Mt B FA P FTRELFREFHT

AL~

i—m
«J&%

Department of Biomechatronics Engineering

College of Bioresources and Agriculture

National Taiwan University

Master’s Thesis

TR B8 S LR S R R ¥ Sikr et
AT
Retrieving Leukemia-related Genes Using Large

Language Models built with Biomedical Literature

RN
Tung-Pu Lin

e MR Bl
Advisor: Chien-Yu Chen, Ph.D.

dEAE114E T
July 2025

doi:10.6342/NTU202504150



ps

BIRFERER GOSN L RER RE X 0 F E AT P a1
BRI G e R RE R RE DRy - Rk RiFLATY
PR FE RO 32 gRBAETEPORRE S VA FRAERD 0
THRE B A A A FreEAR R > N AR R HIFMEH L LY e
BHHASHNEL > T8 - B U REFLALEI AN o pETER
L%#ﬂ%*\.éﬂ BRI kA BAF A E 2 FERE S
TREREHTAAIR
F%»ﬁ@#ﬂﬁ%ﬁ’&éﬂﬁQﬁ’—EH%EMW%ﬁ%kﬁiﬁ

RF hA 3 83 Aok e BB chl i A A e B IR
wn%r%ﬁ¥%ﬂ~%own%%%&%%%’éﬁﬁ%ﬁ$ﬁiﬂé
L] B2 A A R AR AL TP RS AR - AT w AR

P22

=
I
a
s

—_ m&\:
:\vj-_ Ea8

-
-

b
:
o

Ay BRHe- RAXRPRApIFRDELEL - B 12 knFle
B E R - AT R TR - BREAPTRE 2 AR GRS R s A
S AD o e PR Jﬁ}ééﬁrf«i’ﬁ%éﬁfﬂ At AFFER P LR FE
it s A EBE T NG o RER T € F ARG 3?45; N
RE RS TEL i d > A PoR@ ] aflebg 5
P ‘3?[94 °

Bois o R CALab egs I A — AR RABPPFE R E P A e
FrEery b AR R G EFI B R poE S SRR AR s R R
BAE

doi:10.6342/NTU202504150



PR

A ¥ 4 5 o (Acute Myeloid Leukemia, AML) & - fa§ & & it
%]iﬁf??v’ HpILe R 2o Kok 7 X DM X% BB E LA

S 3=p) 25 “ifji‘;f@‘ Afu %1%"‘ g A TR LR i B B o Ao g sk
TE A R AR M A F] 0 © A B TRk R 18 KM o ok el A o R
M IRF mikr—] MBS H T ER rs)il”r’ip i# "fuﬁ’!?'[—‘%’]ﬁ’ﬁ R N S5 A
EBEME AR FAEENA L o AN AT g AFEHR IR
< #-3] (Large Language Model, LLM ) *t 4 rEE )‘U} NiAR=E) TS
’1HAML,\J év—?&ﬂBMﬂTﬁﬂméW%*&ﬁmﬁo
BioGPT & d jic#ic B 4 5% % #°3] » A OpenAl f 45 GPT-2 2 4 » I 18— 4 1
e %5 L [ﬁ%:}ﬁﬁ BEFIRVIR o AR % 2 T Causal Language Modeling |
¢ [ next-token prediction (T — FIER) | & Pow A iR o FEE A i ve

B 47 3% (disease-context prompt) > 3+ #F T A F] LA T L T - @ N RHE R

Lk E > o dapld BB [‘kmﬁf BN o g i e B ( European
Leukemianet, ELN) AML ,p)%‘:}ﬂ 310 ERDATFIEE ZPRETH S AT E %
Bpor o B § % om @K 35 (Prompt Engineering ) ¢ vfe AML 4p B ek 7
BHE AT AT T EFLE oA 28 }i 7551__}3 Pt e G
- et R gLt > AEY f;{“ ¥ % 3 5% 4 & (Retrieval-
Augmented Generation, RAG )#%+] » I 33 ig 3.7 27 chunk size % 47 4 #kc > &
AR o R BEHT 0 BB EHY (Fine Tune) » 7 5 2o = #C7
i AML Ap BE 2 Flenipip| Bpadd » X RESE B RF LM B2 P %}‘%&ﬁl o AR Y
A e iR ARE T IR L A KA FETWART 24w S el e
A3 WA AR AR R G LA e h R R R R ST

—=

%

MaEs AR FARIEG £ L AUFE T 2 F AR R AR S

doi:10.6342/NTU202504150



R

Acute Myeloid Leukemia (AML) is a highly heterogeneous malignancy, whose
pathological progression and therapeutic strategies are significantly influenced by
somatic mutations, genetic characteristics, and responses to various treatments. With
the continuous advancement of personalized medicine and gene-targeted therapies,
the effective identification and analysis of disease-associated genes has become
critical for improving prognosis and treatment outcomes. However, current gene
information extraction methods still heavily rely on conventional literature searches
and manual curation, lacking scalable and semantically-aware automated tools. To
address this issue, this study explores the potential applications of open-source Large
Language Model (LLM) in biomedical literature analysis, using AML as a case study
to establish a gene probability estimation pipeline based on the BioGPT model.
BioGPT, developed by Microsoft, is a transformer-based language model built upon
OpenAl’s original GPT-2 architecture and further pretrained on biomedical literature
abstracts. We adopt a next-token prediction framework rooted in Causal Language
Modeling, constructing disease-context prompts to evaluate the normalized
probability of a given gene name appearing as the next token. This score is then used
to infer the semantic association between the gene and AML-related literature. Using
gene targets recommended by the European Leukemianet (ELN) AML treatment
guidelines as test data, our results demonstrate that with carefully designed prompts,
the predicted probability distributions for known targets are significantly different
from those of other genes, indicating the potential effectiveness of this approach. To
further enhance model stability and generalizability, we introduced the Retrieval-
Augmented Generation (RAG) framework into the existing pipeline and fine-tuned
architectural components such as the embedding model and chunk size. The final
results show that these refinements improved the model’s prediction performance and
allowed it to better focus on the relevant semantic scope, leading to more selective
and goal-oriented predictions. The proposed pipeline provides a modular framework
for future biomedical LLM applications and offers preliminary empirical support and
technical references for domain-specific knowledge extraction and semantic analysis

using large language models.

Keywords: Acute Myeloid Leukemia (AML), Large Language Model (LLM),
Biomedical Text Mining, Retrieval-Augmented Generation (RAG), Prompt

Engineering, Fine-tune
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S B3
1.1 #8415
5o f (Leukemia) * fis f > - AR FL it T iR > 1 &
FUALEMfRMALE > X2 &R AT RMEY & T ( Acute Myeloid
Leukemia, AML) fe& 4 = 4d o I ( Acute Lymphoblastic Leukemia, ALL )
FLA o0 R 2 Hn D R AFIRE  d B 247

Fiph > 2k i Fle AFIREHORF BRI F+ o % > Flt 2

B A FIEFRE RAe s TR L R F B SRS RIMER o Y
e TR R B O FEEV T REHLF OFTATIREAA TR S
REendediof > & bldeitf ~ S SN LA 2 % o Ft 0 $sy

foa 47 o Ap b A Flend B gc: R Sin R F BB R AR S
Frui RFand mh LG £+ L& o (Papaemmanuil et al., 2016)
LEAPFEALOREFR > pd FHP AN O e Iﬁ’%#' FRCRE
HE o beddr o 70 AR50 BATORATFIRRE R F P -
Bwood G LR TR DR TR R R A RAHA P F R
TEAFIMOFE L ERR S FISPNUALIEFREAT ST AN P
FHopee g REAF R Blp R S 2 L EZ G nD RE R AU R 2
1,%“ PG R EDTR o KA FE A U e Rk ke
“s P i%%?lﬁi‘éﬁiﬁ@% MFRFPFF 27T > < AFT D
( Large Language Model, LLM ) #j > 43 %] & 4 = ;%3¢ 2" 3 Transformer $i7%]
( Generative Pre-trained Transformer, GPT ) » ( Radford et al., 2018 ) 4% 2 # ¥ E
28 12 9 BioGPT (Luoetal.,2022) ¢ &RE 77 H aApd it a5 4 5§ 4 %5
?‘)I?\‘-% B ehE + 4 o BioGPT 4 - f8% f* * 3t 4 %ﬂfﬁég 2 AGHEIIRGES
WAl A AT {FEBE P ARFEF 2 (Natural Language Processing, NLP )
Bips AR P FE f"c“’ PERPMEAFIFATEFTAEEL -
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12 =5 B eh

AEF g B - 202 BioGPT 5 Fhwenp # 0 & 470042 0 % SLMRE R
AML Ap M A FI2 F A MBHEBLH N L& - ZHla 3 > AP RER T
BFE PR

H AL Az - £ BioGPT 5 A#HA FIHs S B35 st i A 5%
3 3 2 ficic 4 (Causal Language Modeling ) ¥ next-token prediction #+#1] » (Luo
ctal,2022) & ¥ &2 FEFLFRT DT F (prompt) > FRIF LA L
O TT - g TR EIFL B EEA TS AML GE & 4p
AR 2 kel o 24 FY b L 5 B (European LeukemiaNet, ELN) 4p & #f
FIRA T S dp iRt 0 TEH B I HGNC #7icdk 144,000 5 B X #5451 ¢
Foo MR R B EE &34 (semantic scoring ) 4 17 (Déhner et al.,
2022) e

B LAk 2 BioGPT # £ 5 token = chfk Fl L L i S AR 18
P F I E R RE 0 A R JEE- H F RS~ 2 e ehtoken-level & AT K vk
( normalization strategy ) > 4 %] Z_Per-token Total Sum Normalization » 14 % £ 3%
token & & £ length-based normalization = j# o gt i 21t ek enig * > g B4
WHRDA AT R ATE R T IR - R Fag it BHEL iR T
#& =1+ (Zhavoronkov et al., 2023 ) o

Yo R THETEBRE - 2V (702 p #5374 742 (scoring pipeline )
FRAEIEERAFAFE (£ 5 248 HGNC & F]& ELN #7572 £ 0 7)) » ¥
ﬁig?] NHAFTHRTF TR F AT TP SERE B M T (e
U-test ~ paired t-test) KiFim 7 A FIHEMEF 0L B A F M KA TA iz
N o FEIRARRLE RS B A KT W 2 H g AT 2 R A

LTI VLT VT
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Bots o ARG BRI~ 235 2 & (Retrieval-Augmented Generation
RAG) #5873 2 AML 49 B 2 PubMed 2 & 5 3E R 4038 &1
W4l pE B AML S 4P b 2. 5% 1T 5 31 3% % § (prompt context ) » 14 3
it BioGPT eiF S ILfRi 4 214 S % o e fo £ F R v 4o T8 1 (8 &
FRARFRIABEAHEOA TGRS L I SFANER > L PRI RIE

Lok 2 B2 WA dedh 2 B4 (Lewis etal., 2020) »

FWa T 2Ep 2 ERN- 27 wa@w%ﬁﬂm*ﬁﬁ%:
WA= 2 o 0 5 A AlE T WAl At FARE AR 0 5E B 2 N A

ARSFRES ART LR ARG FF R 2 B AP

AR A ESIHECEF
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MLF AT A RS 2B 7 (Next Generation Sequencing, NGS) £2 A 1 4
Bl g B - AFMFEF ] ¢ Eprie » T4 5% (Data Driven) it
PE o AML T2 - A3 AR FHfrR e g B WR - 2 «‘ﬁp‘iﬁ’—_ﬁﬁﬁ‘llﬁ%
FIRELLAPH S 2AML Y > 2 R AFIRRERFEF OTRE LR iR F
% B BARES  Flt e B e A TR R K B SRC RIME
L oRAad AL P FEAES BRI SR Y TR RIS - &
i@ﬁ44?ﬂ%?ﬁ%%éﬁﬁéi%ﬁ%ﬂi%ﬁﬁﬁﬁﬁﬁ%ﬁiﬁﬁ
BEFL T AP F Faslr A 1FE > FulF 4303 A;
3] (4r BioGPT) > $#2t &2 $ F T ¥ chp® 5 25— FBI B AT0MR
B o it o
21 ¢ & i WEEA IR F

8o menA TR R opmigse B F > i £47 3 (Papaemmanuil et
al.,2016) A7 » AML #0342 5 A FHR B 2o ApM » ¢ 42 FLT3 ~
NPMI ~ CEBPA ~RUNXI % o iz A F1% B 7 8 Bime o s ok v > B

RoFeiof F B Aeif s %2 ApM o blde o FLT3-ITD % %% AML & & £ 938

[N

e ® R AR o @ NPMI R % EF RIE I anF ks » 1 ¥ SR L
AP ¥4 iz (Dohner et al., 2017 ) 5 @ B 3t NPM1 ~ FLT3-ITD 7= CEBPA % £ %)%
Femy o dhr 0 PR AFIREHTAML & F i F BvRE 5L HFER
2 (Schlenk et al., 2008; Papaemmanuil et al., 2016 ) - 28 @ d >+ AML 1% & 4F 52

to H- AFRA E2 2 20 BBk E B FINRE R 25 fp
7

“
e

F&‘.?/FH —‘?}g‘km_‘}_ °
HEF P FAEROEEFE T E KA T e F 9T T & AML o @ 8
Hopu| 2 6 P80 B F R a AT AP FEER FAFIRE R UL
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2.2 Transformer

Transformer HFE_p 783F 2 AJBAR B - B R M2 E > p 2017 #4%
TR 2 WA E B LR i TRAY % (Recurrent neural network
RNN) fr& &8 2o % (Long Short-Term Memory > LSTM ) » = 5 % %13 3
57| ek A 2 ﬁé o Transformer 0 4& A4 @ * Attention mechanism °» T it 49 &
FUREHEA G e edT e F ¢ 7 e H P2 F ek pEd ik g B % (Long-range
dependence * LRD) »  Jo pF ¥ {73+ f{'l}% I R F - S S
»2 % (Hochreiter et al., 1997 ) ¢

fe 1% o RNN fr LSTM # @ 5oid (e B 0] A48 i 4750 B AR5 ~ T
o EREFERRIF O BF Y ock 3 3 T2 BHERY A kAP F T
o i ;FK e B AT & * % o Transformer i i p Attention mechanism f% ;-
7 i— 4L > 22 RNN 4o LSTM # F » Transformer $3] ¥ 12 T {7 /@E’:&Tfﬁﬁﬁ »
B3 @ E_RiE 3R gl o 5@ T R ARE F e o @ TR S P
Mideo+ @ A pIme o X2 g al APt T EFMNEFEY o 2R E
Transformer /2 & f35 5 Ei% (P B 2 22 28 HEf-FEE)
# Y et d o (Vaswanietal, 2017)

p Transformer Hprengy 7 J1 2 12 {8 » 23 Transformer «#ic3] » 4 BERT
( Bi-directional Encoder Representations from Transformers ) f= GPT ( Generative
Pre-trained Transformer ) 4o {8 % RIS BEgsed oA pRE T RIE
E f et 3g A3 a0 o BERT #.— B 8+ %8 B4 (Encoder) @ T it 53 ¥

TR EBWFAE S M SH LA R RS E e 0 A
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( Sentence Classification ) ~ # % % %8 %] (Named Entity Recognition * NER) fv
B % & % (Question Answering > QA) # & 7 g ¥ M i &2 (Devlin et al.,
2019)- m GPT - B p ‘?'Eﬁ'?i FHEE v AR T A Ry e A
¥ A A4 & (TextGenerating ) ~ 35 % 5o (Dialogue System ) fr3% 3 ¢
F234xEi? 2MEE (Radfordetal., 2018) -

B4 % o Transformer ¥ 22 F T30 5 - B 7 2 E > & I - A ¥
o 27 453K 4073 (4 Encoder-only, Decoder-only, Encoder-Decoder ) 45
fie? i (40 MLM, CLM) & 733 822 g * o B 2K 353t Transformer 9
TEPTVRBCA] T AL 3T L 46 NLP 5% > & ¥ &7 i s/ (fine-tuning) ¥
e 0 RTenE R A A FREFEE LV SR F T A Y G iE e
£ * 1+ (Wolfetal,2020) - %3 # Jﬁ » Transformer #-4] %8 4 it 53 4E FPEFE

e E o AMIFE B RIEPLEFAREEIEUNESRYRE AT H

M-

WA > 4 P 4o GPT & BERT ¥ * 3|35 5 #0310 Jg Ag ~ B 4 5 »de g2 {
RBChByp TR TR KA S L (Ao R e iR S D P A EAE G
3 e
23 FrEHaEH
FEEREED RFD LY e IEIREIEZ - 0 A B A G A gl
(1) 4% ﬁ?;% % #-4] (Masked Language Models, MLM )
(2) %1% 3% 3 #-7) (Causal Language Models, CLM )
MLM (4 BERT) {3/ SUpF § 3302 393F i (7 " 1% fr (masking) - 34
NEY R w B2 FREFIF c S FRER A HFLEBRE S
BEHAE G e KA 0 MLM 2 f AT S0 H 2 S Ei e ¥ FEF R L

BEPFEALRY > BRIRE B 2 F 5027 - RenfP 48 -
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CLM (4= GPT) RIA% i p v fF (autoregressive) 4] » T H3] = i 1945
FRBIhH B RIERT - B HYRERE S F - R I HLANET
HE T 4 R B R AZER T - CLM A3 H % 3R %% » 2 ¥ # 7 Decoder-only
t71 Transformer 2¢ ﬁ » 1% 1 Causal attention mask *TH]HA| F s B L@ 2 B ep
token o

AFEHR % 0 BioGPT 103 ¥ 3 kst CLM ik end F35 3 03] >+

% & * next-token prediction > ;% 3+ ¥ ;}F, TAF L A AML ZEHE ™ R

Foo o X5 R token AIL Y I A B3t SN o B AHP Mt AT o
0T CLM R &R T 0 35 DA PN HGE A T g L > 470
F AR A AP L ERAFRAEEF L S R BRE IR LY

—FBE L AET R MLM A% 0 SR B A K £ L7 SRR A
SR 0 Bp BN T PFE IR B R > @ $3 AT § #* BioGPT
i;af%i%v‘ APAFIEIA T ERH 2  CLM @ (T REI B EE o

FE T HAl GG AR R R p YA AN IEIRP R E 0 B e A
FEE LA RPEFREY p THEY VB Ay R £ 0 TE
PRI T KRR - BB AT o SV RIS ko * B A
HEEFRFET Y PARFE IS RIEM G Z I LR RE D2 Aehip 4 o
OpenAl #7#% 1 59 GPT-2 ¥ GPT-3 { #_#%-CLM e+ i 3+ % % (Radford et al.,

2018; Brown et al., 2020 ) »

# MLM 4p v » CLM i ¥ 3= @@ s M g3 shizind { 2 g4 R
Fj - 0 - LFLUAAL hiE- token A~ REEHNFFHS 0 A

36 HMLM - ff i B FER LA # S F RS KA 22 2 CLM 7 & 5F
HAkse ToR— B token & AFR 0 B p wFILFT v g RF S Y RS
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PO B T 0 CLM i3 4t ¥ A ¥ » Transformer 7 4f -
i% i Causal attention mask *2#4]-+ — B token & a; B2 L5 DI 030 o 1578 70
A AR E ISR ey AiF - R AR Y I Rt b oo s jpiRZ
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b

#o CLM iF 5 - fa>p ¥ 5 IR BlATE T ERS 2 o A A
RERFRFL - REL S AFFREH - F AP LAN L FFEEY
RGP 2 e o S CLM % AP M AT LA SRR 0 3V p B
FRAMME TR L B F R A e ar ] 0 BIRHE AE L i B

Bt o

2.4 £+ Transformer ##-7) é-_g EFg Y ot
Transformer 7 # & _p 2% T RESRAEITE k- BE A RAEL ¢
BRI LR T 2 R A E R A #HWAIEE o p Attention mechanism € {F i
AR5 P PP RIE K BEAR IR IR AT 3 M 0 @ i :“igr*’?/iv@i%%?%‘??‘[;%f‘ AR e
EMPFERFFATFRSEL LG o Fl w2 F FAE - Transformer
FHFE T & ¢ SRR B ehe [ﬁ%%ﬁ % B el B2 5V o 23t Transformer 0
4] (4r BioBERT ~ PubMedBERT 4r BioGPT % ) i i 2" 3~ £ 4 HE
Ao R IR R s TR AT RE L Gk TR
BN LW AT AR W AL R F F I i feeht Y Y BerE
B AR R L R AL AR T EDFFTERIFE > T NS AT
RIEfeF B 4 o
BioBERT #_- #& 74 ** Transformer e77:% % #-73] > v i i &~ R4 F~ ;I‘gk &
% & (PubMed v PMC) } 873" > ac Jgadw| T B2 A ¢ il %]~ v
@xﬁ.@fr%iﬁiﬁé%ﬁ LI JEA Ak TR vfurg : frir it i A2 (Lee et

al., 2020) o ¥2 2_4p i1 ¢ > PubMedBERT B #_% F® 4-%F PubMed ® = [}%3&1 =3
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Bkt Transformer g 3 03] » Flt it R A a3 H FH 2 A7 Gz RILfE {
e Fx (Guetal., 2021) -

BioGPT i* 5 — f&4 = ;%3¢ " 3R Transformer #-3] > I & & / -4 PubMed
¢ FeAp RIS A A W Sy R B2 AY PG LR A
PEEIMPAFLERE BN p Bl SR B FE Al & R B
SR JE F o g A R SRR R fra 4T prana (E R (Luoet
al., 2022) o F]pt > Transformer & ;% Ho3] g2 7 12§85 Poid 3w fo o 45 22 7
FAFRS ook F BRAPM T > K S 2B 5k > SR EMeEL
Foo F]gt o 448 %o AT Transformer 03] i * B teid ﬁ% f%m}%@ﬂ'frﬂ i

PR LRPR BT UL A BRG] %Zﬁ%fiif*i@fﬁ’%fﬂuﬁﬂf% o

25 HEpHwd =

(3
ﬁ

o

B AETHAESF RS PR LAY v A BT FER S

>

FTHAeR 54 fARE S o o RS BT pEE A2 B AR

WRES TBR R » 2 217& kp REF 7 AIEF T PP IR

F_&
[

=
St
T
i

FAPRP & iR MR A S Lo KARTEN B - AR S TR R
B ohd S peiEty o R R BG S b R I 5 55 T B0 i
BP0 It k2 H 2 % B i (knowledge-intensive tasks ) e ¥

o
4o

RAG ek A P24 > (%3 R p >0 2020 & 2L 2l el & 33
A ﬁﬂfﬁ:,‘& (Lewisetal.,2020)c iz# ¢ RAGHAL & ¢ 7713 B3 fice -
BRI EE (Retriever) L& § ff A 2o B2 asaiphehe & ¥ 5
¥ - @R 52 % (Generator) » i ¥ = fr%{— B p ?ﬁﬁ’??‘; < #-4] » 4o BERT &
GPT - RIg13p a2 PIcnip p F 2 S v i - BB AR - # FH3)
Eorrqr e IRFHLE P ochiezt o R RALG A FEDHE T A A R Sk
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Fas (parametric knowledge ) % *Ueff 4E o

M RAG chde 4 ez — PIA A H AR B e el o bl - &
LLM ARz ™ » i 5en LLM ¥ chieshof sl S dic? > Tt — & i 3
WEAARNFEE T FRLIEATYRE BRI ERFBP AP o @ 2 RAG
FHY o BN ATE FR AR R TREL EF B0 5y 0 BRI AL

TR ACLENE ATPIG 0 T R B RTER F R RS A § i

% oo ptrhiTE kK RAG % o R 53 4cF A8 Y (zero-shot learning ) ~ B 3¢
i* % (open-domain QA ) ~ %%é AR E 2 EARETHERY CBERN

Flt e AT P T G R RIR-RAG Y A F 1*“’ P o 2k BB 5
f 45 o o2 BioGPT 1% 5 A d#end = 58 #74] > e w & ka2 PubMed 742
B¢ AMLﬁ%ﬁﬁi‘Eﬂfégkﬁiﬁ+ﬁéiuéiﬂ”“PE’néBmGFF*#Eg
v ARER [ﬁ% i 7 i 17 next-token prediction > j& @ $& 2 4F T AT LA E R
A BREPE Y pSERY SF LM o A8 74 # 7 LangChain
7

=7

T & FALE > 2 RecursiveCharacterTextSplitter *» 4 £< 7% » Huggingface
B P A > BENRRFT L EPAT PERTHL - H 2

= #7¢9 BioGPT-RAG 7 F148 & E3f Bl A2 2E o
WAk E o R R RS PP B F S b Inaeah T 2 WA
AT E o BRE e R NEENERE TR R ad 7 /‘Hi?—ﬁ

PRt avE BT 2 A A k1 AF T 3l TaEnair BgP

10
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31 FRESAFAR

TG R 11 B TR AR S PubMed s h- S G EAAETAER Y B

é*i

#-74] BioGPT 4.5 d PubMed < Lﬁ%:}ﬁiﬁ VIR A R V- 3G o KT AR
2. RAG 2.3 Kk R7r 8 p PubMed ¥ # # o
3.1.1 PubMed
PubMed ¥_% R 7f#F2 # 7 I (National Institutes of Health » NIH) [
L P EET ( National Center for Biotechnology Information » NCBI) ¥
£y ?\F? % ®) % 4= (The United States National Library of Medicine » NLM ) * F &
Hp Lt P FE TR R RS E T AR 3000 F R k2 4 FH AR
fhé)]?efr'ﬁﬁjljé oG EAED 1996 E B4 E 0 F T e o :%ﬂi—'?,\.f‘&»i#%%%‘?
FLER 3 oA Lo peehl BT 5o bd i pAAMA L ¢ > PubMed 4
EIARFER DT R B R ATFIR R ELRF BAAM DY X - R
HeypfricF4p ¥R A (NCBI, 2020) -
% PubMed ¥ ik & #per AMLéqx%#EFﬁ‘EQ}}%’ ME A
By AR KA AFEITRARY RS0 A EATIRE E5%F RS
#dg o Flet F sxenid * PubMed ¥ 0 HigsE AML £ 2L FI% R Ap B é‘héjgk_%’gffr
Wed o AP LRELG TR
SEF PubMed ¥ erpt 3 v R b e RGE 40 SRR R oA T
B fchp o SR EASRARTEE - T G GEAFIRF O 5 AML his ki
B F ST R aER > v 49 { ok BB AR S X R AR

TR A TR F TR r e AT PRI FFEL 1 (R

Wenfet 1 8 > T80 F UEBARRE M TR FEE Y > oA~ A5E S
WA e L fRLie- RPAEHR BT 248 o
11
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302 AML 47 R % o 5§ 21 9 k2

%% PubMed - » & #£ 7 i % che e TR dek B M 1T RAG ¥
FR O~ o BT § B TRE AR R AR R FT R HRER
Ao T AT NETHEECF IR LD 0 RFRAEFF T AR OFHR
8 22 35 JeJ2 (Data filtering and preprocessing ) © AF7 F gt K37 - B a2
A2 0 J,?Hﬁ?-f‘%% PRI AMLARM A S FE G g &N G T
T FREAEY RO RM TR R ELEE AL R - R

A BEMETEE TN EE o AL H DB RAHEE S LT R
thd o ( Acute Myeloid Leukemia, AML ) » F]pt & i& {7 < )]%jﬂx’\BxB? G IE IE 2
K EHANE LN F ¢ 7 T Acute Myeloid Leukemia | M43 » b P 5 ¥ 43F &
Hoks B R 0 e 3 TCML, (i F o s ) ~TALL ) (Ko 12
o) %25 AML 4p B chdf & FIg 2= :%EE?%Q‘L;J%F\ T AT BT
SR WRGHFLARE L 2024 £ R T o~ TFT S BT VRN FLFES
ZRERGETWADL MR B Kt BE 2 18 5519 44279 v prig
% (F3-1)-

B B (B4 & iE 1S I kg & S CRERFREY AN FAFEERN o
3 PubMed & it X e R AT RE  AEBR BB RN VLT LT
PSRN R - R FRPE (W HIML 32t 2L ASCIL 3 =~ ) A F
FRE Ay % 5 1 Pl4 T 3% (Regular Expression) 2 p 2R3 3 a2 2 2
(NLTK) &7 ARG > ¢ 585 Sk 75 &~ - FBfest - Bipa L&
PELE & F o AP ff?yﬁ?ﬁr AfEE (i FEABERFL ) AFTY
AT E)ERREE (4050 BF ) iF s o SR " Pandas ¥ 1 L i{id
£ 4§ (drop_duplicates ) & 7 & 2 (dropna) e B % G2 % = {5 > #4975 &
B M- RADTRSE TR E F oA TR 2L

AT BB R 27,524 B ¥ pegE &

12
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Number of AML-related PubMed Articles per Year Range

6287 6283

6000 5712

5437

v
o
o
o

4594
4369

4000 |

3095
3000

2057

Number of Articles (PMIDs)

2000} 1983

1000

Publication Year Range (Duration in Years)

B 3-1: % & (» ¥ 22 Acute Myeloid Leukemia B 45 305 & % [F*Je:}g B ¥

3.1.3 European LeukemiaNet

®o o ko 4 (European LeukemiaNet, ELN) & - BB § £ (Tl
HABE T H R o pAAF LA S 52D HRF L Ripe o 5T M
B & (AML) enfek § 452 0 ELN “74 & 2 J5 o b ' 2 SR B4R 1A 5
B8 R £ Boit— ) 42022 & 3 F L F A T B ETHUEE A T T hie B
(Dohneretal.,,2022) o H P eh— L BT I HHF AMLAEL ¥ ¢ £ 5 0547
B ESe R R RTAFRARNERE L B Flpt ELN “73% 2 A B
EVARLF 5 AMLATE Y BB enfi RIS k2 — o

AT Y WET D T ELN 2022 #%2 dp 8 ¥ 42 2 2 40 M A Tl
B £9 %% 26 B2 AML Tk 2 0B %ok a7 (£ 3-1) &

Flb LRGSR AGEATG L B § (HUGO Gene Nomenclature Committee >

HGNC) - Flpt » igirF E arpm g ? mp g e kA7 2 44 > F
BRI TR FE TS SRR P B 2L Ak A & AML
BB A T 0 A (TR WAk iR L AR o ¥ ELN#k 2 F 8 ¢ ja ¥

13
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SHciRA ¥ AL R AT 0T G RAAFIABRY » R TRARE A

FREFERAFL LG E AT N E AR L2 AT o

% 3-1:ELNdpa » 8 AMLthendk Pl 4 (AFEH 2 %)

Gene Symbol Gene Full Name
ABLI Abelson murine leukemia viral oncogene homolog 1
ASXLI Additional sex combs like transcriptional regulator 1
BCR Breakpoint cluster region
BCOR BCL6 Corepressor
CBFB Core-binding factor subunit beta
CEBPA CCAAT enhancer binding protein alpha
DEK DEK proto-oncogene
EVII Ecotropic viral integration site 1
EZH?2 Enhancer of zeste 2 polycomb repressive complex 2
GATA2 GATA binding protein 2
KMT24 Lysine methyltransferase 2A
MECOM MDSI1 and EVI1 complex locus
MLLT3 Myeloid/lymphoid or mixed-lineage leukemia translocated to, 3
NPM1 Nucleophosmin
NUP214 Nucleoporin 214
PML Promyelocytic leukemia
RARA Retinoic acid receptor alpha
RUNXI Runt-related transcription factor 1
RUNXITI RUNXI translocation partner 1
SF3B1 Splicing factor 3b subunit 1
SRSF2 Serine/arginine-rich splicing factor 2
STAG?2 Stromal antigen 2
TP53 Tumor protein p53
U2AF1 U2 small nuclear RNA auxiliary factor 1
ZRSR?2 Zinc finger CCCH-type, RNA binding motif and serine/arginine
rich 2

Eiagehd > #8731 &2 ELN 4= @ Table 1 #7712 26 @ A& F]iF 5 ¢

SR T A R F R A EREN L] B AR ROANRR B
14
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AFIMAREE® 3 AML (dg i Ao iR > ¢ BRIy 23 Mo

Tk X

(ﬂ\:&
E-4

oo A o His vy i AML AR B DB iz aE A F] 0 R4 2 ARET
LA EApEEAl > LERELRETERT GBS AR 2D o FI
AL EHREALY Table ] “17| L B AT G R2Z AT T3 wHTALT & F

PR O AMAE R T #H o Ak TRIET S B~ M IELEE A T

Fae AT 0 e HARR R Y AR R AR B -

3.1.4 HUGO Gene Nomenclature Committee

SR VRO ATER ST AT % 7 444 ELN 238 2.
AML fhenzk Flig (7@ 2 b > A g 2 2 A g A B H v 3 ¥ F AT #
(Background gene set) o p* B ¥ * RBLRFTAFIAFR Y s F ot L F &
— AT IR & RBREINLT G CRALBRAMATIET I A
] o

AETHEY N2 AT GFETRE RS AHFATE LR € (HUGO Gene
Nomenclature Committee * HGNC) *7 § # &3 ¢ HGNC complete set 742 & o
HGNC H_"% A 5g AL 7] % fe (Human Genome Organisation * HUGO ) T ¥z
5ﬂ@a%ﬁ%ﬁ’%ﬂﬁﬁ4ﬁﬂﬂﬁaﬁ—ﬁ@rw»w?moz?%%
i E T AT R LRI A BE v T AR 2 2R A% RNA A T -

A THASLE A R LA R 44031 LR FE R AR
AFGESE « B¢ X S8ci do FhBAT e e 530050 B2 %S RNA
AF o p - F R AT R FuE s > @ FAML A5 ELN A FE RS & im0 b
FITLEREE M EFRGHRBEREF MR T bl4efl* Utk T (Mann-
Whitney U test) +* & ELN i 8 2 2L ELN A F|¥ a5 o+ L B £ T HF >
1 f 1% 2 % t #& T (Paired t-test) 't #fn 4 BioGPT -2 &2 35 ¢ &£ & 7

%427 BioGPT i3] 0 i - % 3% 103 fudt - B ibend % 40k s -

15
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3.2 HAEHa AR
*EF R * 2 F 3 WA 5 BioGPT 0 A d gt 7 I (Microsoft Research )
32022 & ATB A hd B FH RO R AIE T 0] 0 S P RE T el
At P F? FiEird g™ &R o BioGPT 2. A # 1= 7% & $£>* OpenAl #7#% !

2 GPT-2 %42 + (Radford etal.,2019) - 4 * " Causal Language Modeling |
P W EFIRE R HORIF A R RIEVRTA RS L ST - BET & DIRD
Token o
3.2.1 BioGPT

ARt - el * < A S 03 BioGPT &+ £énd ¥ 5 < ),?’%%'% £
fFAp > % 47'%%?3—? FARE DA G o HOTRTORE R IRB-p A
PubMed F#L & ¢ i4gif 1500 § L & jw pefp & - AP FinFL 8 - ¥4
ZFaieriph 148 (Luoetal ,2022) 0 d >tz TR TG EFTELB IR S
¥ 0 F BioGPT Apft e SR ocnid * « A AL BV L 2 B £38 12
SFFIE BB EH AFIgEREFT Y E 0 B NpR- & GPT-2 { # 3

SF LA L i

- AR 91 BioGPT s3] 78 45 A& #\5 77 GPT-2 medium K3+ > 2 & #

Ny

24 % Transformer > # & £ 5 1024 2*Z& & (hidden layer) ¥ 16 B/1 & * &
(attention head ) » 4%, S8 & 9 5 345M » GPT-2 A3F % 7 av k3 (% & #-H
AN O R #ﬁ??ép BRI FAL A TR IR 2

e ¥t %75 (Byte-Pair Encoding » BPE) i& {7 4 37 » BPE & - 83354 4 3

F o iR B EH AER

=
T
i
=
8
It
$
M
ﬁ
34

=+ 3 3 H i+ (Sennrich et
al.,, 2016) » i > % i 3 »2f3A3 4 B'F (vocabulary explosion) ¥ & 3@

(O0V) - & ifg 2 Fips? < £4F & 305 (4o “cytokine-induced” ) o #*

POBPEV & EFV#AY ¥ LFE > B30 { ol 257 L08R 5 3
b A FERY ASLL

16
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R ¢ 2 & d_BioGPT it a8 (7 HADTRIFE TR * et %
(vocabulary) 3 & % &% PubMed ~ jitff & v A2 79/ 3A p & A 2 » & A %
L r 975 HGNC §F * AT L4152 b2 token o FJpt > X384 A F L4 €
A*r & L % B subword tokens o @ iE € ¥ H-7) i (7 next-token T R PFiE & 3 3
PR AL REM - BREFRECRFREZATICH AL AR
7 token e RS R fE B pF > % b i IR S X T K & % (length bias) #
oo R AT & BioGPT #h ¢ ¢ 4P Frdp ) (Luoetal, 2022) « F]pt » & & 57
¥ ORiE- T 4 token A F) LA R {vg (GERF 324 &) 1
BOLERIFNEAEEE S DRI

RGBS HAT R 0 Hcd 7t % BioGPT % # T HuggingFace B 2T [ »
T ERBEAEL E R4 RS A o A5 3 7 % i1 Huggingface Transformers
FERELZERT DLEHET] T AFFRLBERTTRELB T AW
B H TS FH A (zero-shot) 3121 B+ AML 4p B & FISE R iZ 52 ¢ chi IR o
Hugging Face Ir P~ §_ P % B 28" 3t P REFZ AIEZFAT BB 3 B hit3¥
Lo BT ARET K AAPT S £ EL YR B APL 31
FLLERHAESBET R SEERRE P oo~ d fc o 8 5 2 BioGPT
#4228 ¥4 & eh tokenizer 0 T & PyTorch 3 3 ¢ i {7 next-token prediction 3& 3 &2
WFAGE o d WHAEF T RJIZLIE Y R T RHBZFRT L T Ak

T2 TR By B R BRIAROT £ R EEA I - R

3.2.2 Prompt &K 3+

BAF T Y 5% 1 BioGPT iF 4 A# WA #4972 kP AT EH &
TARFRT T5 T - 30 (nexttoken) IR E o @ ppt BFLE HE
BioGPT 3 #*" GPT-2 % Heiid 7 #03] » B4k rF L4 & #rdf " hard prompt

RepieFa o TR EBP RS B L LT 8 R i I E R

17
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(Brown et al., 2020) - & ¢ BioGPT R4eih 2 @ 8 4237 25X ix47 31 € * soft
prompt tuning FAHF ( B]4e#-F R T e B4 1107 ﬁ%] ) ride A B A
REibt hi o L AE L D AR MA S T VRS 0 LR
* BioGPT & {7453 o 4p >3t GPT-3 ~ GPT-4 ¥ 1§ instruction tuning 73] it
LR A EARM 0 BioGPT £ & § Mk £ i 4 0 AR B AR
T F OB EFRR Y A FRF LM A RFERTF

(disease-context prompt) 7% » FHk 3 0 Y EEH g he A kg 2
AR Y A RS AT B OB AF RN - 20 &2 03 A A AprE
cd 2 FE B E R o FIPU RO R A 49 5 A e prompt - B_AFT § ek

é;fﬁ}ﬁ? - o A iz 4 BioGPT ?[f’c"k? T AR R B | (Luoetal., 2022) >

‘34'\\;'

KT 2R SRR 2 F EFH A AR M prompts 0 I ¥ TR S B D
E’-kr] P,f?_ I;Lﬁ;:j\ Hip kg @’;rg » B EH P 2 AML AP B e

B & hprompt B R G

"Human gene that related to Acute Myeloid Leukemia is the"

P 3E prompt Gk R BEE S kB ’}’?i*;’§iaﬁ’:?}§l\‘ﬂ ¥ Lenpop e A F1% 2
Bifg et 0 ARV LAY anE &R s 2T 318 BioGPT
BAER GZiB B T b T A T LR 0 i@ R 7 A TR B A M
ST o fA Y o A PELRT]A I prompt K3 E I A F B RS-

TR AéHE T H#-_lg ETRRI (S AP E LT ISR Adp Y éﬁ_m prompt

<

3% prompt e ¥ E_F 55 4] prompt g T FLE o Fp NI M aE g
it prompt 175 1 & 447 % chll# R4 5 1T 5 I A8 3] prompt 9T R T fy i
72 Ie 8 3] b prompt 2 # K€ 3 4 3T prompt chg % 0 MR RO RS %

fET BV R PR e RE2 b e FREFE s 1 % BELR prompt

18
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TERDEE LR B UPFEL T IS FRH G o AU TRBIER fip
AR S BT AR A F G 1RF DA i o o
xf TOABERE T PEE TR 2 ¢k 5 AN P PR g R ATk 2 P prompt ‘;Lﬁaﬁ & GPT 3¢
PF SR F T AN a3 5 H e (lefttoright) 2 £33 8 > 11 “gene” v
“Acute Myeloid Leukemia” 5 &+ %< » I 02 “isthe” & “suchas” % & %
FRE O RKAFFI TR HTEG L KA L P E R AA T

LW GEERIESE -

3.2.3 Next-token prediction

AT Y o AR ® T F] % F 2 A (Causal Language Model, CLM ) £
RIS FIRAEE TP RAFI LR, DR AL A BFR T IFAMME - S
@3 o P4l * BioGPT e I & - :@3gip] | (Next-token prediction) it # > 1345

Iﬁ’fﬁ B prompt > Gt ST AFLAITL T - B Mo F ot (R 3-2)

PPREERR €T PR E > S AAT LA ZHEL HE - vocabulary
token » @ &_§ A 372 5 #c® subword tokens > @ i PFiE BioGPT # * p ‘?EP? 4
= (autoregressive generation ) ¢ o BPe EaE I Rpy e ﬁig?l ~ #1 prompt
21 token B 7| > FEB| T — B token (P K EAE o 4 F AP Sg4tE - B
AF LR - EREF DGR ﬁaj K 34 B AR M £ prompt 4
" AML is driven by mutations in genes such as | » @ ' P¥ iz £L prompt € A4 5

# -+ tokens » ¥ A dig » BioGPT {é (¥ F|— % 7| dhtokens e F & # ; pL pF L &

~E

[

BATF TR RS A F] B tokens (F R T - R E 000 0 REF T
JUENT = #5o

Bk § APE Z IR P L NPMI > éjl%l?\ prompt 1 s 5 35
NPMI 47 fi# = e subword token F f N £ 5 T — #1571 & 24 token » p PFI{ 7

DR N ﬁ%ﬁﬂ » o ippE A e prompt § % = " AML is driven by mutations in

19
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genessuchasN > B F L 5 I % - fhIppld F 4 F ¢ » NPMI 1% = % subword
token 7 PM ffi i T - #55 7] k2 token > 4ot K f E | R E O NPMI % =
B b5 - fhtoken S F EREH AT UEFDE R FE o

M OFEIFE P AR Y &t transformers £ i* ¢ 7 BioGptForCausalLM £
AutoTokenizer i& {783 p #5 token i 22 4 = 4 # (logits) JEP~ - H ¢ L rxix
token-by-token 7 logit /# R I 7% > € & 3-8 ¢ G55 § T token 7 logits T 14
softmax S #icig 3 S 5 E o

Flh P EAFILHERA - DK E 7 5B tokens 0 F]t 444§ token K 7
 Ttoken R FWF f A, = N4 BB S - o #5325 RF - token
SR FEFF IR wEFL S TR - BB EE A -
TR AR R R 1A AJE A o3 3 (out-of-vocabulary, OOV ) it 4 3l
Moo s R JE L PR D AT L RARE - ARATES AR S token 0 R AR
WHFEAAEEL T P ECHEFRFIRME PRATFIRAMRKE o
Tr A AR R R RS ETE R S token Bk o -
HRCEZHRBLAPEDL LR 232 24 1 BioGPT R4pth2 ¥ 04
+ E7%3% 3 (Guetal, 2022) » ¥ 2737 # ¥ 5 &9 next-token prediction 4 47 = 3% -

3 (Brown et al., 2020 ; Radford et al., 2018 ) -

prompt Gene name | Probability
“AML (Acute Myeloid Leukemia) NPM1 1.0092e+02
is driven by mutations in NUP214 2 5032e+00
genes such as” Find the - °
probability EVI1 7.6325e-01
l Input of the next MYH11 3.4913e-01
token

RUNX1 1.5528e-01

Qutput

MECOM 1.3053e-04
DEK 2.1475e-05

Bl 3-2 : £ BioGPT = Next-token prediction z * % 1#

20
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324 R R

fié * BioGPT it {7 A F] & fLengplizaad » 2P - 1 R R g L4
F - B ‘?"Eﬁ?" ViR - FEIp)F — B token e I F LD P B 2 S f:}i‘,’_ik
i’xﬂﬁé# token » I AT i%?ﬁﬁ%“ token z_ ¥ % (B 2 E I E o BB o R
AT LAt 25 5 4G token iF 5 ehfk ff o i&48 token-by-token 3k 4%
BEp R e s PREERAFILFALF S ERTRME P ¢T
o JEA G T ACHB R &S AT token BB B f il B L4 S M
Bood Flpt s AFFT R TAFE M T R Fok > BEAFESLHL 0 B HED
AR ERPAT AP RFE LT B LS g (F33)

FAEL S A B R i 5 — i token TERIFF A ] &
# token iE 2 8 5 EAp S £ T35 gt 3 2 5 Per-token Total Sum Normalization >

( Zhavoronkov et al., 2023 ) H #&& 4 7 4o

n
1
=— log P(¢; | t;
nZog (8] t<0)
i=

B Pttty » & F] L HLAT R 2 chtoken B 7] 0 P(t; | t;) % 57 % 1 1 token
% 2 5 1 token FWJ‘ 4e 3 prompt i 2T s E o gt 3k S ",f token # %
BB WrE L RIEREL R F RFLE LR > 1T log-likelihood
e 35A5 58 5§ ~ 83 7 #3 ¥ * oo normalization K v¢ (Radford et al., 2018 ) -
Y- el Ed A token BN TRR BT TR ARIEDE 0 T UARHZ
% Length-based Normalization 77 ;= @ £ §8 k2L i 88 4048 5 ",% 14 token #c
FhTER o AR L 32 4%~ BELNEOA T F A% (HGNC 2 41
F]) PE IR RIS A F A5 e 74 TR o A P15 i Mann-Whitney U & % &7
Paired t-test K AL B F M > S E BT AP OREC LuimP % s £ A
A o FRAZ DI AT AIEHEARS B 7 FE 5 E B token &

it FREIT RS BHPE T ORI RFEE P RERL - FF T AL

21
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P AT L AR GERR T T ORE T £

gh‘(

#c (Language Model Score ) »
B3 e hE gtk o BRI A B BB T A AR 0 T B LR

LG BRT P EEE o

Probabilities normalization on each iteration : Normalization by number of tokens :
Prormatized token = P(token) P(token) / number of tokens
EA!! gene tokensP(tOken) —
Token 1 Probability
The newly generated token append N 1.01456+02
to the end of the previous prompt
Token 2 Probability
N rounds

Input _— PM 1.3542e+02

Output Token name | Probability Token 3 Probability

N 1.01459+02 1 1.0002e+02

B 3-3 B %] £ A4E token SERIAALR o WML ¢ § A F B0 prompt » iE
token TF I Ak F] £ fLie S 2 5 B 50 nif 4B o B 02 token T A B A

22

WASPF  ALLE-HEF T RCFTREURIERBZL -

325 EEFRER TR
AL T AR EHEA A AR Y T R GPU 4eig a4 2 A RIIREBIRE

THEF o ARFLT L@ NVIDIA GeForce RTX 4090 GPU - 2 24GB %
elafl 0 R 2 32 BioGPT i3] 2. B »cdi#h ¥ % = Prompt Fr PFiE 5 2 £ o 4250
B3 %3 5 Python 3.10 - 35 e Huggingface Transformers £ i & {7 -3 4% » &2 2
N4 1T # 42 LangChain t2 28§ (¥ 23855 2 = (RAG) # it c » EFTHRE
S RgE* FAISS R P A aiosd  mFEL B grafz v AP ERAEN
doo s HAEH FE ST GPU B ® 22 0 X M iadhE B 2P AgT ik
foo Bt SRAAPTRAETY ERPER e AP R L FRYAES

LR SRR E £ X S DR P IR F e R

22
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33 WEHBLA

&2 BioGPT 5 A# 2 R FIFRREi47 > 24 prompt 1 473K 342 &

19

P EREEANAA BERY BB FLAFI LA - R > BioGPT 82k &+ £
i#?%*%i@ﬁﬂWWﬁ’w4 REIHE ) D E T R NE L AR

?L]%E PAr R B EFERIE R L R AP HRAE 0 I 2T E KB

itk % 3 % 4 & (Retrieval-Augmented Generation, RAG) 2 #1{ .- 78 &1 ¥
FOnE I o
331 &P HG

%1fmﬁmWﬁMﬁ?ﬁﬁﬁﬁ%aﬁ&’5¥~%a&?%ﬁ%%’ﬂﬁj

Y
b
_H
AY
}T}.
el
A
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342 NS A B B ATV EEchg AML AP M K26 BATF > 5K LA

housekeeping genes 2 - M 40 B AL F102 1% 5 B L ¥R 2 o

Gene Symbol Gene Full Name
TUBB Tubulin Beta Class |
EEFI1A1 Eukaryotic Translation Elongation Factor 1 Alpha 1
YWHAZ Tyrosine 3-Monooxygenase/Tryptophan 5-Monooxygenase
Activation Protein Zeta
ACTGI Actin Gamma 1
HMBS Hydroxymethylbilane Synthase
TFRC Transferrin Receptor
LDHA Lactate Dehydrogenase A
PGK1 Phosphoglycerate Kinase 1
TPII Triosephosphate Isomerase 1
VIM Vimentin
YWHAB Tyrosine 3-Monooxygenase/Tryptophan 5-Monooxygenase
Activation Protein Beta
ATP5F1A4 ATP Synthase F1 Subunit Alpha
CYcl Cytochrome c1
HSPAS Heat Shock Protein Family A (Hsp70) Member 5
IDH3A Isocitrate Dehydrogenase 3 (NAD+) Alpha
MRPLI19 Mitochondrial Ribosomal Protein L19
NDUFAI NADH:Ubiquinone Oxidoreductase Subunit A1l
SNRPD3 Small Nuclear Ribonucleoprotein D3 Polypeptide
TUBAIB Tubulin Alpha 1b
UBB Ubiquitin B
RPLPO Ribosomal Protein Lateral Stalk Subunit PO
RPLI13A4 Ribosomal Protein L13a
UBC Ubiquitin C
GUSB Glucuronidase Beta
ALB Albumin
RPL10A Ribosomal Protein L10a
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Embedding model t value p value
S-PubMedBert-MS-MARCO 2.8287 0.0045
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t-values (Paired t-test) on Different Chunk Sizes
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ELN Gene Scoring under Different Prompts (Boxplot - log scale)
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Prompt-wise ELN Gene Scoring (Heatmap - log10)
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logla(Normalized Probability)
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loglo(Mormalized Probability)
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