein structure prediction. The analysis
results show that the quality of structures predicted by
A-Port  exceeds  the  current  best  structure  prediction
methods,  but  it  is  still  far  from solving  the  problem of
protein  structure  prediction.  The  emergence  of
AlphaFold2  (Jumper  et  al.  2021)  has  virtually  solved
the  problem  of  structure  prediction  for  proteins,  and
results  at  CASP14  show  that  for  most  proteins,  the
quality  of  the  structure  predicted  by  AlphaFold2  is
comparable  to  the  quality  of  the  experimentally
resolved  structure.  AlphaFold2  is  a  protein  language
model  in  an  encoder-decoder  architecture,  where  the
encoder consists of a stack of 48 EvoFormer modules to
extract  the  representation  of  multiple  sequence
alignments  and  explicitly  predict  the  spatial  distance
between  residues.  The  decoder,  or  structure  module,
consists  of  eight  layers  stacked  on  top  of  each  other,
which  is  used  to  generate  the  protein  structure  from
the  MSA  representation.  Specifically,  the  decoder
initializes  the  spatial  position  of  each  residue  in  the
protein  at  the  origin,  and  each  subsequent  layer
updates  the  protein  structure  with  the  sequence
representations  and  residue  distances  from  the
encoder. 

Protein sequence generation based on protein
language model

Generating  protein  sequences  from  scratch  and
generating constraint-compliant  protein sequences are

the  two  main  application  scenarios  for  protein
sequence generation. Currently, although the Uniref100
protein sequence database (Mirdita et al. 2017) already
contains  about  250  million  protein  sequences,  these
protein sequences only account for a very small portion
of  the  protein  sequence  space,  so  if  foldable  protein
sequences  can  be  generated  computationally  and
rapidly,  it  can provide more options for  fields  that  can
use  proteins,  such  as  catalysis  or  pharmaceuticals, etc.
ProtGPT2  (Ferruz  et  al.  2022)  is  a  protein  language
model trained on 45 million protein sequences with the
training goal  of  predicting  the  next  word based on the
current sentence. The training goal of ProtGPT2 makes
ProtGPT2  naturally  suitable  for  generating  protein
sequences  from  scratch.  Analysis  of  the  protein
sequences  predicted  by  ProtGPT2  showed  that  the
proportion  of  disordered  structures  and  amino  acid
frequencies  are  almost  the  same  as  the  natural
sequences,  indicating  that  ProtGPT2  has  the  ability  to
generate  protein  sequences  similar  to  the  natural
protein sequences. RITA (Hesslow et al. 2022) explored
the effect of the scale of protein language model on the
generative  ability  by  training  a  series  of  protein
language models of different scales with the objective of
the  next  word  prediction,  and  the  results  showed  that
the  larger  the  scale  of  the  language  model,  the  higher
the  reliability  of  the  generated  protein  sequence.  In
addition to  this,  Robert et  al.  (Verkuil et  al. 2022)  also
explored the use of a masked protein language model to
generate protein sequences and experimentally verified
that the generated sequences have a higher probability
(67%) of being soluble. ProtGen (Madani et al. 2023) is
a representative work in generating protein sequences
under  finite  constraints,  which  is  also  a  protein
language  model  with  the  training  objective  of
predicting the next word. Compared with other protein
language  models,  ProtGen  can  specify  the  function  of
the  protein  and  then  generate  protein  sequences  that
match  the  function,  and  experiments  show  that  the
protein  sequences  generated  by  ProtGen  can  realize
some functions better than natural sequences and have
lower  similarity  with  existing  natural  protein
sequences. 

LANGUAGE MODELS FOR GENOMICS

DNA and RNA are also important biomacromolecules in
organisms  like  proteins.  DNA  mainly  serves  to  encode
genetic  information,  and  interpreting  DNA  with  the
help of language modeling is a field of research that has
emerged  in  the  last  two  years;  whereas  for  RNA  only
about 5% of all  RNA transcripts are mRNAs coding for
proteins, the remaining portion called non-coding RNAs
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exercise  functions  such  as  signaling  and  gene
regulation,  etc.  (Wang  and  Chang  2011).  Non-coding
RNAs  can  perform  specific  functions  only  if  they  can
maintain  specific  structures,  but  the  severe  scarcity  of
RNA structural data in the field of RNA has limited the
performance  of  RNA  structure  prediction  methods.  In
contrast to structural data, RNA sequence data has been
accumulated with the development of  RNA sequencing
technology,  and the structure of  RNA is determined by
the  interactions  between  nucleotides,  so  how to  distill
the  interactions  between  nucleotides  with  the  help  of
the huge amount of RNA sequence data has become an
important  issue,  and  this  is  the  area  where  language
modeling specializes in.
Developing DNA language models and RNA language

models  are  rising  research  areas,  the  development  of
DNA/RNA language models as well as their applications
will be described below (see Fig. 3). 

DNA sequence modelling based on the DNA
language model

DNABERT  (Ji  et  al.  2021)  is,  to  the  best  of  our
knowledge,  the  first  DNA  language  model  using  the
BERT  architecture,  specifically,  DNABERT  uses  the
human  genome  as  the  training  data  and  the  k-mer
representation of  DNA as words for  training (Take the
DNA  sequence  “ATGGCT”  as  an  example,  the  3-mer
representation  used  by  DNABERT  will  represent  the

sequence  as  {ATG,  TGG,  GGC,  GCT}).  The  excellent
performance  of  DNABERT  in  predicting  proximal  and
core  promoter  regions  and  identifying  transcription
factor  binding sites  fully  demonstrates  the potential  of
language  models  in  the  field  of  DNA  research.  In
contrast to DNABERT, which was trained using only the
human  genome,  Nucleotide  Transformer  (Dalla-Torre
et  al.  2023)  was  trained  using  the  genomes  of  850
species and showed excellent performance in detecting
genetic variants and predicting the effects of mutations.
DNABERT-2 (Zhou et al. 2023b) is an upgraded version
of  DNABERT,  which  not  only  proposes  a  simple  and
effective  scheme  for  DNA  tokenization,  but  also
dramatically  improves  the  training  efficiency  by
adopting  techniques  such  as  Flash  Attention.  In
addition,  representative  work  using  a  DNA  foundation
model  for  CRISPR  sgRNA  design,  i.e.,  DeepCRISPR
(Chuai et al. 2018), was presented. 

Non-coding RNA sequence modelling based on RNA
language model

RNA-FM  (Chen  et  al.  2022)  adopts  the  BERT
architecture  and uses  twenty-three  million  non-coding
RNAs  from  RNAcentral  (The  RNAcentral  Consortium
2019)  for  training,  which  is  trained  by  randomly
masking  a  portion  of  the  RNA  sequence  and  then
aiming to recover the content of the masked region. The
analysis  results  on  downstream  tasks  such  as
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nucleotide  distance  prediction,  secondary  structure
prediction,  etc.  show  that  the  prediction  performance
using  RNA-FM  is  better  than  that  using  only  RNA
sequences,  suggesting  that  RNA-FM  captures  partial
nucleotide  interactions.  Uni-RNA  (Wang  et  al.  2023e)
also employs the BERT architecture and trains with the
goal  of  recovering  the  contents  of  the  masked  region,
but  the training set  of  Uni-RNA contains  1  billion non-
coding  protein  sequences  from  databases  such  as  nt
(NCBI  Resource  Coordinators  2014),  RNAcentral  (The
RNAcentral  Consortium  2019),  Genome  Warehouse
(GWH) (Chen et al. 2021a),  and others.  Test  results on
tasks  such  as  nucleotide  contact  prediction  show  that
Uni-RNA  outperforms  RNA-FM  across  the  board,
indicating  that  Uni-RNA  has  a  stronger  ability  to
capture nucleotide interactions.
Compared  to  single  sequences,  there  are  also  some

RNA  language  models  developed  based  on  the  MSA  of
RNA.  RNA-MSM  (Zhang  et  al.  2023)  adopts  the  MSA-
Transformer  architecture  and  uses  3932  MSAs  for
training,  and  outperforms  traditional  algorithms  in
water  solubility  prediction  as  well  as  secondary
structure prediction tasks, which proves the application
value  of  RNA  language  model.  In  addition,  works  such
as  trRosettaRNA (Wang et  al.  2023d),  DRfold  (Li et  al.
2023),  and  RoseTTAFoldNA  (Baek  et  al.  2024)  used  a
similar  architecture  to  the  encoder  of  AlphaFold2  to
process  MSA  for  RNA  structure  prediction,  and  also
achieved certain results. 

LANGUAGE MODELS FOR SINGLE CELL
TRANSCRIPTOMES

Cells  are the basic  units  of  life,  the complex regulatory
relationships  between  intracellular  genes  determine
the  behavior  and  function  of  cells,  and  the  complex
interactions  between  various  types  of  cells  in  an
organism  realize  more  advanced  life  activities.
Deciphering  the  intracellular  regulatory  network
between  genes  and  the  communication  network
between  cells  in  an  organism  is  extremely  crucial  for
analyzing  the  differences  between  different  types  of
cells  and  understanding  the  life  process,  and  the
development  of  single-cell  transcriptome  sequencing
technology  has  dramatically  advanced  this  process
(Kolodziejczyk  et  al.  2015;  Jovic  et  al.  2022).  The
transcriptome is the total of the transcription products
of all genes in a cell under specific spatial and temporal
conditions, which determines the specificity of the cell,
and  it  is  also  the  result  of  complex  intra-  and  inter-
cellular  regulatory  relationships.  Single  cell
transcriptome sequencing technology has accumulated

a large amount of  single  cell  transcriptome data in  the
past  decade (Cao et  al. 2017;  Moreno et  al. 2022),  and
there  are  numerous  algorithms  tried  to  decipher  the
mystery  of  intracellular  gene  regulation  and
intercellular communication with the help of single cell
transcriptome  data  (Bafna et  al.  2023;  Dai et  al.  2019;
Iacono  et  al.  2019;  Wang  et  al.  2023c).  Recently,
transcriptome  language  models  have  made  great
progress  in  capturing  gene  regulatory  relationships
(Cui et al. 2023; Theodoris et al. 2023; Wen et al. 2023;
Yang et al. 2022), and have gradually become the main
method  to  analyze  single  cell  transcriptome  data  (see
Fig. 4).  In  addition,  transcriptome  language  models
have  also  shown  very  good  performance  in  cell  type
identification,  gene  expression  prediction  and  other
tasks.  In  the  following,  we  will  introduce  the  training
approaches and applications of transcriptome language
models.
The transcriptome of a single cell contains both gene

types  and  corresponding  gene  expressions,  an  ideal
transcriptome  language  model  should  have  the  ability
to  capture  the  causal  relationships  between  all
elements  (gene  types,  gene  expressions)  in  the
transcriptome,  while  the ability  of  the model  is  closely
related  to  the  design  of  the  model's  training  objective.
Earlier  transcriptome  language  models  were  mainly
trained based on recovering the content of the masked
region  as  the  training  objective,  but  there  are  some
differences  in  the  way of  masking.  scBERT (Yang et  al.
2022)  uses  the  Performer  module  to  build  the  model,
which is capable of handling longer sequences than the
standard Transformer. In addition, scBERT was trained
using  the  Panglao  human  single-cell  transcriptome
dataset  (containing  about  one  million  transcriptomes)
by masking a portion of the expression of a gene in the
transcriptome  (with  non-zero  expression)  and  then
predicting  the  expression  of  the  masked  portion.
scBERT achieves  the  best  performance  on  the  tasks  of
cell  type  annotation  and  identification  of  novel  cells,
which indicates that the model captures cell specificity.
Compared to scBERT, which only aims at recovering the
gene expression in the masked region, scFormer's (Cui
et al. 2022) training objective includes both recovering
the  gene  expression  in  the  masked  region  and
recovering  the  gene  type  in  the  masked  region,  and  it
also  achieves  good performance on tasks  such as  gene
perturbation  as  well  as  batch  effect  correction.  Gene
expression  can  fluctuate  widely,  and  gene  expression
can also  contain  overall  noise  due to  batch effects, etc.
Geneformer (Theodoris et al. 2023) has designed a new
type  of  training  objective  to  train  the  transcriptome
language  model,  specifically,  Geneformer  will  first  sort
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the  genes  in  the  transcriptome  according  to  their
expression,  and  then,  after  masking  the  genes
randomly, it will set the training objective to predict the
types  of  genes  at  the  masked positions,  which cleverly
uses the information of genes and expressions, and also
eliminates  the  noise  problem  in  the  expressions.  The
analysis results show that Geneformer can handle batch
effects well and performs well on tasks such as network
dynamics  prediction  as  well  as  gene  perturbation
prediction,  suggesting  that  Geneformer  learns  the
regulatory  relationships  between  genes  from  the
transcriptome  well.  scFoundation  (Hao  et  al.  2023)
considers that  the vast  majority  of  genes in the single-
cell  transcriptome  are  not  expressed  (expression  is
zero),  and  complete  processing  of  all  genes  and
expression will greatly affect the inference speed of the
model  as  well  as  the  scale  of  the  trainable  model;
therefore,  an  asymmetric  encoder-decoder  language
model architecture was designed, in which the encoder

module  only  processes  genes  with  an  expression  not
zero.  This  architecture  allows  scFoundation  to  reach  a
scale  of  100  million  parameters  and  outperforms  pre-
trained models such as scBERT and Geneformer.
In  addition  to  transcriptome  language  models  that

are trained with the objective of recovering the content
of masked regions, work such as scGPT (Cui et al. 2023)
as well  as  scTranslator (Liu et  al. 2023) have explored
the  application  of  generative  language  models  in  the
transcriptome.  scGPT is  trained to sequentially  predict
the  expression  of  genes  with  unknown  expression
based on the known gene expression and cell type, and
thus  the  model  has  the  ability  to  generate  the
transcriptome of  an entire cell  while  only the cell  type
is  specified.  scTranslator,  on  the  other  hand,  is  a
generative  transcriptome  language  model  trained  to
infer  protein  abundance  values.  scTranslator  can
predict  the  proteome  of  a  single  cell  given  that  cell's
transcriptome,  and  analysis  has  shown  that  the
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interactions  between  proteins  (genes)  inferred  by
scTranslator are relatively accurate. 

GRAPH NEURAL NETWORKS ON SPATIAL
TRANSCRIPTOMICS

Recent  advances  in  spatially-resolved  transcriptomics
(ST)  technologies  have  enabled  telescoped  investiga-
tion  of  in  situ  gene  expression  and  spatial  location  of
cells  in  tissues.  The  spatial  transcriptomics  data  pro-
files  cell  type  structure,  gene  expression  with  spatial
pattern  and  cell-to-cell  interactions  in  spatial  percep-
tions.  This  knowledge  is  essential  for  understanding
and  explaining  complex  life  systems,  i.e.,  disease
progress  (Ye  et  al.  2022;  Chen  et  al.  2020),  tumor
micro-environment (Zhu et al. 2022; Ferri-Borgogno et
al. 2023) and organogenesis (Chen et al. 2022).  Gener-
ally,  ST  technologies  can  be  commonly  classified  into
two categories.  The first  category is  image-based tech-
nologies such as in situ hybridization in situ sequencing,
which  includes  seqFISH  (Shah  et  al.  2018),  MERFISH
(Zhang et  al.  2021)  and  STARmap  (Wang et  al.  2018).
The  second  category  is  capture  and  sequencing-based
technology,  which  includes  10x  Visium  (Wang  et  al.
2021),  Slide-Seq  (Rodriques  et  al.  2019),  Slide-Seq2
(Stickels et  al.  2021),  HDST  (Vickovic et  al.  2019)  and
Stereo-seq  (Chen  et  al.  2022).  These  ST  technologies
have  been  well  utilized  in  multiple  organisms,  i.e.,
human, mouse, and drosophila.
Although  ST  provides  revolutionized  data  of  tissue,

it’s  challenged  by  barriers  from  intrinsic  noise,  high-
sparseness,  and  multimodality  (gene  expression
matrices,  spatial  coordinates  and  histology  images).
The  main  task  of  analyzing  ST  datasets  includes  the
detection of  spatial  domain and variable  genes (SVGs),
cell  type  decomposition  and  data  augmentation.
Besides,  three-dimensional  (3D)  cellular  structure
construction  is  required  to  better  understand  the
biological process in the whole organ and organism. In
order to accomplish these needs, lots of computational
methods have been developed.  Graph neural  networks
(GNNs) have attracted much attention in recent articles
(Wu et al. 2019; Liu et al. 2024). Unlike other common
methods  which  failed  to  utilize  the  spatial  coordinates
and histology image information, GNNs enable learning
from  a  bucket  of  gene  expression  data,  spot  spatial
coordinates,  i.e.,  graph  neighborhood  network,  and
histology image.  GNNs are generally  self-supervised or
semi-supervised  models,  as  shown  in  Fig. 5,  the  GNNs
utilized  in  ST  methods  can  be  generally  divided  into
four  categories,  i.e.,  graph  convolutional  network
(GCN),  graph  attention  network  (GAN),  graph

generative network and graph autoencoder.  Compared
with other models,  these GNNs can learn and preserve
the  relative  information  in  spatial  location  and  image
data, which makes them outperform in many tasks such
as  spatial  domain  detection,  cell  type  decomposition
and 3D tissue construction.
As  mentioned  before,  due  to  the  low  capture

efficiency  and  high  technology  noise  in  ST  data,  data
augmentation (imputation, denoise) is a key task in ST
data  analysis.  For  this  task,  one  kind  of  method  is  to
integrate  scRNA-seq  data  with  ST,  such  as  stPlus
(Chen  et  al.  2021b)  and  SpaGE  (Abdelaal  et  al.  2020).
However,  doing  so  might  induce  new  bias  and
unwanted  noise  due  to  the  unpaired  samples  and
technology differences. Another kind of method mainly
considers  the  ST  data  itself  and  usually  makes  the
augmentation  with  the  neighborhood  structure  of  ST
spots,  which  is  associated  with  spatial  location.  In  this
situation,  GNN-based  methods  can  be  appealing,  i.e.,
SEDR  (Fu  et  al.  2021),  stMVC  (Zuo  et  al.  2022)  and
SiGra  (Tang  et  al.  2023).  SEDR  is  an  unsupervised
model  that  integrates  transcriptomics  data  and
associated spatial information. It first constructs a low-
dimension  latent  representation  of  the  ST  matrix
through a deep autoencoder, and then combines it with
the  corresponding  spatial  loci  information  by  a
variational  graph  autoencoder.  The  SEDR  pipeline
performed  well  on  human  dorsolateral  prefrontal
cortex data, and was able for batch correction. stMVC is
a  muti-modal  model  method  that  integrates  gene
expression matrix, spatial location, histology image and
region  segmentation.  It  applied  a  semi-supervised
graph attention autoencoder to capture the structure of
ST  data,  and  the  whole  model  can  elucidate  intra-
tumoral heterogeneity in ST data. SiGra was designed to
denoise  gene  expression  data  in  ST.  A  graph
transformer was used to  leverage the rich information
in  the  spatial  distribution  of  spots  and  cells,  and  the
inclusion of immunohistochemistry images by imaging-
transcriptomics  hybrid  architecture  can  help  improve
the performance by 37%.
Deciphering  spatial  domains  and  SVGs  is  critical  for

understanding  the  biological  structure  and  function  of
tissue.  In  this  task,  models  must  consider  the  spatial
location of cells and gene expression. SpaGCN (Hu et al.
2021)  applied  a  graph  convolutional  network  (GCN)-
based approach to detect spatial domain and SVGs. The
spatial  domain  detection  is  based  on  the  weighted
graph built on gene expression and histology image and
spatial location, and then SVGs are calculated on spatial
domains.  STAGATE (Dong and Zhang 2022)  developed
a  graph  attention  autoencoder  framework  to  identify
spatial  domains.  The  graph  attention  autoencoder

Foundation models in molecular biology REVIEW

© The Author(s) 2024 145  |  June 2024  |  Volume 10  |  Issue 3



learns to integrate gene expression and spatial location
information,  and  adopts  a  graph  attention  mechanism
when  considering  spatial  neighbor  information.
STAGATE  performed  well  in  the  accuracy  of  spatial
domain and SVGs detection. CCST (Li et al. 2022a) is an
unsupervised cell clustering method based on GCN. The
cell  cluster  results  provided  by  CCST  can  help  identify
curate cell type and then spatial domain. Spatial-MGCN
(Wang et al. 2023a) adopted a multi-view GCN encoder
to  extract  unique  embeddings  from  gene  expression
and  spatial  location  graphs.  The  incorporation  of  this
information  in  Spatial-MGCN  helps  it  outperform  in
spatial domain detection.
The  resolution  of  the  majority  ST  technologies  has

not  reached  a  single-cell  level,  thus  decomposition  of
cell type in ST data is commonly needed. There are lots
of methods designed for ST cell type decomposition uti-
lizing  scRNA-seq  as  a  reference,  i.e.,  cell2location
(Kleshchevnikov et  al.  2022),  SPOTlight  (Elosua-Bayes
et  al. 2021)  and Tangram (Biancalani et  al. 2021).  The
spatially  nearby  spots  are  more  likely  to  share  similar
cell  components,  thus  leveraging  spatial  location  by
GNNs  could  improve  cell-type  decomposition  perfor-
mance.  DSTG (Song and Su 2021)  adopts  GCN to  learn
the  latent  representation  of  both  gene  expression  and
spatial locations of spots, and later applied decomposi-
tion on the latent representation matrix. GraphST (Long
et al. 2023) is a graph self-supervised contrastive learn-
ing  method.  A  GNN  accompanied  by  augmentation-
based  self-supervised  contrastive  learning  is  used  to

learn representations of spots in GraphST.
3D  construction  of  whole  tissue  or  organs  can

accelerate  the  understanding  of  disease  processes  and
organogenesis.  Since  one  individual  ST  slice  contains
gene  expression  information  on  a  2D  plane,  the  3D
construction  of  tissue  requires  the  integration  of
multiple  slices.  There  are  several  methods  for
integrating  parallel  ST  slices  and  3D  construction,  i.e.,
PASTE (Zeira et al. 2022), STAligner (Zhou et al. 2023a)
and Stihchi3D (Wang et al. 2023b). PASTE mainly aligns
spots in different slices based on their gene expression
similarity  and  spatial  distances,  using  an  optimal
transport  algorithm.  STAligner  develops  a  graph
attention  autoencoder  to  learn  spot  embeddings  with
gene  expression  and  spatial  location  information.  The
later alignment is  based on the embedding and shared
spatial  domain  between  slices.  Stihchi3D  is  a  joint
model  for  3D  domain  detection  and  cell-type
decomposition  of  ST.  A  graph  attention  network  is
utilized  to  learn  the  representation  of  spots’  gene
expression and 3D spatial adjacent network.
In summary,  ST contains multi-modal  data,  i.e.,  gene

expression, spatial locations and histology image, which
requires  full  usage  of  this  information.  GNNs  are
efficient at capturing relative information from network-
style data. While dealing with noisy and sparse ST data,
GNNs  have  great  potential  in  solving  tasks  including
data augmentation, spatial domain and SVGs detection,
cell type decomposition and 3D construction of tissue. 
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DISCUSSION

Foundational  models  in  molecular  biology  are  shaping
new research approaches in the field, in this review we
provide  a  comprehensive  summary  of  foundational
models  in  molecular  biology,  detailing  their
architecture,  training approaches,  scope of  application,
and how they are used. Noted that although significant
achievements have been made by foundational  models
in molecular biology, most current language models are
based  on  specific  types  of  biological  data,  and  cross-
modal  foundational  models  of  greater  value  are  still
relatively  rare.  Another  important  issue  regarding  the
foundation model is its relationship with “small sample
learning”,  i.e.  the  few-shot  learning  using  relatively
small  training  samples  (Long et  al. 2023).  It  should  be
noted  that  the  “fine-tuning”  strategy  used  in  the
foundation  model  is  actually  targeted  to  address  the
small  sample  issue  in  the  specific  downstream  tasks.
However,  a  recent  study  indicated  that  the  foundation
model  may  fail  in  the  zero-shot  scenario,  which  is  an
extreme case of few-shot learning (Zeira et al. 2022) in
which  no  training  data  are  available  for  the  specific
tasks.  For  such  low-data-resource  learning  cases,
various  few-shot  learning  schemas,  for  example,  the
meta  learning  has  been  proposed  (Zhou  et  al.  2023a).
Several  applications  using  meta  learning  to  address
molecule  analysis  problems,  for  example,  the  pMHC-
TCR  interaction  recognition  (Wang  et  al.  2023b)  and
kinome-wide  polypharmacology  profiling  have  been
presented (Benegas et al. 2023).
Finally,  life  processes  are  often  dynamic,  and  multi-

modal  foundational  models  that  can  take  into  account
the spatio-temporal specificity of biological data may be
able to make the digital cell a reality.

Open Access This  article  is  licensed under  a  Creative  Commons
Attribution 4.0  International  (CC BY 4.0)  License,  which permits
use,  sharing,  adaptation,  distribution  and  reproduction  in  any
medium or  format,  as  long as  you give  appropriate  credit  to  the
original  author(s)  and  the  source,  provide  a  link  to  the  Creative
Commons  licence,  and  indicate  if  changes  were  made.  The
images  or  other  third  party  material  in  this  article  are  included
in  the  article’s  Creative  Commons  licence,  unless  indicated
otherwise  in  a  credit  line  to  the  material.  If  material  is  not
included  in  the  article’s  Creative  Commons  licence  and  your
intended use is not permitted by statutory regulation or exceeds
the  permitted  use,  you  will  need  to  obtain  permission  directly
from  the  copyright  holder.  To  view  a  copy  of  this  licence,  visit
http://creativecommons.org/licenses/by/4.0/.

References 

 Abdelaal  T,  Mourragui  S,  Mahfouz  A,  Reinders  MJT  (2020)  SpaGE:
spatial gene enhancement using scRNA-Seq. Nucleic Acids Res

48(18): e107. https://doi.org/10.1093/nar/gkaa740
 Baek M, DiMaio F, Anishchenko I, Dauparas J, Ovchinnikov S, Lee GR,

Wang  J,  Cong  Q,  Kinch  LN,  Schaeffer  RD,  Millán  C,  Park  H,
Adams  C,  Glassman  CR,  DeGiovanni  A,  Pereira  JH,  Rodrigues
AV,  van  Dijk  AA,  Ebrecht  AC,  Opperman  DJ,  Sagmeister  T,
Buhlheller  C,  Pavkov-Keller  T,  Rathinaswamy  MK,  Dalwadi  U,
Yip  CK,  Burke  JE,  Garcia  KC,  Grishin  NV,  Adams  PD,  Read  RJ,
Baker  D (2021) Accurate  prediction of  protein  structures  and
interactions  using  a  three-track  neural  network.  Science
373(6557): 871−876

 Baek  M,  McHugh  R,  Anishchenko  I,  Jiang  H,  Baker  D,  DiMaio  F
(2024) Accurate  prediction  of  protein–nucleic  acid  complexes
using RoseTTAFoldNA. Nat Methods 21(1): 117−121

 Bafna  M,  Li  H,  Zhang  X  (2023)  CLARIFY:  cell–cell  interaction  and
gene  regulatory  network  refinement  from  spatially  resolved
transcriptomics. Bioinformatics 39(Suppl 1): i484−i493

 Bai  XC,  McMullan  G,  Scheres  SH  (2015)  How  Cryo-EM  is
revolutionizing  structural  biology.  Trends  Biochem  Sci  40(1):
49−57

 Benegas  G,  Batra  SS,  Song  YS  (2023)  DNA  language  models  are
powerful  predictors of  genome-wide variant  effects. Proc Natl
Acad  Sci  USA  120(44):  e2311219120.  https://doi.org/10.
1073/pnas.2311219120

 Ben-Tal  N,  Kolodny  R  (2022)  Homologues  not  needed:  structure
prediction  from  a  protein  language  model.  Structure  30(8):
1047−1049

 Bepler T, Berger B (2021) Learning the protein language: evolution,
structure, and function. Cell Systems 12(6): 654−669

 Biancalani T, Scalia G, Buffoni L, Avasthi R, Lu Z, Sanger A, Tokcan N,
Vanderburg  CR,  Segerstolpe  Å,  Zhang  M,  Avraham-Davidi  I,
Vickovic  S,  Nitzan  M,  Ma  S,  Subramanian  A,  Lipinski  M,
Buenrostro  J,  Brown  NB,  Fanelli  D,  Zhuang  X,  Macosko  EZ,
Regev  A  (2021)  Deep  learning  and  alignment  of  spatially
resolved single-cell transcriptomes with tangram. Nat Methods
18(11): 1352−1362

 Brown  TBMann  B,  Ryder  N,  Subbiah  M,  Kaplan  JD,  Dhariwal  P,
Neelakantan A, Shyam P, Sastry G, Askell A, Agarwal S, Herbert-
Voss A, Krueger G, Henighan T, Child R, Ramesh A, Ziegler DM,
Wu  J,  Winter  C,  Hesse  C,  Chen  M,  Sigler  E,  Litwin  M,  Gray  S,
Chess B, Clark J, Berner C, McCandlish S, Radford A, Sutskever I,
Amodei  D  (2020)  Language  models  are  few-shot  learners.  In:
Advances  in  Neural  Information  Processing  Systems.  pp.
1877–1901

 Brunger  AT  (2007)  Version  1.2  of  the  crystallography  and  NMR
system. Nat Protocols 2(11): 2728−2733

 Cao Y, Zhu J, Jia P, Zhao Z (2017) scRNASeqDB: a database for RNA-
Seq based gene expression profiles in human single cells. Genes
(Basel) 8(12): 368. https://doi.org/10.3390/genes8120368

 Chaudhury  S,  Lyskov  S,  Gray  JJ  (2010)  PyRosetta:  a  script-based
interface  for  implementing  molecular  modeling  algorithms
using Rosetta. Bioinformatics 26(5): 689−691

 Chen A, Liao S, Cheng M, Ma K, Wu L, Lai Y, Qiu X, Yang J, Xu J, Hao S,
Wang  X,  Lu  H,  Chen  X,  Liu  X,  Huang  X,  Li  Z,  Hong  Y,  Jiang  Y,
Peng J, Liu S, Shen M, Liu C, Li Q, Yuan Y, Wei X, Zheng H, Feng
W, Wang Z, Liu Y, Wang Z, Yang Y, Xiang H, Han L, Qin B, Guo P,
Lai G, Muñoz-Cánoves P, Maxwell PH, Thiery JP, Wu QF, Zhao F,
Chen  B,  Li  M,  Dai  X,  Wang  S,  Kuang  H,  Hui  J,  Wang  L,  Fei  JF,
Wang O, Wei X, Lu H, Wang B, Liu S, Gu Y, Ni M, Zhang W, Mu F,
Yin Y, Yang H, Lisby M, Cornall RJ,  Mulder J,  Uhlén M, Esteban
MA,  Li  Y,  Liu  L,  Xu  X,  Wang  J  (2022)  Spatiotemporal
transcriptomic  atlas  of  mouse  organogenesis  using  DNA
nanoball-patterned arrays. Cell 185(10): 1777−1792

 Chen  J,  Hu  Z,  Sun  S,  Tan  Q,  Wang  Y,  Yu  Q,  Zong  L,  Hong  L,  Xiao  J,
Shen T, King I, Li Y (2022) Interpretable RNA foundation model
from unannotated data for highly accurate RNA structure and

Foundation models in molecular biology REVIEW

© The Author(s) 2024 147  |  June 2024  |  Volume 10  |  Issue 3

http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1093/nar/gkaa740
https://doi.org/10.1093/nar/gkaa740
https://doi.org/10.1126/science.abj8754
https://doi.org/10.1038/s41592-023-02086-5
https://doi.org/10.1016/j.tibs.2014.10.005
https://doi.org/10.1073/pnas.2311219120
https://doi.org/10.1073/pnas.2311219120
https://doi.org/10.1073/pnas.2311219120
https://doi.org/10.1073/pnas.2311219120
https://doi.org/10.1016/j.str.2022.07.002
https://doi.org/10.1016/j.cels.2021.05.017
https://doi.org/10.1038/s41592-021-01264-7
https://doi.org/10.3390/genes8120368
https://doi.org/10.3390/genes8120368
https://doi.org/10.3390/genes8120368
https://doi.org/10.1093/bioinformatics/btq007
https://doi.org/10.1016/j.cell.2022.04.003


function  predictions.  arXiv.  https://doi.org/10.48550/arXiv.
2204.00300

 Chen M, Ma Y, Wu S, Zheng X, Kang H, Sang J, Xu X, Hao L, Li Z, Gong
Z, Xiao J, Zhang Z, Zhao W, Bao Y (2021) Genome warehouse: a
public  repository  housing  genome-scale  data.  Genomics,
Proteomics Bioinformatics 19(4): 584−589

 Chen S, Zhang B, Chen X, Zhang X, Jiang R (2021) stPlus: a reference-
based  method  for  the  accurate  enhancement  of  spatial
transcriptomics. Bioinformatics 37(Suppl_1): i299−i307

 Chen WT, Lu A, Craessaerts K, Pavie B,  Sala Frigerio C,  Corthout N,
Qian X, Laláková J, Kühnemund M, Voytyuk I, Wolfs L, Mancuso
R,  Salta  E,  Balusu  S,  Snellinx  A,  Munck  S,  Jurek  A,  Fernandez
Navarro  J,  Saido  TC,  Huitinga  I,  Lundeberg  J,  Fiers  M,  De
Strooper  B  (2020)  Spatial  transcriptomics  and  in  situ
sequencing to study Alzheimer’s disease. Cell 182(4): 976−991

 Chowdhury R, Bouatta N, Biswas S,  Floristean C, Kharkar A, Roy K,
Rochereau  C,  Ahdritz  G,  Zhang  J,  Church  GM,  Sorger  PK,
AlQuraishi  M  (2022)  Single-sequence  protein  structure
prediction  using  a  language  model  and  deep  learning.  Nat
Biotechnol 40(11): 1617−1623

 Chuai G, Ma H, Yan J, Chen M, Hong N, Xue D, Zhou C, Zhu C, Chen K,
Duan B, Gu F, Qu S, Huang D, Wei J, Liu Q (2018) DeepCRISPR:
optimized CRISPR guide RNA design by deep learning. Genome
Biol 19(1): 80. https://doi.org/10.1186/s13059-018-1459-4

 Cirillo  D,  Federico  A,  Tartaglia  GG  (2012)  Predictions  of
protein–RNA  interactions.  WIREs  Comput  Mol  Sci  3(2):
161−175

 Cui  H,  Wang  C,  Maan  H,  Duan  N,  Wang  B  (2022)  scFormer:  a
universal representation learning approach for single-cell data
using  transformers.  bioRxiv.   https://doi.org/10.1101/
2022.11.20.517285

 Cui  H,  Wang  C,  Maan  H,  Pang  K,  Luo  F,  Duan  N,  Wang  B  (2023)
scGPT:  towards  building  a  foundation  model  for  single-cell
multi-omics  using  generative  AI.  Nat  Methods.   https://
doi.org/10.1038/s41592-024-02201-0

 Cui  Y,  Che  W,  Liu  T,  Qin  B,  Wang  S,  Hu  G  (2020)  Revisiting  pre-
trained  models  for  Chinese  natural  language  processing.  In:
Findings  of  the  Association  for  Computational  Linguistics:
EMNLP 2020. pp. 657–668

 Dai H, Li L, Zeng T, Chen L (2019) Cell-specific network constructed
by single-cell  RNA sequencing data. Nucleic  Acids Res 47(11):
e62. https://doi.org/10.1093/nar/gkz172

 Dalla-Torre H, Gonzalez L,  Revilla JM, Carranza NL, Grzywaczewski
AH, Oteri F, Dallago C, Trop E, Sirelkhatim H, Richard G, Skwark
M,  Beguir  K,  Lopez  M,  Pierrot  T  (2023)  The  nucleotide
transformer: building and evaluating robust foundation models
for  human  genomics.  bioRxiv.   https://doi.org/10.1101/
2023.01.11.523679

 Devlin, Jacob, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova
(2019) BERT: Pre-Training of Deep Bidirectional Transformers
for  Language  Understanding.  In:  Proceedings  of  the  2019
Conference  of  the  North  American  Chapter  of  the  Association
for Computational Linguistics: Human Language Technologies,
Volume 1 (Long and Short Papers). pp. 4171–4186

 Ding W,  Mao W,  Shao D,  Zhang W,  Gong H (2018) DeepConPred2:
An  improved  method  for  the  prediction  of  protein  residue
contacts. Comput Struct Biotechnol J 16: 503−510

 Dobson  CM  (1999)  Protein  misfolding,  evolution  and  disease.
Trends Biochem Sci 24(9): 329−332

 Dodge  J,  Ilharco  G,  Schwartz  R,  Farhadi  A,  Hajishirzi  H,  Smith  N
(2020)  Fine-tuning  pretrained  language  models:  weight
initializations,  data  orders,  and  early  stopping.  arXiv.
https://doi.org/10.48550/arXiv.2002.06305

 Dong K, Zhang S (2022) Deciphering Spatial domains from spatially
resolved  transcriptomics  with  an  adaptive  graph  attention

auto-encoder.  Nat  Commun  13(1):  1739.  https://doi.org/
10.1038/s41467-022-29439-6

 Dong L, Yang N, Wang W, Wei F, Liu X, Wang Y, Gao J, Zhou M, Hon
H-W  (2019)  Unified  language  model  pre-training  for  natural
language understanding and generation. arXiv. https://doi.org/
10.48550/arXiv.1905.03197

 Elnaggar  A,  Heinzinger  M,  Dallago  C,  Rehawi  G,  Wang  Y,  Jones  L,
Gibbs T, Fehér TB, Angerer C, Steinegger M, Bhowmik D, Rost B
(2022) ProtTrans: towards cracking the language of lifes code
through  self-supervised  deep  learning  and  high  performance
computing.  IEEE  Trans  Pattern  Anal  Mach  Intell  44(10):
7112−7127

 Elosua-Bayes M, Nieto P, Mereu E, Gut I,  Heyn H (2021) SPOTlight:
seeded NMF regression to deconvolute spatial transcriptomics
spots with single-cell transcriptomes. Nucleic Acids Res 49(9):
e50. https://doi.org/10.1093/nar/gkab043

 Ethayarajh  K  (2019)  How  contextual  are  contextualized  word
representations? comparing the geometry of BERT, ELMo, and
GPT-2 embeddings. In: Proceedings of the 2019 Conference on
Empirical Methods in Natural Language Processing and the 9th
International Joint Conference on Natural Language Processing
(EMNLP-IJCNLP). pp. 55–65

 Ferri-Borgogno  S,  Zhu  Y,  Sheng  J,  Burks  JK,  Gomez  JA,  Wong  KK,
Wong  STC,  Mok  SC  (2023)  Spatial  transcriptomics  depict
ligand-receptor  cross-talk  heterogeneity  at  the  tumor-stroma
interface  in  long-term  ovarian  cancer  survivors.  Cancer  Res
83(9): 1503−1516

 Ferruz  N,  Schmidt  S,  Höcker  B  (2022)  ProtGPT2  is  a  deep
unsupervised language model for protein design. Nat Commun
13(1): 4348. https://doi.org/10.1038/s41467-022-32007-7

 Fu H, Xu H, Chong K, Li M, Ang KS, Lee HK, Ling J, Chen A, Shao L, Liu
L,  Chen  J  (2021)  Unsupervised  spatially  embedded  deep
representation  of  spatial  transcriptomics.  bioRxiv.  https://
doi.org/10.1101/2021.06.15.448542

 Gao Z,  Jiang  C,  Zhang J,  Jiang  X,  Li  L,  Zhao P,  Yang H,  Huang Y,  Li  J
(2023)  Hierarchical  graph  learning  for  protein–protein
interaction.  Nat  Commun  14(1):  1093.  https://doi.org/
10.1038/s41467-023-36736-1

 Golkov,  Vladimir,  Marcin  J.  Skwark,  Antonij  Golkov,  Alexey
Dosovitskiy,  Thomas  Brox,  Jens  Meiler,  and  Daniel  Cremers
(2016)  Protein  contact  prediction  from  amino  acid  co-
evolution  using  convolutional  networks  for  graph-valued
images.  In:  Proceedings  of  the  30th  International  Conference
on Neural Information Processing Systems. pp. 4222–4230

 Goodsell  DS,  Zardecki  C,  Di  Costanzo  L,  Duarte  JM,  Hudson  BP,
Persikova I, Segura J, Shao C, Voigt M, Westbrook JD, Young JY,
Burley  SK  (2020)  RCSB  Protein  Data  Bank:  enabling
biomedical  research  and  drug  discovery.  Protein  Sci  29(1):
52−65

 Hao M, Gong J, Zeng X, Liu C, Guo Y, Cheng X, Wang T, Ma J, Song L,
Zhang  X  (2023)  Large  scale  foundation  model  on  single-cell
transcriptomics.  bioRxiv. https://doi.org/10.1101/2023.05.29.
542705

 Hartl  FU  (2017)  Protein  misfolding  diseases.  Annu  Rev  Biochem
86(1): 21−26

 He  B,  Mortuza  SM,  Wang  Y,  Shen  HB,  Zhang  Y  (2017)  NeBcon:
protein contact  map prediction using neural  network training
coupled  with  naïve  Bayes  classifiers.  Bioinformatics  33(15):
2296−2306

 He  K,  Gkioxari  G,  Dollar  P,  Girshick  R  (2020)  Mask  R-CNN.  IEEE
Trans Pattern Anal Mach Intell 42(2): 386−397

 He K, Zhang X, Ren S, Sun J (2016) Deep residual learning for image
recognition. In: 2016 IEEE Conference on Computer Vision and
Pattern Recognition (CVPR). pp. 770–778

 Heinzinger M, Elnaggar A, Wang Y, Dallago C, Nechaev D, Matthes F,

REVIEW Y. Si et al.

148  |  June 2024  |  Volume 10  |  Issue 3 © The Author(s) 2024

https://doi.org/10.48550/arXiv.2204.00300
https://doi.org/10.48550/arXiv.2204.00300
https://doi.org/10.1016/j.gpb.2021.04.001
https://doi.org/10.1016/j.gpb.2021.04.001
https://doi.org/10.1016/j.cell.2020.06.038
https://doi.org/10.1038/s41587-022-01432-w
https://doi.org/10.1038/s41587-022-01432-w
https://doi.org/10.1186/s13059-018-1459-4
https://doi.org/10.1186/s13059-018-1459-4
https://doi.org/10.1186/s13059-018-1459-4
https://doi.org/10.1186/s13059-018-1459-4
https://doi.org/10.1186/s13059-018-1459-4
https://doi.org/10.1186/s13059-018-1459-4
https://doi.org/10.1186/s13059-018-1459-4
https://doi.org/10.1186/s13059-018-1459-4
https://doi.org/10.1186/s13059-018-1459-4
https://doi.org/ https://doi.org/10.1101/2022.11.20.517285
https://doi.org/ https://doi.org/10.1101/2022.11.20.517285
https://doi.org/ https://doi.org/10.1101/2022.11.20.517285
https://doi.org/ https:// doi.org/10.1038/s41592-024-02201-0
https://doi.org/ https:// doi.org/10.1038/s41592-024-02201-0
https://doi.org/ https:// doi.org/10.1038/s41592-024-02201-0
https://doi.org/ https:// doi.org/10.1038/s41592-024-02201-0
https://doi.org/ https:// doi.org/10.1038/s41592-024-02201-0
https://doi.org/ https:// doi.org/10.1038/s41592-024-02201-0
https://doi.org/ https:// doi.org/10.1038/s41592-024-02201-0
https://doi.org/ https:// doi.org/10.1038/s41592-024-02201-0
https://doi.org/ https:// doi.org/10.1038/s41592-024-02201-0
https://doi.org/10.1093/nar/gkz172
https://doi.org/10.1093/nar/gkz172
https://doi.org/ https://doi.org/10.1101/2023.01.11.523679
https://doi.org/ https://doi.org/10.1101/2023.01.11.523679
https://doi.org/ https://doi.org/10.1101/2023.01.11.523679
https://doi.org/10.1016/j.csbj.2018.10.009
https://doi.org/10.1016/S0968-0004(99)01445-0
https://doi.org/https://doi.org/10.48550/arXiv.2002.06305
https://doi.org/10.1038/s41467-022-29439-6
https://doi.org/10.1038/s41467-022-29439-6
https://doi.org/10.1038/s41467-022-29439-6
https://doi.org/10.1038/s41467-022-29439-6
https://doi.org/10.1038/s41467-022-29439-6
https://doi.org/10.1038/s41467-022-29439-6
https://doi.org/10.1038/s41467-022-29439-6
https://doi.org/10.1038/s41467-022-29439-6
https://doi.org/10.1038/s41467-022-29439-6
https://doi.org/10.48550/arXiv.1905.03197
https://doi.org/10.48550/arXiv.1905.03197
https://doi.org/10.1109/TPAMI.2021.3095381
https://doi.org/10.1093/nar/gkab043
https://doi.org/10.1093/nar/gkab043
https://doi.org/10.1158/0008-5472.CAN-22-1821
https://doi.org/10.1038/s41467-022-32007-7
https://doi.org/10.1038/s41467-022-32007-7
https://doi.org/10.1038/s41467-022-32007-7
https://doi.org/10.1038/s41467-022-32007-7
https://doi.org/10.1038/s41467-022-32007-7
https://doi.org/10.1038/s41467-022-32007-7
https://doi.org/10.1038/s41467-022-32007-7
https://doi.org/10.1038/s41467-022-32007-7
https://doi.org/https://doi.org/10.1101/2021.06.15.448542
https://doi.org/https://doi.org/10.1101/2021.06.15.448542
https://doi.org/10.1038/s41467-023-36736-1
https://doi.org/10.1038/s41467-023-36736-1
https://doi.org/10.1038/s41467-023-36736-1
https://doi.org/10.1038/s41467-023-36736-1
https://doi.org/10.1038/s41467-023-36736-1
https://doi.org/10.1038/s41467-023-36736-1
https://doi.org/10.1038/s41467-023-36736-1
https://doi.org/10.1038/s41467-023-36736-1
https://doi.org/10.1038/s41467-023-36736-1
https://doi.org/10.1002/pro.3730
https://doi.org/ https://doi.org/10.1101/2023.05.29.542705
https://doi.org/ https://doi.org/10.1101/2023.05.29.542705
https://doi.org/ https://doi.org/10.1101/2023.05.29.542705
https://doi.org/10.1146/annurev-biochem-061516-044518
https://doi.org/10.1093/bioinformatics/btx164
https://doi.org/10.1109/TPAMI.2018.2844175
https://doi.org/10.1109/TPAMI.2018.2844175


Rost B (2019) Modeling aspects of the language of life through
transfer-learning  protein  sequences.  BMC  Bioinformatics
20(1): 723. https://doi.org/10.1186/s12859-019-3220-8

 Henderson  B,  Pockley  AG  (2010)  Molecular  chaperones  and
protein-folding catalysts as intercellular signaling regulators in
immunity and inflammation. J Leukoc Biol 88(3): 445−462

 Hesslow  D,  Zanichelli  N,  Notin  P,  Poli  I,  Marks  D  (2022)  RITA:  a
study on scaling up generative protein sequence models. arXiv.
https://doi.org/10.48550/arXiv.2205.05789

 Hong Y, Lee J, Ko J (2022) A-Prot: protein structure modeling using
MSA  transformer.  BMC  Bioinformatics  23(1):  93.  https://
doi.org/10.1186/s12859-022-04628-8

 Hu  J,  Li  X,  Coleman  K,  Schroeder  A,  Ma  N,  Irwin  DJ,  Lee  EB,
Shinohara  RT,  Li  M  (2021)  SpaGCN:  integrating  gene
expression,  spatial  location  and  histology  to  identify  spatial
domains  and  spatially  variable  genes  by  graph  convolutional
network. Nat Methods 18(11): 1342−1351

 Iacono  G,  Massoni-Badosa  R,  Heyn  H  (2019)  Single-cell
transcriptomics  unveils  gene  regulatory  network  plasticity.
Genome  Biol  20(1):  110.  https://doi.org/10.1186/s13059-
019-1713-1714

 Jankowsky  E,  Harris  ME  (2015)  Specificity  and  nonspecificity  in
RNA–protein  interactions.  Nat  Rev  Mol  Cell  Biol  16(9):
533−544

 Ji  Y,  Zhou  Z,  Liu  H,  Davuluri  RV  (2021)  DNABERT:  pre-trained
bidirectional  encoder  representations  from  transformers
model  for  DNA-language  in  genome.  Bioinformatics  37(15):
2112−2120

 Jones  DT,  Singh  T,  Kosciolek  T,  Tetchner  S  (2015)  MetaPSICOV:
combining  coevolution  methods  for  accurate  prediction  of
contacts  and  long  range  hydrogen  bonding  in  proteins.
Bioinformatics (Oxford, England) 31(7): 999−1006

 Joshi  V,  Peters  M,  Hopkins  M (2018)  Extending a  parser  to  distant
domains  using  a  few  dozen  partially  annotated  examples.
arXiv. https://doi.org/10.48550/arXiv.1805.06556

 Jovic  D,  Liang X,  Zeng H,  Lin  L,  Xu F,  Luo Y (2022) Single-cell  RNA
Sequencing  technologies  and  applications:  a  brief  overview.
Clin  Transl  Med  12(3):  e694.  https://doi.org/10.1002/
ctm2.694

 Ju  F,  Zhu  J,  Shao  B,  Kong  L,  Liu  TY,  Zheng  WM,  Bu  D  (2021)
CopulaNet:  learning  residue  co-evolution  directly  from
multiple  sequence  alignment  for  protein  structure  prediction.
Nat  Commun  12(1):  2535.  https://doi.org/10.1038/s41467-
021-22869-8

 Jumper  J,  Evans  R,  Pritzel  A,  Green T,  Figurnov  M,  Ronneberger  O,
Tunyasuvunakool K,  Bates R,  Žídek A, Potapenko A, Bridgland
A, Meyer C,  Kohl SAA, Ballard AJ,  Cowie A, Romera-Paredes B,
Nikolov S, Jain R, Adler J, Back T, Petersen S, Reiman D, Clancy
E,  Zielinski  M,  Steinegger  M,  Pacholska  M,  Berghammer  T,
Bodenstein  S,  Silver  D,  Vinyals  O,  Senior  AW,  Kavukcuoglu  K,
Kohli  P,  Hassabis  D  (2021) Highly  accurate  protein  structure
prediction with AlphaFold. Nature 596(7873): 583−589

 Kim  DE,  Dimaio  F,  Yu-Ruei  Wang  R,  Song  Y,  Baker  D  (2014)  One
contact  for  every  twelve  residues  allows  robust  and  accurate
topology-level  protein  structure  modeling.  Proteins  82(S2):
208−218

 Klein  T,  Nabi  M  (2019)  Learning  to  answer  by  learning  to  ask:
getting  the  best  of  GPT-2  and  BERT  worlds.  arXiv.
https://doi.org/10.48550/arXiv.1911.02365

 Kleshchevnikov  V,  Shmatko  A,  Dann  E,  Aivazidis  A,  King  HW,  Li  T,
Elmentaite R, Lomakin A, Kedlian V, Gayoso A, Jain MS, Park JS,
Ramona L, Tuck E, Arutyunyan A, Vento-Tormo R, Gerstung M,
James  L,  Stegle  O,  Bayraktar  OA  (2022)  Cell2location  maps
fine-grained  cell  types  in  spatial  transcriptomics.  Nat
Biotechnol 40(5): 661−671

 Kolodziejczyk  AA,  Kim  JK,  Svensson  V,  Marioni  JC,  Teichmann  SA
(2015)  The  technology  and  biology  of  single-cell  RNA
sequencing. Mol Cell 58(4): 610−620

 Kulmanov  M,  Hoehndorf  R  (2020) DeepGOPlus:  improved  protein
function  prediction  from  sequence.  Bioinformatics  36(2):
422−429

 Lecun  Y,  Bottou  L,  Bengio  Y,  Haffner  P  (1998)  Gradient-based
learning  applied  to  document  recognition.  Proc  IEEE  86(11):
2278−2324

 Lenz S, Sinn LR, O'Reilly FJ, Fischer L, Wegner F, Rappsilber J (2021)
Reliable  identification  of  protein-protein  interactions  by
crosslinking  mass  spectrometry.  Nat  Communs  12(1):  3564.
https://doi.org/10.1038/s41467-021-23666-z

 Li  J,  Chen  S,  Pan  X,  Yuan  Y,  Shen  HB  (2022a)  Cell  clustering  for
spatial  transcriptomics  data  with  graph  neural  networks. Nat
Comput Sci 2(6): 399−408

 Li JH, Liu S, Zhou H, Qu LH, Yang JH (2014) starBase v2.0: decoding
miRNA-ceRNA,  miRNA-ncRNA  and  protein–RNA  interaction
networks  from  large-scale  CLIP-seq  data.  Nucleic  Acids  Res
42(D1): D92−97

 Li X, Han P, Chen W, Gao C, Wang S, Song T, Niu M, Rodriguez-Patón
A  (2022b)  MARPPI:  boosting  prediction  of  protein–protein
interactions  with  multi-scale  architecture  residual  network.
Briefings  Bioinform 24(1): bbac524. https://doi.org/10.1093/
bib/bbac524

 Li Y, Zhang C, Feng C, Pearce R, Lydia Freddolino P, Zhang Y (2023)
Integrating  end-to-end  learning  with  deep  geometrical
potentials for ab initio RNA structure prediction. Nat Commun
14(1): 5745. https://doi.org/10.1038/s41467-023-41303-9

 Limo  MJ,  Sola-Rabada  A,  Boix  E,  Thota  V,  Westcott  ZC,  Puddu  V,
Perry  CC  (2018)  Interactions  between  metal  oxides  and
biomolecules:  from  fundamental  understanding  to
applications. Chem Rev 118(22): 11118−11193

 Lin  Z,  Akin  H,  Rao  R,  Hie  B,  Zhu  Z,  Lu  W,  Smetanin  N,  Verkuil  R,
Kabeli O, Shmueli Y, Dos Santos Costa A, Fazel-Zarandi M, Sercu
T,  Candido  S,  Rives  A  (2023) Evolutionary-scale  prediction  of
atomic-level  protein  structure  with  a  language model. Science
379(6637): 1123−1130

 Liu  L,  Li  W,  Wong  K-C,  Yang  F,  Yao  J  (2023)  A  pre-trained  large
generative  model  for  translating  single-cell  transcriptome  to
proteome.  bioRxiv.  https://doi.org/10.1101/2023.07.04.
547619

 Liu T, Fang ZY, Zhang Z, Yu Y, Li M, Yin MZ (2024) A comprehensive
overview  of  graph  neural  network-based  approaches  to
clustering  for  spatial  transcriptomics.  Comput  Struct
Biotechnol J 23: 106−128

 Long  Y,  Ang  KS,  Li  M,  Chong  KLK,  Sethi  R,  Zhong  C,  Xu  H,  Ong  Z,
Sachaphibulkij K, Chen A, Zeng L, Fu H, Wu M, Lim LHK, Liu L,
Chen  J  (2023)  Spatially  informed  clustering,  integration,  and
deconvolution  of  spatial  transcriptomics  with  GraphST.  Nat
Commun  14(1):  1155.  https://doi.org/10.1038/s41467-023-
36796-3

 Lu  H,  Zhou  Q,  He  J,  Jiang  Z,  Peng  C,  Tong  R,  Shi  J  (2020)  Recent
advances  in  the  development  of  protein–protein  interactions
modulators:  mechanisms  and  clinical  trials.  Signal  Transduct
Target  Ther  5(1):  213.  https://doi.org/10.1038/s41392-020-
00315-3

 Madani  A,  Krause  B,  Greene  ER,  Subramanian  S,  Mohr  BP,  Holton
JM,  Olmos  JL  Jr,  Xiong  C,  Sun  ZZ,  Socher  R,  Fraser  JS,  Naik  N
(2023)  Large  language  models  generate  functional  protein
sequences  across  diverse  families.  Nat  Biotechnol  41(8):
1099−1106

 Mann M, Wright PR, Backofen R (2017) IntaRNA 2.0: enhanced and
customizable  prediction  of  RNA–RNA  interactions.  Nucleic
Acids Res 45(W1): W435−W439

Foundation models in molecular biology REVIEW

© The Author(s) 2024 149  |  June 2024  |  Volume 10  |  Issue 3

https://doi.org/10.1186/s12859-019-3220-8
https://doi.org/10.1186/s12859-019-3220-8
https://doi.org/10.1186/s12859-019-3220-8
https://doi.org/10.1186/s12859-019-3220-8
https://doi.org/10.1186/s12859-019-3220-8
https://doi.org/10.1186/s12859-019-3220-8
https://doi.org/10.1186/s12859-019-3220-8
https://doi.org/10.1186/s12859-019-3220-8
https://doi.org/10.1189/jlb.1209779
https://doi.org/ https://doi.org/10.48550/arXiv.2205.05789
https://doi.org/10.1186/s12859-022-04628-8
https://doi.org/10.1186/s12859-022-04628-8
https://doi.org/10.1186/s12859-022-04628-8
https://doi.org/10.1186/s12859-022-04628-8
https://doi.org/10.1186/s12859-022-04628-8
https://doi.org/10.1186/s12859-022-04628-8
https://doi.org/10.1186/s12859-022-04628-8
https://doi.org/10.1186/s12859-022-04628-8
https://doi.org/10.1038/s41592-021-01255-8
https://doi.org/10.1186/s13059-019-1713-1714
https://doi.org/10.1186/s13059-019-1713-1714
https://doi.org/10.1186/s13059-019-1713-1714
https://doi.org/10.1186/s13059-019-1713-1714
https://doi.org/10.1186/s13059-019-1713-1714
https://doi.org/10.1186/s13059-019-1713-1714
https://doi.org/10.1186/s13059-019-1713-1714
https://doi.org/10.1186/s13059-019-1713-1714
https://doi.org/10.1038/nrm4032
https://doi.org/10.1093/bioinformatics/btab083
https://doi.org/ https://doi.org/10.48550/arXiv.1805.06556
https://doi.org/ https://doi.org/10.48550/arXiv.1805.06556
https://doi.org/10.1002/ctm2.694
https://doi.org/10.1002/ctm2.694
https://doi.org/10.1002/ctm2.694
https://doi.org/10.1038/s41467-021-22869-8
https://doi.org/10.1038/s41467-021-22869-8
https://doi.org/10.1038/s41467-021-22869-8
https://doi.org/10.1038/s41467-021-22869-8
https://doi.org/10.1038/s41467-021-22869-8
https://doi.org/10.1038/s41467-021-22869-8
https://doi.org/10.1038/s41467-021-22869-8
https://doi.org/10.1038/s41467-021-22869-8
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1002/prot.24374
https://doi.org/https://doi.org/10.48550/arXiv.1911.02365
https://doi.org/10.1038/s41587-021-01139-4
https://doi.org/10.1038/s41587-021-01139-4
https://doi.org/10.1016/j.molcel.2015.04.005
https://doi.org/10.1093/bioinformatics/btz595
https://doi.org/10.1109/5.726791
https://doi.org/10.1038/s41467-021-23666-z
https://doi.org/10.1038/s41467-021-23666-z
https://doi.org/10.1038/s41467-021-23666-z
https://doi.org/10.1038/s41467-021-23666-z
https://doi.org/10.1038/s41467-021-23666-z
https://doi.org/10.1038/s41467-021-23666-z
https://doi.org/10.1038/s41467-021-23666-z
https://doi.org/10.1038/s41467-021-23666-z
https://doi.org/10.1038/s43588-022-00266-5
https://doi.org/10.1038/s43588-022-00266-5
https://doi.org/10.1093/bib/bbac524
https://doi.org/10.1093/bib/bbac524
https://doi.org/10.1093/bib/bbac524
https://doi.org/10.1038/s41467-023-41303-9
https://doi.org/10.1038/s41467-023-41303-9
https://doi.org/10.1038/s41467-023-41303-9
https://doi.org/10.1038/s41467-023-41303-9
https://doi.org/10.1038/s41467-023-41303-9
https://doi.org/10.1038/s41467-023-41303-9
https://doi.org/10.1038/s41467-023-41303-9
https://doi.org/10.1038/s41467-023-41303-9
https://doi.org/10.1021/acs.chemrev.7b00660
https://doi.org/10.1126/science.ade2574
https://doi.org/https://doi.org/10.1101/2023.07.04.547619
https://doi.org/https://doi.org/10.1101/2023.07.04.547619
https://doi.org/10.1016/j.csbj.2023.11.055
https://doi.org/10.1016/j.csbj.2023.11.055
https://doi.org/10.1038/s41467-023-36796-3
https://doi.org/10.1038/s41467-023-36796-3
https://doi.org/10.1038/s41467-023-36796-3
https://doi.org/10.1038/s41467-023-36796-3
https://doi.org/10.1038/s41467-023-36796-3
https://doi.org/10.1038/s41467-023-36796-3
https://doi.org/10.1038/s41467-023-36796-3
https://doi.org/10.1038/s41467-023-36796-3
https://doi.org/10.1038/s41467-023-36796-3
https://doi.org/10.1038/s41392-020-00315-3
https://doi.org/10.1038/s41392-020-00315-3
https://doi.org/10.1038/s41392-020-00315-3
https://doi.org/10.1038/s41392-020-00315-3
https://doi.org/10.1038/s41392-020-00315-3
https://doi.org/10.1038/s41392-020-00315-3
https://doi.org/10.1038/s41392-020-00315-3
https://doi.org/10.1038/s41392-020-00315-3
https://doi.org/10.1038/s41392-020-00315-3
https://doi.org/10.1038/s41587-022-01618-2


 McDowall  MD,  Scott  MS,  Barton  GJ  (2009)  PIPs:  human
protein–protein interaction prediction database. Nucleic  Acids
Res 37(suppl_1): D651−D656

 Mirdita  M,  von  den  Driesch  L,  Galiez  C,  Martin  MJ,  Söding  J,
Steinegger  M  (2017)  Uniclust  databases  of  clustered  and
deeply  annotated  protein  sequences  and  alignments.  Nucleic
Acids Res 45(D1): D170−D176

 Mistry  J,  Chuguransky  S,  Williams  L,  Qureshi  M,  Salazar  GA,
Sonnhammer ELL, Tosatto SCE, Paladin L, Raj S, Richardson LJ,
Finn  RD,  Bateman  A  (2021)  Pfam:  the  protein  families
database in 2021. Nucleic Acids Res 49(D1): D412−D419

 Moreno P,  Fexova  S,  George  N,  Manning  JR,  Miao  Z,  Mohammed S,
Muñoz-Pomer A, Fullgrabe A, Bi Y, Bush N, Iqbal H, Kumbham
U,  Solovyev  A,  Zhao  L,  Prakash  A,  García-Seisdedos  D,  Kundu
DJ, Wang S, Walzer M, Clarke L, Osumi-Sutherland D, Tello-Ruiz
MK,  Kumari  S,  Ware  D,  Eliasova  J,  Arends  MJ,  Nawijn  MC,
Meyer  K,  Burdett  T,  Marioni  J,  Teichmann  S,  Vizcaíno  JA,
Brazma  A,  Papatheodorou  I  (2022)  Expression  atlas  update:
gene and protein expression in multiple species. Nucleic Acids
Res 50(D1): D129−D140

 NCBI  Resource  Coordinators  (2014)  Database  resources  of  the
national  center  for  biotechnology  information.  Nucleic  Acids
Rese 42(D1): D7−D17

 Nguyen TC, Cao X, Yu P, Xiao S,  Lu J,  Biase FH, Sridhar B, Huang N,
Zhang K, Zhong S (2016) Mapping RNA–RNA interactome and
RNA  structure  in  vivo  by  MARIO.  Nat  Commun  7(1):  12023.
https://doi.org/10.1038/ncomms12023

 Nooren  IMA,  Thornton  JM  (2003)  Diversity  of  protein–protein
interactions. EMBO J 22(14): 3486−3492

 Oughtred  R,  Rust  J,  Chang  C,  Breitkreutz  BJ,  Stark  C,  Willems  A,
Boucher  L,  Leung  G,  Kolas  N,  Zhang  F,  Dolma  S,  Coulombe-
Huntington J,  Chatr-Aryamontri  A,  Dolinski K,  Tyers M (2021)
The  BioGRID  database:  a  comprehensive  biomedical  resource
of  curated  protein,  genetic,  and  chemical  interactions. Protein
Sci 30(1): 187−200

 Pang  Y,  Liu  B  (2023)  IDP-LM:  prediction  of  protein  intrinsic
disorder  and  disorder  functions  based  on  language  models.
PLoS  Computat  Biol  19(11):  e1011657.  https://doi.org/
10.1371/journal.pcbi.1011657

 Peters  ME,  Neumann  M,  Iyyer  M,  Gardner  M,  Clark  C,  Lee  K,
Zettlemoyer  L  (2018)  Deep  contextualized  word
representations. In: Proceedings of the 2018 Conference of the
North American Chapter of  the Association for  Computational
Linguistics:  Human  Language  Technologies,  Vol.  1  (Long
Papers). pp. 2227–2237

 Pokharel  S,  Pratyush  P,  Heinzinger  M,  Newman  RH,  Kc  DB  (2022)
Improving  protein  succinylation  sites  prediction  using
embeddings from protein language model. Sci  Rep 12: 16933.
https://doi.org/10.1038/s41598-022-21366-2

 Puton  T,  Kozlowski  L,  Tuszynska  I,  Rother  K,  Bujnicki  JM  (2012)
Computational  methods  for  prediction  of  protein–RNA
interactions. J Struct Biol 179(3): 261−268

 Radford A, Narasimhan K, Salimans T, Sutskever I (2018) Improving
language  understanding  by  generative  pre-training.
https://openai-assets.s3.amazonaws.com/research-
covers/language-unsupervised/language_understanding_
paper.pdf

 Radford  A,  Wu  J,  Child  R,  Luan  D,  Amodei  D,  Sutskever  I  (2019)
Language  models  are  unsupervised  multitask  learners.
https://cdn.openai.com/better-language-models/language_
models_are_unsupervised_multitask_learners.pdf

 Raffel C, Shazeer N, Roberts A, Lee K, Narang S, Matena M, Zhou Y, Li
W, Liu PJ (2019) Exploring the limits of transfer learning with a
unified  text-to-text  transformer.  arXiv.  https://doi.org/
10.48550/arXiv.1910.10683

 Ramanathan  M,  Porter  DF,  Khavari  PA  (2019)  Methods  to  study
RNA–protein interactions. Nat Methods 16(3): 225−234

 Rao R, Bhattacharya N, Thomas N, Duan Y, Chen X, Canny J, Abbeel
P,  Song  YS  (2019)  Evaluating  protein  transfer  learning  with
TAPE. Adv Neural Inf Process Syst 32: 9689−9701

 Rao RM, Liu J, Verkuil R, Meier J, Canny J, Abbeel P, Sercu T, Rives A
(2021)  MSA  Transformer.  In:  Proceedings  of  the  38th
International Conference on Machine Learning. pp. 8844–8856

 Rao  VS,  Srinivas  K,  Sujini  GN,  Kumar  GN  (2014)  Protein-protein
interaction  detection:  methods  and  analysis.  Int  J  Proteomics
2014: 147648. https://doi.org/10.1155/2014/147648

 Rives A, Meier J,  Sercu T, Goyal S, Lin Z, Liu J,  Guo D, Ott M, Zitnick
CL,  Ma  J,  Fergus  R  (2021)  Biological  structure  and  function
emerge  from  scaling  unsupervised  learning  to  250  million
protein  sequences.  Proc  Natl  Acad  Sci  USA  118(15):
e2016239118. https://doi.org/10.1073/pnas.2016239118

 Rodriques  SG,  Stickels  RR,  Goeva  A,  Martin  CA,  Murray  E,
Vanderburg CR, Welch J, Chen LM, Chen F, Macosko EZ (2019)
Slide-seq:  a  scalable  technology  for  measuring  genome-wide
expression  at  high  spatial  resolution.  Science  363(6434):
1463−1467

 Rual JF, Venkatesan K, Hao T, Hirozane-Kishikawa T, Dricot A, Li N,
Berriz  GF,  Gibbons  FD,  Dreze  M,  Ayivi-Guedehoussou  N,
Klitgord  N,  Simon  C,  Boxem  M,  Milstein  S,  Rosenberg  J,
Goldberg DS, Zhang LV, Wong SL, Franklin G, Li S, Albala JS, Lim
J, Fraughton C, Llamosas E, Cevik S, Bex C, Lamesch P, Sikorski
RS, Vandenhaute J, Zoghbi HY, Smolyar A, Bosak S, Sequerra R,
Doucette-Stamm L, Cusick ME, Hill DE, Roth FP, Vidal M (2005)
Towards a proteome-scale map of the human protein–protein
interaction network. Nature 437(7062): 1173−1178

 Senior AW, Evans R, Jumper J, Kirkpatrick J, Sifre L, Green T, Qin C,
Žídek  A,  Nelson  AWR,  Bridgland  A,  Penedones  H,  Petersen  S,
Simonyan  K,  Crossan  S,  Kohli  P,  Jones  DT,  Silver  D,
Kavukcuoglu K, Hassabis D (2020) Improved protein structure
prediction  using  potentials  from  deep  learning.  Nature
577(7792): 706−710

 Shah S, Takei Y, Zhou W, Lubeck E, Yun J, Eng CL, Koulena N, Cronin
C, Karp C, Liaw EJ, Amin M, Cai L (2018) Dynamics and spatial
genomics of the nascent transcriptome by intron seqFISH. Cell
174(2): 363−376

 Singh R,  Devkota K,  Sledzieski S,  Berger B,  Cowen L (2022) Topsy-
Turvy:  integrating  a  global  view  into  sequence-based  PPI
prediction. Bioinformatics 38(Suppl_1): i264−i272

 Sledzieski S, Singh R, Cowen L, Berger B (2021) D-SCRIPT translates
genome  to  phenome  with  sequence-based,  structure-aware,
genome-scale  predictions  of  protein-protein  interactions.  Cell
Systems 12(10): 969−682

 Song  Q,  Su  J  (2021)  DSTG:  deconvoluting  spatial  transcriptomics
data through graph-based artificial intelligence. BriefBioinform
22(5): bbaa414. https://doi.org/10.1093/bib/bbaa414

 Stickels RR, Murray E, Kumar P, Li J, Marshall JL, Di Bella DJ, Arlotta
P,  Macosko  EZ,  Chen  F  (2021)  Highly  sensitive  spatial
transcriptomics  at  near-cellular  resolution  with  Slide-seqV2.
Nat Biotechnol 39(3): 313−319

 Tang  Z,  Li  Z,  Hou  T,  Zhang  T,  Yang  B,  Su  J,  Song  Q  (2023)  SiGra:
single-cell  spatial  elucidation  through  an  image-augmented
graph transformer. Nat Commun 14(1): 5618. https://doi.org/
10.1038/s41467-023-41437-w

 The  RNAcentral  Consortium  (2019)  RNAcentral:  a  hub  of
information for non-coding RNA sequences. Nucleic  Acids Res
47(D1): D221−D229

 Theodoris  CV,  Xiao  L,  Chopra  A,  Chaffin  MD,  Al  Sayed  ZR,  Hill  MC,
Mantineo  H,  Brydon  EM,  Zeng  Z,  Liu  XS,  Ellinor  PT  (2023)
Transfer  learning  enables  predictions  in  network  biology.
Nature 618(7965): 616−624

REVIEW Y. Si et al.

150  |  June 2024  |  Volume 10  |  Issue 3 © The Author(s) 2024

https://doi.org/10.1093/nar/gkw1081
https://doi.org/10.1093/nar/gkw1081
https://doi.org/10.1093/nar/gkaa913
https://doi.org/10.1093/nar/gkab1030
https://doi.org/10.1093/nar/gkab1030
https://doi.org/10.1093/nar/gkt1146
https://doi.org/10.1093/nar/gkt1146
https://doi.org/10.1038/ncomms12023
https://doi.org/10.1038/ncomms12023
https://doi.org/10.1093/emboj/cdg359
https://doi.org/10.1002/pro.3978
https://doi.org/10.1002/pro.3978
https://doi.org/10.1371/journal.pcbi.1011657
https://doi.org/10.1371/journal.pcbi.1011657
https://doi.org/10.1371/journal.pcbi.1011657
https://doi.org/10.1038/s41598-022-21366-2
https://doi.org/10.1038/s41598-022-21366-2
https://doi.org/10.1038/s41598-022-21366-2
https://doi.org/10.1038/s41598-022-21366-2
https://doi.org/10.1038/s41598-022-21366-2
https://doi.org/10.1038/s41598-022-21366-2
https://doi.org/10.1038/s41598-022-21366-2
https://doi.org/10.1038/s41598-022-21366-2
https://doi.org/10.1016/j.jsb.2011.10.001
https://openai-assets.s3.amazonaws.com/research-covers/language-unsupervised/language_understanding_paper.pdf
https://openai-assets.s3.amazonaws.com/research-covers/language-unsupervised/language_understanding_paper.pdf
https://openai-assets.s3.amazonaws.com/research-covers/language-unsupervised/language_understanding_paper.pdf
https://openai-assets.s3.amazonaws.com/research-covers/language-unsupervised/language_understanding_paper.pdf
https://openai-assets.s3.amazonaws.com/research-covers/language-unsupervised/language_understanding_paper.pdf
https://openai-assets.s3.amazonaws.com/research-covers/language-unsupervised/language_understanding_paper.pdf
https://openai-assets.s3.amazonaws.com/research-covers/language-unsupervised/language_understanding_paper.pdf
https://openai-assets.s3.amazonaws.com/research-covers/language-unsupervised/language_understanding_paper.pdf
https://cdn.openai.com/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://cdn.openai.com/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://cdn.openai.com/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://cdn.openai.com/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://cdn.openai.com/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://cdn.openai.com/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://doi.org/10.48550/arXiv.1910.10683
https://doi.org/10.48550/arXiv.1910.10683
https://doi.org/10.1038/s41592-019-0330-1
https://doi.org/10.1155/2014/147648
https://doi.org/10.1155/2014/147648
https://doi.org/10.1073/pnas.2016239118
https://doi.org/10.1073/pnas.2016239118
https://doi.org/10.1126/science.aaw1219
https://doi.org/10.1038/nature04209
https://doi.org/10.1038/s41586-019-1923-7
https://doi.org/10.1016/j.cell.2018.05.035
https://doi.org/10.1016/j.cels.2021.08.010
https://doi.org/10.1016/j.cels.2021.08.010
https://doi.org/10.1093/bib/bbaa414
https://doi.org/10.1093/bib/bbaa414
https://doi.org/10.1038/s41587-020-0739-1
https://doi.org/10.1038/s41467-023-41437-w
https://doi.org/10.1038/s41467-023-41437-w
https://doi.org/10.1038/s41467-023-41437-w
https://doi.org/10.1038/s41467-023-41437-w
https://doi.org/10.1038/s41467-023-41437-w
https://doi.org/10.1038/s41467-023-41437-w
https://doi.org/10.1038/s41467-023-41437-w
https://doi.org/10.1038/s41467-023-41437-w
https://doi.org/10.1038/s41467-023-41437-w
https://doi.org/10.1093/nar/gky1034
https://doi.org/10.1038/s41586-023-06139-9


 Tiwari P, Chakrabarty D (2021) Dehydrin in the past four decades:
from  chaperones  to  transcription  co-regulators  in  regulating
abiotic stress response. Curr Res Biotechnol 3: 249−259

 Umu  SU,  Gardner  PP  (2017)  A  comprehensive  benchmark  of
RNA–RNA  interaction  prediction  tools  for  all  domains  of  life.
Bioinformatics 33(7): 988−996

 Vaswani  A,  Shazeer  N,  Parmar  N,  Uszkoreit  J,  Jones  L,  Gomez  AN,
Kaiser  Ł,  Polosukhin  I  (2017)  Attention  is  all  you  need.  In:
Proceedings  of  the  31st  International  Conference  on  Neural
Information Processing Systems. pp. 6000–6010

 Verkuil R Kabeli O, Du Y, Wicky BIM, Milles LF, Dauparas J, Baker D,
Ovchinnikov  S,  Sercu  T,  Rives  A  (2022)  Language  models
generalize  beyond  natural  proteins.  bioRxiv.  https://doi.org/
10.1101/2022.12.21.521521

 Vickovic S, Eraslan G, Salmén F, Klughammer J, Stenbeck L, Schapiro
D,  Äijö  T,  Bonneau  R,  Bergenstråhle  L,  Navarro  JF,  Gould  J,
Griffin  GK,  Borg Å,  Ronaghi  M,  Frisén J,  Lundeberg J,  Regev A,
Ståhl  PL  (2019) High-definition  spatial  transcriptomics  for  in
situ tissue profiling. Nat Methods 16(10): 987−990

 Wang B, Luo J, Liu Y, Shi W, Xiong Z, Shen C, Long Y (2023a) Spatial-
MGCN:  a  novel  multi-view  graph  convolutional  network  for
identifying  spatial  domains  with  attention  mechanism.  Brief
Bioinforms  24(5):  bbad262.  https://doi.org/10.1093/
bib/bbad262

 Wang  G,  Zhao  J,  Yan  Y,  Wang  Y,  Wu  AR,  Yang  C  (2023b)
Construction  of  a  3D  whole  organism  spatial  atlas  by  joint
modelling  of  multiple  slices  with  deep  neural  networks.  Nat
Mach Intell 5(11): 1200−1213

 Wang  J,  Chen  Y,  Zou  Q  (2023c)  Inferring  gene  regulatory  network
from single-cell transcriptomes with graph autoencoder model.
PLoS Genet 19(9): e1010942. https://doi.org/10.1371/journal.
pgen.1010942

 Wang  KC,  Chang  HY  (2011)  Molecular  mechanisms  of  long
noncoding RNAs. Mol Cell 43(6): 904−914

 Wang  S,  Sun  S,  Li  Z,  Zhang  R,  Xu  J  (2017)  Accurate  de  novo
prediction  of  protein  contact  map  by  ultra-deep  learning
model.  PLoS  Comput  Biol  13(1):  1005324.  https://doi.org/
10.1371/journal.pcbi.1005324

 Wang W, Feng C, Han R, Wang Z, Ye L, Du Z, Wei H, Zhang F, Peng Z,
Yang J (2023d) trRosettaRNA: automated prediction of RNA 3D
structure  with  transformer  network.  Nat  Commun  14(1):
7266. https://doi.org/10.1038/s41467-023-42528-4

 Wang  W,  Peng  Z,  Yang  J  (2022)  Single-sequence  protein  structure
prediction  using  supervised  transformer  protein  language
models. Nat Comput Sci 2(12): 804−814

 Wang  X,  Gu  R,  Chen  Z,  Li  Y,  Ji  X,  Ke  G,  Wen  H  (2023e)  UNI-RNA:
universal  pre-trained  models  revolutionize  RNA  research.
bioRxiv. https://doi.org/10.1101/2023.07.11.548588

 Wang X, Allen WE, Wright MA, Sylwestrak EL, Samusik N, Vesuna S,
Evans  K,  Liu  C,  Ramakrishnan  C,  Liu  J,  Nolan  GP,  Bava  FA,
Deisseroth  K  (2018)  Three-dimensional  intact-tissue
sequencing  of  single-cell  transcriptional  states.  Science
361(6400):  eaat5691.  https://doi.org/10.1126/science.
aat5691

 Wang X,  He Y,  Zhang Q,  Ren X,  Zhang Z (2021) Direct comparative
analyses  of  10X  Genomics  Chromium  and  Smart-seq2.
Genomics, Proteomics Bioinformatics 19(2): 253−266

 Wen H, Tang W, Dai X,  Ding J,  Jin W, Xie Y,  Tang J  (2023) CellPLM:
pre-training of cell language model beyond single cells. bioRxiv.
https://doi.org/10.1101/2023.10.03.560734

 Wu R,  Ding  F,  Wang  R,  Shen  R,  Zhang  X,  Luo  S,  Su  C,  Wu Z,  Xie  Q,
Berger B, Ma J, Peng J (2022) High-resolution de novo structure
prediction from primary sequence. bioRxiv. https://doi.org/10.
1101/2022.07.21.500999

 Wu  Z,  Pan  S,  Chen  F,  Long  G,  Zhang  C,  Yu  PS  (2019)  A
comprehensive  survey  on  graph  neural  networks.  arXiv.
https://doi.org/10.48550/arXiv.1901.00596

 Xu  J  (2019)  Distance-based  protein  folding  powered  by  deep
learning. Proc Natl Acad Sci USA 116(34): 16856−16865

 Yang  F,  Wang  W,  Wang  F,  Fang  Y,  Tang  D,  Huang  J,  Lu  H,  Yao  J
(2022)  scBERT  as  a  large-scale  pretrained  deep  language
model for cell type annotation of single-cell RNA-seq data. Nat
Mach Intell 4(10): 852−866

 Yang  J,  Anishchenko  I,  Park  H,  Peng  Z,  Ovchinnikov  S,  Baker  D
(2020) Improved protein structure prediction using predicted
interresidue  orientations.  Proc  Natl  Acad  Sci  USA  117(3):
1496−1503

 Ye C, Zhu J, Wang J, Chen D, Meng L, Zhan Y, Yang R, He S, Li Z, Dai S,
Li  Y,  Sun S,  Shen Z,  Huang Y,  Dong R,  Chen G,  Zheng S (2022)
Single-cell  and  spatial  transcriptomics  reveal  the  fibrosis-
related  immune  landscape  of  biliary  atresia.  Clin  Transl  Med
12(11): e1070. https://doi.org/10.1002/ctm2.1070

 Zeira R,  Land M, Strzalkowski A,  Raphael BJ (2022) Alignment and
integration of spatial transcriptomics data. Nat Methods 19(5):
567−675

 Zhang  M,  Eichhorn  SW,  Zingg  B,  Yao  Z,  Cotter  K,  Zeng  H,  Dong  H,
Zhuang  X  (2021)  Spatially  resolved  cell  atlas  of  the  mouse
primary  motor  cortex  by  MERFISH.  Nature  598(7879):
137−143

 Zhang Y, Lang M, Jiang J, Gao Z, Xu F, Litfin T, Chen K, Singh J, Huang
X,  Song  G,  Tian  Y,  Zhan  J,  Chen  J,  Zhou  Y  (2023)  Multiple
sequence  alignment-based  RNA  language  model  and  its
application to structural inference. Nucleic Acids Res 52(1): e3.
https://doi.org/10.1093/nar/gkad1031

 Zheng J,  Zheng Z,  Fu C,  Weng Y,  He A,  Ye  X,  Gao W,  Tian R (2023)
Deciphering  intercellular  signaling  complexes  by  interaction-
guided  chemical  proteomics.  Nat  Communs  14(July):  4138.
https://doi.org/10.1038/s41467-023-39881-9

 Zhou X, Dong K, Zhang S (2023a) Integrating spatial transcriptomics
data  across  different  conditions,  technologies  and
developmental stages. Nat Comput Sci 3(10): 894−906

 Zhou Z,  Ji  Y,  Li  W, Dutta P,  Davuluri R,  Liu H (2023b) DNABERT-2:
efficient  foundation  model  and  benchmark  for  multi-species
genome. arXiv. https://doi.org/10.48550/arXiv.2306.15006

 Zhu  J,  Fan  Y,  Xiong  Y,  Wang  W,  Chen  J,  Xia  Y,  Lei  J,  Gong  L,  Sun  S,
Jiang  T  (2022)  Delineating  the  dynamic  evolution  from
preneoplasia  to  invasive  lung  adenocarcinoma  by  integrating
single-cell rna sequencing and spatial transcriptomics. Exp Mol
Med 54(11): 2060−2076

 Zuo  C,  Zhang  Y,  Cao  C,  Feng  J,  Jiao  M,  Chen  L  (2022)  Elucidating
tumor  heterogeneity  from  spatially  resolved  transcriptomics
data by multi-view graph collaborative learning. Nat Commun
13(1): 5962. https://doi.org/10.1038/s41467-022-33619-9

Foundation models in molecular biology REVIEW

© The Author(s) 2024 151  |  June 2024  |  Volume 10  |  Issue 3

https://doi.org/10.1016/j.crbiot.2021.07.005
https://doi.org/10.1093/bioinformatics/btw728
https://doi.org/https://doi.org/10.1101/2022.12.21.521521
https://doi.org/https://doi.org/10.1101/2022.12.21.521521
https://doi.org/10.1038/s41592-019-0548-y
https://doi.org/10.1093/bib/bbad262
https://doi.org/10.1093/bib/bbad262
https://doi.org/10.1093/bib/bbad262
https://doi.org/10.1093/bib/bbad262
https://doi.org/10.1038/s42256-023-00734-1
https://doi.org/10.1038/s42256-023-00734-1
https://doi.org/10.1371/journal.pgen.1010942
https://doi.org/10.1371/journal.pgen.1010942
https://doi.org/10.1371/journal.pgen.1010942
https://doi.org/10.1016/j.molcel.2011.08.018
https://doi.org/10.1371/journal.pcbi.1005324
https://doi.org/10.1371/journal.pcbi.1005324
https://doi.org/10.1371/journal.pcbi.1005324
https://doi.org/10.1038/s41467-023-42528-4
https://doi.org/10.1038/s41467-023-42528-4
https://doi.org/10.1038/s41467-023-42528-4
https://doi.org/10.1038/s41467-023-42528-4
https://doi.org/10.1038/s41467-023-42528-4
https://doi.org/10.1038/s41467-023-42528-4
https://doi.org/10.1038/s41467-023-42528-4
https://doi.org/10.1038/s41467-023-42528-4
https://doi.org/10.1038/s43588-022-00373-3
https://doi.org/10.1101/2023.07.11.548588
https://doi.org/10.1126/science.aat5691
https://doi.org/10.1126/science.aat5691
https://doi.org/10.1126/science.aat5691
https://doi.org/10.1016/j.gpb.2020.02.005
https://doi.org/10.1101/2023.10.03.560734
https://doi.org/https://doi.org/10.1101/2022.07.21.500999
https://doi.org/https://doi.org/10.1101/2022.07.21.500999
https://doi.org/https://doi.org/10.48550/arXiv.1901.00596
https://doi.org/10.1073/pnas.1821309116
https://doi.org/10.1038/s42256-022-00534-z
https://doi.org/10.1038/s42256-022-00534-z
https://doi.org/10.1073/pnas.1914677117
https://doi.org/10.1002/ctm2.1070
https://doi.org/10.1002/ctm2.1070
https://doi.org/10.1038/s41592-022-01459-6
https://doi.org/10.1038/s41586-021-03705-x
https://doi.org/10.1093/nar/gkad1031
https://doi.org/10.1093/nar/gkad1031
https://doi.org/10.1038/s41467-023-39881-9
https://doi.org/10.1038/s41467-023-39881-9
https://doi.org/10.1038/s41467-023-39881-9
https://doi.org/10.1038/s41467-023-39881-9
https://doi.org/10.1038/s41467-023-39881-9
https://doi.org/10.1038/s41467-023-39881-9
https://doi.org/10.1038/s41467-023-39881-9
https://doi.org/10.1038/s41467-023-39881-9
https://doi.org/10.1038/s43588-023-00528-w
https://doi.org/10.48550/arXiv.2306.15006
https://doi.org/10.1038/s12276-022-00896-9
https://doi.org/10.1038/s12276-022-00896-9
https://doi.org/10.1038/s41467-022-33619-9
https://doi.org/10.1038/s41467-022-33619-9
https://doi.org/10.1038/s41467-022-33619-9
https://doi.org/10.1038/s41467-022-33619-9
https://doi.org/10.1038/s41467-022-33619-9
https://doi.org/10.1038/s41467-022-33619-9
https://doi.org/10.1038/s41467-022-33619-9
https://doi.org/10.1038/s41467-022-33619-9

	INTRODUCTION
	LANGUAGE MODELS
	Transformer architecture
	BERT architecture
	GPT architecture

	LANGUAGE MODELS FOR PROTEINS
	Protein sequence modeling based on protein language model
	Protein sequence generation based on protein language model

	LANGUAGE MODELS FOR GENOMICS
	DNA sequence modelling based on the DNA language model
	Non-coding RNA sequence modelling based on RNA language model

	LANGUAGE MODELS FOR SINGLE CELL TRANSCRIPTOMES
	GRAPH NEURAL NETWORKS ON SPATIAL TRANSCRIPTOMICS
	DISCUSSION
	REFERENCES

