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We have recently identified promoter
DNA methylation of the genes
ADAMTST and BNCT as potential blood
biomarkers of pancreas cancer

DNA methylation status: methylation
Gene: ADAMTS1, BNC1

Cancer type: Pancreas cancer
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https://blog.csdn.net/Azperk/article/details/145920476
https://zhuanlan.zhihu.com/p/123857569
https://zhuanlan.zhihu.com/p/148813079

Pre-training of BioBERT

Pre-training Corpora

BioBERT Pre-training

Fine-tuning of BioBERT

Task-Specific Datasets

BioBERT Fine-tuning

4 ) 4 Y
Pmeed 4.5B words - T, | T () Named Entity Recognition the adult renal failure cause ...
j_ =
P M C | /,Trm\ N N NCBI disease, BC2GM, ... g’ O O B | 0 i
13.5B words MU N
% % ( . . h (" Variantsinthe @GENES region |
Weight Initialization ) T,m\\. (tm ) Relation Extraction contribute to @DISEASES susceptibilty.
NN N,/ EU-ADR, ChemProt, ...
y \ P True y
= BERT Le]le | L& | s A ] o< \
- - 'J
°I°t° from Deviin etal. Pre-trained BioBERT with Sl Ll —— doe§ TOR stanfk for'-
: ) i BioASQ 5b, BioASQ 6b, ... P mammalian target of rapamycin
biomedical domain corpora \_ y \ )
Table 6. Test results in biomedical named entity recognition
BERT BioBERT v1.0 BioBERT v1.1
Type Datasets Metrics SOTA (Wiki + Books) (+ PubMed) (+ PMC) (+ PubMed + PMC) (+ PubMed)
Disease NCBI disease P 88.30 84.12 86.76 86.16 89.04 88.22
R 89.00 87.19 88.02 89.48 89.69 91.25
F 88.60 85.63 87.38 87.79 89.36 89.71
201012b2/VA P 87.44 84.04 85.37 85.55 87.50 86.93
R 86.25 84.08 85.64 85.72 85.44 86.53
F 86.84 84.06 85.51 85.64 86.46 86.73
BCSCDR P 89.61 81.97 85.80 84.67 85.86 86.47
R 83.09 82.48 86.60 85.87 87.27 87.84
F 86.23 82.41 86.20 85.27 86.56 87.15
Gene/protein BC2GM P 81.81 81.17 81.72 82.86 85.16 84.32
R 81.57 82.42 83.38 84.21 83.65 85.12
F 81.69 81.79 82.54 83.53 84.40 84.72
JNLPBA P 74.43 69.57 71.11 71.17 72.68 72.24
R 8§3.22 81.20 83.11 82.76 83.21 83.56
F 78.58 74.94 76.65 76.53 77.59 77.49
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Input sentence: The curious kitten deftly climbed the bookshelf
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S

The curious kitten deftly climbed the bookshelf

/
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odel_name = "methylation_marker/finetuned_deepseek_ri1_8b/"

ax_sea lenath = 2048

odel, tokenizer = FastLanguageModel.from_pretrained(model_name=model_name, max_seq_length=max_seq_length, load_1in_4bit =False, load_in_8bit = False, f
11_finetuning = False)

rain_prompt_style = """Below is an instruction that describes a task, paired with an input that provides further context.

rite a response that appropriately completes the request.
Before answering, think carefully about the question and create a step-by-step chain of thoughts to ensure a logical and accurate response.

i Instruction:
ou are an expert in the field of DNA methylation bilomarkers with extensive experience in literature review. Based on the given sentence, you will dete

rmine whether it describes a gene as a DNA methylation biomarker for a specific type of cancer.

H## Sentence:
}

i Answer:
}II mn

FastLanguageModel. for_inference(model)

est_data = load_dataset("json", data_files = index_file, split = "train")
results = []
for sentence in test_data['Sentence']:
guestion = sentence
inputs = tokenizer([train_prompt_style.format(question, "")], return_tensors="pt").to("cuda")
outputs = model.generate(
input_ids=inputs. input_ids,
attention_mask=1nputs.attention_mask,
max_new_tokens=512,
use_cache=True,
)
response = tokenizer.batch_decode(outputs)
answer = response .split("### Answer:")
results.append({"Sentence": sentence, "Answer": answer})
output_df = pd.DataFrame(results)
output_df.to_csv(output_file, index=False)
Hprint(output_df.head())

EPKIRBRG LR | 2025
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rain_prompt_style = """Below is an instruction that describes a task, paired with an input that provides further context.
rite a response that appropriately completes the request.
Before answering, think carefully about the question and create a step-by-step chain of thoughts to ensure a logical and accurate response.

it Instruction:
ou are an expert in the field of DNA methylation biomarkers with extensive experience in literature review. Based on the given sentence, you will dete
mine whether it describes a gene as a DNA methylation biomarker for a specific type of cancer.

iHHt Sentence:
}

HHE Answer:

}II niun

0S_TOKEN = tokenizer.eos_token
Hef formatting_prompts_func(examples):
inputs = examples["Sentence"]
outputs = examples["Answer"]
texts = []
for input, output in zip(inputs, outputs):
text = train_prompt_style.format( input, output) + EOS_TOKEN
texts.append(text)
return {
"text": texts,
}

model = FastLanguageModel.get_peft_model(model, r = 16, target_modules = ["g_proj", "k_proj", "v_proj", "o_proj", 'gate_proj", "up_proj", "down_proj",]
, lora_alpha = 16, lora_dropout = 0, bias = "none", use_gradient_checkpointing = "unsloth", random_state = 42, max_seq_length = max_seq_length, use_rsl
ora = False, loftq_config = None)

trainer = SFTTrainer(model = model, train_dataset = train_data, eval_dataset=test_data, tokenizer = tokenizer, args = SFTConfig(dataset_text_field = "t
ext", max_seq_length = max_seq_length, per_device_train_batch_size = 50, gradient_accumulation_steps = 4, warmup_steps = 10, max_steps = 500, logging_s
teps = 5, evaluation_strategy="steps", output_dir = "finetuned_deepseek_r1 8b", optim = "adamw_8bit", seed = 42))

trainer.train()
eval_results = trainer.evaluate()




DeepSeek-R1-Distill-Llama-8B

A Before fine-tuning;:

['< | begin—of_sentence | >

Below is an instruction that describes a task, paired with an input that
provides further context.\nWrite a response that appropriately completes
the request.\nBefore answering, think carefully about the question and
create a step-by-step chain of thoughts to ensure a logical and accurate
response.\n\n### Instruction:\nYou are an expert in the field of DNA
methylation biomarkers with extensive experience in literature review.
Based on the given sentence, you will determine whether it describes a
gene as a DNA methylation biomarker for a specific type of cancer.\n\n###
Sentence:\nThus <b>MGMT</b> <b>hypermethylation</b> can be used
as a biomarker for <b>esophageal cancer</b> in high incidence region of
North East India.\n\n### Answer:

\nMGMT hypermethylation has been identified as a promising biomarker
for esophageal cancer, particularly in high incidence regions like the
Northeast of India. This biomarker is associated with tumor progression
and poor prognosis, making it a valuable tool for early detection and
therapeutic interventions in this context.\n</think>\n

\nMGMT hypermethylation has been identified as a promising biomarker
for esophageal cancer, particularly in high incidence regions like the
Northeast of India. This biomarker is associated with tumor progression
and poor prognosis, making it a valuable tool for early detection and
therapeutic interventions in this context.

< | end—of_sentence | >']

After fine-tuning:

['< | begin—of_sentence | >

Below is an instruction that describes a task, paired with an input that
provides further context.\nWrite a response that appropriately completes
the request.\nBefore answering, think carefully about the question and
create a step-by-step chain of thoughts to ensure a logical and accurate
response.\n\n### Instruction:\nYou are an expert in the field of DNA
methylation biomarkers with extensive experience in literature review.
Based on the given sentence, you will determine whether it describes a
gene as a DNA methylation biomarker for a specific type of cancer.\n\n###
Sentence:\nThus <b>MGMT</b> <b>hypermethylation</b> can be used
as a biomarker for <b>esophageal cancer</b> in high incidence region of
North East India.\n\n### Answer:

\nThis is an acceptable sentence. This sentence includes information about
the gene MGMT, and its methylation status as a biomarker in Esophageal

Cancer.

< | end—of_sentence | >']
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Hidden nucleotide prediction Variant likelihood Functional constraint prediction
Language modeling head Sampling Sequence design
Contextual representation Task-specific heads Gene annotation
Core network

Gene expression prediction

MLMTAGCCT
CLMTAGAcc

[2407.11435] Genomic Language Models: Opportunities and Challenges

EMARIRBIRS R | 2025


https://arxiv.org/abs/2407.11435

DNABERT

()  “original soquence

Sentence-
level Classification

Classifier e

Classification results of
each masked token

Token-level
Classifier

Layer

-l |

Oz || Os || Ou || Os

w[ Ous | | Ous || Ouo || Ouo || O || 02 |

( Comem ) )

Forward

i LayerNorm l

xX 12

{5
g

Multi-Head

=

t

et o Lt [t [ J[ b J[ t e[ b || tam [ he [ a0 [[ e ][t ]
EP;:::; IEI”EIHEGHEGHESI""lEﬂ'”E:l”Eullﬁu”ﬁzllful
+

empnamng | Bt | [ Ense | [ Esen || Eeac | [ Eaer | o= [ Ecrr | [Emansel [Evwase] [Ewwasd [ Ecne | [ Exsem |

1‘ Feed to the Embedding layer

[CLS] AGC GCA CAC ACT s CTT [MASK] [MASK] [MASK] CAG [SEP]
Selg:lup;nma 0 Mask (Only in pre-training)
[CLS] AGC GCA CAC ACT w C G TGC GCA CAG [SEP]
1 Tokenize
o AGCACTGCTATCATGCTTGCAG

EPMARIERIGRSEK

Nucleotide Transformer

Input DNA Tokenization Masking Features
sequence extraction
A N
e Y P
<] 5
0 a A
B Q @
= o} @
v \"
@ A A
g v v Nucleotid
5 — v R ucleotide
@ B = Transformer
= [ I
3 : :
’ : ; )
A £
g v
v —_

Hyena-DNA

MB% WRITRIL LA BEINAMGEIIIY BNAL LIITe

Output likelihood

A e & T
plxy) = {05, 0.1, 0.2, 02)

StripedHyena
architecture

i

AT.T.C . G J™.
(Xq, X3, X3, Xy, ., Xn-1)

Input sequence

2025

Gate JA-CmvoMionJ Dense J"
Convotsion }
Gate J‘-Cawolm:onj Dense Jﬂ-

Convolution '

Sequence Mix
_r_JDG"” Channel Mix
X
| S

Embeddings Language Probabilities of all tokens
per token modelling per token position
)
N N [TTTTTTeeeeTTT]
| EETE B EE CEOEEOEOOEEm
- Language
= o= m o moa ] el b
N oW e 6 [TTT T T TeeeeTTT]
-~/
GLU
Hyena
.......... operator

<Y< OVY><N><DODIVD>



JOURNAL ARTICLE

Foundation models in bioinformatics @

Fei Guo, Renchu Guan, Yaohang Li, Qi Liu, Xiaowo Wang , Can Yang, Jianxin Wang &

Foundation models in bioinformatics - PubMed

National Science Review, Volume 12, Issue 4, April 2025, nwaf028,

https://doi.org/10.1093/nsr/nwaf028") JIFP YN
Published: 25 January2025  Article history v

PDF BN Splitview # Annotate ¢¢ Cite / Permissions =% Sharev

@) scFoundation | () Language FMs

[
: @ HyenaDNA @ GenerRNA POLYGON |
| @ AlphaFold3 @ scGPT |
: @ Evo @ RNA-MSM PMDM scButterfly : Vision FMs 7
| VQDNA RfamGen EIHGN MIDAS | E
l ScPROTEIN | Graph FMs ire)
2024 MarsGT : o
|
| 1 @ Multimodal FMs . .
| @ DNABERT2 ® soecerT | @ EsM: KPGT ® scTranshator |
' @ cPN @ TOSICA ! )
: © MoleculesSTM I ; :
| @ DeepSEED @ Bert20me @ ProGen © DeepMAPS | o Pre-train Fine-tune
I Nucleotide @ DrugBAN . [ = i, o
2023 ! @ Transformer ® sicra ' L.
[ | 3
| | Large-Scale Adapting
: . . ProteinBERT . X-MOL . scBERT : SOUFCG data FMS TaSk data FMS
RNABERT
| = s = S e R s = R e e e =
| @ ProtGPT2 @ KBERT @ scMvp | Ve M o N Vs e
I _ ) | / i
| ©® RNAFM ® OntoProtein Mole-BERT GLUE | { Sequence FMs ) { Structure FMs ) { Function FMs )
! Pocket2Mol ' | mmmm - v | mmmmm - a fromm e i
2022 | P DNABERT (I : AlphaFold I ! GLUE i
| @ DNABERT | I 1 (k-mer tokenization) il 1 (triangular self-attention) ! i (graph-linked embedding) 1 |
| MSA | R TIT SO 1] e = e e e Bl R o mve i ik ot o L) s e w0 [
") ‘
| @ Enformer © Transtormer @ MolGPT | € | LLLLLLE ") [Classiication | ! ! e
| ° | Original sequence A \ Original sequence _ snmC-seq :
| @ DNA-ABT @ Protrans ! ® | Tokenize | oy ot i » e i e |
2021, ll = | | Structure | | O R
! | Q| I I * * i Rl i
H I module || |
2020 @) ChemBERTa | 2 | I : = : P . prers :
| 1 1 Embedding I > ) 1 embeddings embeddings 1
| | ! layer | £ i Encoder :
| @ UniRep @ SMILES-BERT | b 5l i k] i i
-— . 1 \ = - I MSA Templates e | ]
\ 2 Multi-head i \ nadeianen simal i /
Genomics Transcriptomics Proteomics Drug discovery Single-cell analysis - Sel-attention 2 .

Figure 2. Evolution of FMs in bioinformatics.
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C Tasks of Genomic Touchstone Covering Various Biological Processes in the Central Dogma
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Task

Dataset

Type

DNA

Promoter Annotation

Core_Promoter_Annotation
Promoter_Annotation

Sequence Classification (4 classes)

Sequence Multilabel Classification (6 classes)

Enhancers Types Classification

Enhancers_Types

Sequence Classification (3 classes)

Splice Sites Prediction

Splice_Sites_All
Splice_Sites_Donor
Splice_Sites_Acceptor

Sequence Multilabel Classification (3 classes)

Sequence Classification (2 classes)
Sequence Classification (2 classes)

Epigenetic Marks Prediction

Histone_annotation

Sequence Multilabel Classification (10 classes)

CpG Methylation Prediction

CpG_methylation

Sequence Multilabel Classification (7 classes)

Regulation Element Prediction

Regulation
Regulation_multilabel

Sequence Classification (4 classes)

Sequence Multilabel Classification (4 classes)

Species Classification

Species_Classification

Sequence Classification (6 classes)

Regulatory Activity Prediction

GMI12878
HIESC
HEPG2
IMR90

K562

Sequence Regression
Sequence Regression
Sequence Regression
Sequence Regression
Sequence Regression

Enhancer Activity Prediction

DeepSTARR_HCT116
HCT116_Brd2
HCT116_Brd4

HCT116_CDK7
HCT116_CDK9
HCT116_Medl4
HCT116_Parental
HCT116_p300CEBP

Sequence Regression
Sequence Regression
Sequence Regression
Sequence Regression
Sequence Regression
Sequence Regression
Sequence Regression
Sequence Regression

Enhancer Promoter Interaction Prediction

GMI12878
HIESC
HEPG2
IMR90

K362
NHEK

Sequence Classification (2 classes)
Sequence Classification (2 classes)
Sequence Classification (2 classes)
Sequence Classification (2 classes)
Sequence Classification (2 classes)
Sequence Classification (2 classes)

Bulk RNA Expression Prediction

Bulk_RNA_Expression_Prediction

Sequence Regression

Genetic Disease Classification

Breast_Disease_Type_Classification
Cardiovascular_Disorders_Classification
Kidney_Disease_Type_Classification

Sequence Classification (4 classes)
Sequence Classification (8 classes)
Sequence Classification (7 classes)

Pathogenicity Classification

Pathogenicity_Classification

Sequence Classification (4 classes)

Splice Variant Effect Prediction

Exonic
Intronic

Sequence Classification (2 classes)
Sequence Classification (2 classes)

BRCA1/2 SNV Functional Impact Classification

BRCA1_coding
BRCA1_noncoding
BRCA2_coding
BRCA2_noncoding

Sequence Classification (2 classes)
Sequence Classification (2 classes)
Sequence Classification (2 classes)
Sequence Classification (2 classes)

https://www.biorxiv.org/content/10.1101/2025.06.25.661622v1
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RNA

Mean Ribosome Loading Prediction

Mean_Ribosome_Loading

Mean_Ribosome_Loading_Human

Sequence Regression
Sequence Regression

mENA Stability Prediction mBENA_Stability Sequence Regression
PA _athaliana Sequence Regression

PA_dmelanogaster Sequence Regression

PA_ecoli Sequence Regression

PA_hsapiens Sequence Regression

PA_scerevisiae Sequence Regression

Abundance Prediction TA_athaliana Sequence Regrﬂss?on
TA_dmelanogaster Sequence Regression

TA _ecoli Sequence Regression

TA_hsapiens Sequence Regression

TA_hvolcanii Sequence Regression

TA_ppastoris Sequence Regression

TA_scerevisias

Sequence Regression

Non-coding RNA Classification

NoncodingRNAFamily

Sequence Classification (13 classes)

EL_HEK Sequence Regression
EL_Muscle Sequence Regression
L " N . - EL_pc3 Sequence Regression
Expression Level and Translation Efficiency Regulation Prediction TE_HEK Sequence Regression
TE Muscle Sequence Regression
TE_pc3 Sequence Regression

Modification Prediction Modification Sequence Multilabel Classification (12 classes)
APA Isoform Prediction Isoform Sequence Regression

SARS-CoV-2 Vaccine Degradation Prediction

CoV_Vaccine_Degradation

Sequence Regression

Programmable RNA Switches Prediction

Programmable ENA Switches

Sequence Regression

Tec-Riboswitches Prediction

Tc_Riboswitches

Sequence Regression

mEFP Expression Prediction

https://www.biorxiv.org/content/10.1101/2025.06.25.661622v1

mEFP_Expression

Sequence Regression
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Protein

Secondary Structure Analysis

Structure Prediction

Sequence Classification (3 classes)

Transmembrane Region Prediction Transmembrane Sequence Classification (6 classes)
Protein Variant Classification Variant Sequence Classification (2 classes)
Post-translational Modifications Prediction PTM Prediction Sequence Classification (3 classes)
Protein Domain Classification Domain Sequence Classification (4 classes)

Enzyme Classification

Enzyme Classification

Sequence Classification (4 classes)

Beta-Lactamase Activity Prediction

beta_lactamase_complete
beta_lactamase_unique

Sequence Regression
Sequence Regression

Fluorescence Prediction

Fluorescence

Sequence Regression

Protein Stability Prediction

Sequence Regression

Melting Point Prediction

|
| Stability
|

Melting Point

https://www.biorxiv.org/content/10.1101/2025.06.25.661622v1
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Genomic Touchstone: Benchmarking Genomic
Language Models in the Context of the Central
Dogma

Yihui Wang'-", Zhiyuan Cai'-", Qian Zeng', Yihang Gao', Jiarui Ouyang', Yingxue Xu', Shu
Yang', Sunan He!, Yuxiang Nie!, Yu Cai?, Fengtao Zhou! Cheng Jin!, Xi Wang', Zhi Xie’,
Danqing Zhu*> Tlng Xie®, Kwang Ting Cheng , Can Yang Xi Fu®, Jlguang Wang4 >10, “
Kang Zhang’, Jlanhua Yao10 Raul Rabadan?®, and Hao Chenl 43,6117
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a Average ranking score of evaluated models
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ERAA? MERTA?

(RREEE NSRRIk — MTENEGSRAES. 856, (REEBIWIBHEE, ARTTaliEmMes, TenEEes, 8
FIREHHRSSHSE N, SRS, —THARCHRESHEAEE ., SRR EERRHERITE, FEnLU)ISEEnEs

R oR, USSR AUERL D] LITE R TRIMES IR BRI ISR

Zha, AR R R
AETE)! I%E’SJH*EEP, RS RA RN T S, XATE, (RERRE—

XMYFEFE pre-training,

NTEYPRESEE
DNABERT2

HEEEARFY , MENERTIRNDEIRES

4.1 PRE-TRAIN: HUMAN AND MULTI-SPECIES GENOME

To investigate the impact of species diversity on genome foundation models, we compile and made
publicly available two datasets for foundation model pre-training:{ the human genome and the multi-

species genome.| The human genome dataset is the one used in DNABERT (J1 et al., 2021), which

comprises 2.75B nucleotide bases] The multi-species genome dataset encompasses genomes from |
135 species, spread across 6 categories. In total, this dataset includes 32.49B nucleotide bases, nearly
12 times the volume of the human genome dataset. We exclude all sequences with N and retain only
sequences that consist of A, T, C, and G. Detailed statistics are presented in Table 11.

20 ( fine-tuning ) .

IRA\IRRETI) 25

1F#=>] ((transfer learning ) =&RIBLESXE! Fii)ll2

RIANVEHG SIS, XBUE, (RoJLAEEERZEFET FRRIREN 2 E X —ISIVa 23,
pre-trained {88, IR fine-tuning,

>SLC441_1(-) |no_TATA|O
ATARAGCAACAGEAGEACACCGGCTCTOCETCAT TAGE TCACACARTCTY
>EV2C_1(+) |no_TATA|1

CCCAGTCOC AL ACCG AR AGCGCCTCARCACC OO ACTTRCCEG AT A
SCHGAL 1(-) |no_TATA|1
CAGACACAAMCCTTCTCGGCAGGECTCTOCGGGOGGCAGCCTCACCTGTG!
SCREBS_2(+) |no_TATA|D
GCATCACAAGGCTAGTCTTTATCT T TCOGGCAT OO TACG A TTG ARACT!
SEZNFE77_3(-) [no_TATA|1
CATAAGCAGATTCCACTAGGCC AAC TG TAGG TCATGAGTATGCACARTTTY
>TBCIDSE_1(+) |no_TATA|O
CGACGATCACGGTACCTTCATTTCACCECACACCCCCACCCATTCTAACAT
SFGG_10(-) [TATA|O

CGCTCCCOCAGGAGTOTACTCCTOO TCAMAAGAGCGACATCACACGACGT!
SFAM160B2_1(+) |no_TATA|1
CAGAGATOGOGCCACTACACTCCAGCCTOGGCEACCARGCGAGACCOCTRTI
»YCP2L_4(+) [no_TATA|O
GGTATTGOGOCCEATATAGCTGOCCEAGCGTGTCAT AMCCCARACGOGOC
>SERPINI1_2 (+) |no_TATA|1
TCGTAGTOCOGCTCRCCGGCET IO TOCGCAATTOCTOCAATCGEAAGACT!
>ILDR1_1(-) |no_TATA|1

AGTTATATCCACATAATTCTAG AAGGAGAGGGGGAT ACATTTGCAGGGGAT
SFLT1_2(-) |no_TATA|1

GUTGTOCAGAACTAATTTGAMAGT AGAGTTCCATGCACTCACTOCAGGAL
SNECAM 20(-) [no TATA|D

0E-CSDNEZE
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