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R IcBIF 3 LLM 2 W=7 — X HERICE
WTC, I T — X2l % 72 DR & ik
RT—XERMAT 2EEFECOVTIRET . B
HWENZE, ERENZTF A FPDOIELWEFRNY 7
N DNEDREF & Z DR D 72, JTDFIR
T=RDTFR M ERINTTF R OB IE
WOWTHES « B EITS. /2, IRT— &2 2
T — XD DENN X B BRI Z 57201
PRk T — & LA T — 2 2 EIEE R T 2 FiE
WCOWTIRET 5. DrugProt 7— Xty b ZEFIFL
72 EETIX, IRRT — X OEWHHMEEEIC K&
BT LR LEFETFIRCK > TR T —
RICKBEHEEMZOND Z L RHER L7,

1 IILHIC

THERA LT — X056 NVIRETR ¥ DREE D HEE
N7 e Z DM B RZ M3 2 BRI 2 A < B
RENTW3D [1,2]. ETERER BRI O FEH I,
TRV ETF—REAWET 7 A v Fa—=r N
BHTHB. LrL, TN EF—XDOERICIE
IR b eRER2DZ720, REDT—XDINEIX
#HLW.

ORI 2728, F— XLEE [3, 4] D)L
IR TWS., ZOHTDH, EFEITKHEBSE
& 7 )L (Large Language Models; LLM) @ 5\ 5 a5
REES R R Ul 7 — RILBRFEDSEH STV S
[5,6]. ZHNBHDFETE, T —XNDTFR b
rZRUCE TN HEE L 2 OBREITIC, FDRE%
EEOHIRTEFAMNEERT 5. LLM IZIERE
NI-HFERT7 & ZDOMABRTRINZBBRNY I
B IHESCRFADO T F A MEERTE 3.
EREINTFAMIEREINLEFRIY Az IE
MRS 2 e 2RMEDHE2T—XTHEZ L
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DBRRETH 20, ZOFHliz T 5 FEFIMZLI AT
Wi, Fz, ARENTT XA VEEDEI T —
RDPH % KL TW5 LIZR S W=, Hifliic
JERT — R ZBIMLTLE S DT —X Doy
MEBLTLESRENDNH 5. 22T, AT
X, BARMIHICBT 2 LLM & W7 — X LRI
BOWT, RSN TF A IPIELWEZR MY TL
DODRNELZRFETETVINEZHTH 202 Ml S
% 7= DIRE L ER S NIRRT — X D R DE W
WX BB R Z 2 720 DEE DO HIEDKRE
ZPHRE T 5. #BEcOoVWTIE, LT3 TFF X
CAERINTFRX M ERLEFLIIOWT, EEODL
e FHBERT7ICHER LB 21T 5 fiiconT
MET - i 5. HEERT7ICT 4+ —< A LZHRT
1%, LLM ZHWTHREBXR7ICHEHR L 2N 2 ERK
TERFERRRET 2. T/, FEANOFHICBENT
FER U THRR T — XA THAIC 7 74 Y Fa—=
7L, EHLRITDIMT =X TI7 74 v Fa—=V
735 TIRT — RO DE N & 2 BEE
PHZ 2FHEICOVTIRE - i3 3.

AHFEOERIILLITOEBDTH 5.
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o BRIHICEB T 2 LLM 2 W=7 — X LIRS
BWT, ERLIRRT — X Z5Hii3 2 72D
IRHER LE# L, DrugProt 7 — Xt v b [7] % H
HL7ZEBICBWT, LR T — X DEWVWHER
ORI KRE ST L Z 2R L:
LR T — 2 2OV HITBWT, RRT— X
AT — X DA DE I & B EEE R X
572D DFHFEICOVTIREL, MREDK T ZH
ZABIEMTEDL L RHER L=,

2 BOEAZE

ek e, BBRMEEARZDF—EZAREERMS 7=
OIZ, T — RILERDA K L E N T E /. Mintz 5
(811X, BIFOHGRN— 2 RTEHA L, MRy k2 H:E
MOBREEOCXEINET 2 2 & TR 7~
& F—X AT 2 ZE/MANYYE 2 REL 2.
ZOFHRITED, REMERR T LT —X 052k
REMRT — X BRI T3 2 e 2A[REL L
7. F7z, Yu b 9] EBEHFED 7 AT E T — R B
W2, N Z bV RAL—Ya vy EHAWS I L TER
REWDNRT IV —AXEERTHZETETILD
HRe% A E X7

IETIX, LLM ORI L, BfRfito 7 —%
TERTFEN X SHIZHEEL TV, Hu b [5]1F, LLM
ZHOWT, XOBEKRN—EM e XS TfER LD
D, ZRMEODEZXEERT HFEEREL TV
%. %72, Zhou 5 [6] 1, LLM ZFH\W\WT, JLOX &
HERINCIZELU L TV ER ZRFADO R AR T
587 7 L—RFky, BRNY I EHICH R
RELERT D FEERRELTVWS. Zh5DET
AR L 728 e 7 — 22 X B BRI E T v
MREM ERE XhTw3.

3 REFE

AL T, BERMEICE T % LM 2w
F— ZERIZBWT, ELWVWER MY L2 EAT
WE P ZRETH 2 0% MiliT 2 7= B X -
T X R N EFHGT 2R e ER S NIRRT — X %
BIMIHAT 2720 D0FHFRICOVTIRET 5.
AEITIEET, 77— XIRFEICOVTHHAL, X
WA SNz T7 £ 2 b 2HET 2OV T
T 5. mERIZ, fER LR — 2 2R L8
FTFEIZOWTEHAT 3.
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#i#H# Instruction ###

You are an Al specializing in data itation for the DrugProt dataset.
DrugProt is a BioCreative dataset of PubMed abstracts, annotating drug-protein
interacti and their biological relati hi

#iH# Entities ###

Entities in DrugProt:

- CHEMICAL: Drugs or chemical substances (e.g., Aspirin, Ibuprofen).

- GENE: Genes or proteins that are either directly regulated or indirectly influenced

(e.g., RUNX2, MAP kinase).

#i#H# Relationship Definitions ###

"ACTIVATOR": "Indicates that one entity activates and enhances the effect of another."
##H# Data Instance ###

relation triples: ["'DPHD:CHEMICAL","ACTIVATOR","MAP kinase:GENE"]

**Objective**: Generate a set of sentences that meet the following requirements:

1. Each sentence must include all specified entities and represent all given relations as
described in the provided triples.

2. The sentences must be semantically similar to the following sentence:

“The h-OB were 10-100 fold more sensitive to DPHD than transformed osteoblasts:
DPHD increased h-OB proliferation at 10nM and, at 100nM, activated MAP kinase
signaling within 30min.”

3. Use only the entity names without including their types (e.g., "Aspirin"” instead of
"Aspirin:CHEMICAL").

4. Ensure all generated sentences are unique, coherent, and grammatically correct.

5. Provide exactly 10 sentences, written on separate lines without numbering or
additional formatting.

6. Avoid introducing new entities or relationships not present in the provided triples.
#i#H#H# Example Format #HH

augment data1 ,---,augment data10

3

"The application of DPHD led to a significant rise in MAP
kinase activity in h-OB, enhancing their proliferation under

l optimal concentrations.",

LLM "DPHD treatment was shown to enhance the activity of MAP
kinase, leading to notable proliferation advantages in h-OB
compared to controls.”

E2 7—XEEOH
3.1 LLM ZRAW-7T—23L5k

LLM %W/ 7 — ZILRICOWTIE, U FD 5o
D7 aryTHREhTa Y7 M2 LLMIZA
NT2ZeTTF—224RT5. K2icFar 7 b
DFlZRL 7.

Instruction: LLM O&E#H e 77—ty M OME %
HAT 5.

Entities: 77— Xty N CHHINZHEXA 7D
ERTHAT 5.

Relationship Definitions: 7 — X f ¥ X & ¥ X
WoBGBE2A4 T7ToERZHAMT 5. M2 0D
BT F—&FA4 YRR YZADODHEB MY
7 )L [“DPHD:CHEMICAL”,“ACTIVATOR”, “MAP ki-
nase:GENE”] DBi{%& & 4 7" ACTIVATOR {ZDWT D
EREHHL TN S,

Data Instance: £ TN Z 7 — X2 3 2 BEKH
RIEERZRT. BN ILETTOXERRL,
ZTN BB G eI X2 ENT 5 X5 R
T5.

Example Format: “£{5 2 X ORI RZRT.
BARHNCIE, X 28UTTH, HEEMmoiE
% LT T 2165217,

ZREBXEERT 272012, 2D X 512D
N EKRIICEMT 2 X5 B XE24ERT S L1
TBRETZ2HELLU RO L5178y 7+ D Data
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#H Instruction #iH#
Summarize the relationship between the given entity pairs concisely,
describing their connection naturally and informatively without explicitly
mentioning predefined relationships.
##Ht Example ##H#
#HHE Entity Pairs ##HHE
[["DPHD:CHEMICAL","MAP kinase:GENE"]]
#iHH Input #HHHE
“In the experiments, DPHD proved to be an effective activator, resulting
in the activation of MAP kinase, which played a pivotal
role in h-OB proliferation.",
#HHHHE Output #itHH
"DPHD proved to be an effective activator, resulting in the activation of
MAP kinase."
#it# Output ###
#iHH Entity Pairs ####

[["DPHD:CHEMICAL","MAP kinase:GENE"]]

#HEE Input #HEH

"The application of DPHD led to a significant rise in MAP kinase activity
in h-OB, enhancing their proliferation under optimal concentrations."
#itH Output #HHH

4
» The application of DPHD led to a rise in MAP kinase activity. |
LLM
3 HEEER IOV T O BRI
Instance D—H 2 ZH L TtD X & BERINICER %
EOHERT 2 GED 2 T T — YR Z1T 5.

2. The sentences must not be semantically similar to

the following sentence
Co2fHDTr Yy ST I0HOXBEREE S
Z T, it 20MHDIRT — X 2T 5.

3.2 ERTHF R h2FHEiT B151F

AT F 2 b OFHICIE, TTOFIT — & L kR
T—=RXDTFA R ERELERT 2L HEERTIC
HFHLUTHET 2EED 2 >0 FHfEE %2 A H 3
2. 7X A POLIRIZIX, Sentence-BERT (SBERT)
[10] T OMHDAAICELL, a¥ 4 YHEMUELH
WTHBIER a7 25HE L, 1RT — X OFHlitEHE
U CHIHS 3. AEiT1E, L, BREOHERY
WIEH L THE T 2561V THIAT 5.

FRER7IWCHEH LR T, JifT—Xo7 %
A b HERT— &2 DT F A DM FIZOWT, LLM
ZHWTHBR7ZIGER LAEENEERT 5 (X 3).
Z 2T, HFERTICED 2% MY L OBEGRMAf
ORI N T WD, R MY I 0BRS
siREh TV D TAAREMEZE R L, EH
DERICBOTIRBEFROERESEZ RV T
5. ZOEMIZED, TFRAMNIEEFNLHERT
DS oERZHERT 5. 1ERL 72 Z5491%, SBERT %
W Z 1T, FHiifER e LA S 5.

3.3 #iRT—FZFALIFEE

ER L 72ihiR 7 — 2 2 FIH L7228 T, IR
T—2EIMT—XIEBML T 7 Y Fa—=V
ZLEDBIZ, T — &2 THE? 7 A v Fa—=

— 4264 —

K1 EBRTHBALEAAL =T XK

RTIRX—& i
R 5e-5
=Ny FHA X 4
TRy 7 10
Tx—uL7 v THHE 01
HANE 0.1

Extract the entities [CHEMICAL, GENE] from the given text and list the
relations of the types
[ACTIVATOR,AGONIST,AGONIST-ACTIVATOR,AGONIST-INHIBITOR,
ANTAGONIST,DIRECT-REGULATOR,INDIRECT-DOWNREGULATOR,IN
DIRECT-UPREGULATOR,INHIBITOR,PART-OF,PRODUCT-OF,SUBSTR
ATE,SUBSTRATE_PRODUCT-OF] that exist between them.
TEXT:“Cyclin E-cdk2 activation is associated with cell cycle arrest
and inhibition of DNA replication induced by the thymidylate synthase
inhibitor Tomudex.”

< EZE

Flan-T5 - | ['Tomudex', 'INHIBITOR', 'thymidylate synthase']

B4 72 AR X 2ERME

VIERITS. BEDOI A VFa—= kD,
WEF — & v IlT — X ICBI 3 0HDOE WL S
WP T2 2T 3.

4 ER

4.1 EERETE

BpMmH 222707 —%+€y bk LTI,
DrugProt 7— &+t v b [7] ZffH 3 %. DrugProt I,
Y ELEBICE T 2 AR 2 X 7 D7Dz
EEINET—ZEy v THD. ZOTF—XtEy T
&, Y &2 EOM D 13 IO BERTER
SN EEND. AT, XCHEATOREMR
HHERRE LTWE 720, X2BEWEHERT
Z O OBRIIFHMIICIEED RN e L. R
¥ LT, XHANOBERIX, T — X5 6,59 1F,
MRE T — X D3 1,427 £ £ 72 5 /2. DrugProt 121X 7 A
FF—Z BRI TWIRWED, REET— X% 2
DTEL, Z2O0¥0n%ET AT =X LTHW:.

FHICE, EWIEREDI R X TV B Flan-T5[11]
AR L ZBGRMEE TV (12] R L. BEER
FIZHE- T, FlanTS IZXZ AN L, XITEEN L H
FERTZOMOBAFREN TS T XA MK AZ X
7 M4y LT, BERIMHEZITS STV EZREL .

NR=ZXETNVROILRT — R Lo THET
ETME, BIIWCRT XIBAA =T X RTH
BEITo 7=, BT LOMEREFHMIIX#E & (Precision)
L FHHH (Recall) DFAFIEETH % F il (Micro-F) %
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R2 HRT — X OFEYUEAE L T2 2 54802 X 2 BfRAHMERE D LS

HhER 7 — X DR ALE HER (%) FEHE (%) FHE (%)
ZL FIT—%DH) 63.95 69.02 66.39
R 7 — X 23T — 2B L TFE
A 57.28 65.80 61.25
EZLEES U 7= J5 U R a2 7 A3 62.39 70.82 66.30
ERELCES U 7238 R a 7 A3 En 62.35 70.69 66.26
FEARTICHEH LEME R a 7 23Eun 57.47 67.41 62.05
HFER7IWCER LZEME R a 725580 60.63 67.29 63.79
TRET — X DRI T — X 2288
SURAT—R 61.15 71.00 65.71
ERELCER U 7230 R a2 7 A3 62.49 71.62 66.74
B U 7= J5 U R a 7 A3 ED 62.46 70.81 66.37
FHFERT7IWCER LZEME R a 7 23K 61.22 70.63 65.54
FERTICHEHR LEMER a7 25EW0» 61.43 70.57 65.69

-,

31 EICHE- T, AT —&icEEhs Zzhzh
DERICOWTHIRR T — X BN L7z, 3.2 #ints
BrHWT, fiRcodlr—s2ozhzho s+
AP eRLETFR 2R 7T L, LFRD S
D OBEIRFUET 20 HD T — 205 1 H$OHLR
T =X DFEREITo Tz,

o« T UKL

o [ERZLEER U2 R a 7 MR

o ERELER U ZZHLUE R 2 7 i

o FFERT7ICHH LZFELE R a7 238

o HFERT7IZHEH LZELE R a 7 RN

FETE, AT — ZICEEIRR T — & 28U
7eHE L 33 ETHA LR T — X CHEE L%
WCHIR T — & THE S B 7RIS OWTHEZTTS .

4.2 PafRMHEEE

DrugProt {ZDWT, 538D DREZ 2 ERFIETE
R U705k 7 — & % 238 b O A THEg U 724G
RER2ITRT.

BRXD, 3, IRT— 2 OEWHBEFRME D
HHEICKRELS MBS 0h 5. [EUIERT —
KXEBMULEEZEORETDH, 7YX LTGRAEY
AIRESHRENMET L, HEERTICEH LR
ERa7EHWGEEd —EDRTRE LN S,
ERZLLE U2 R a7 TEALRHIIEREDOE R
DNEWV, ZNENOIEETEARL T — X PFHEC
DL BREEENRIZFLTWE2IZOVWTIE, &b
WD TH 5.

RiZ, ETOHEETBVTNET — X 2T —
ZIGEMUTHEE T2 XD, ERT— X DRI
T =B ET PRI EZIMZ 2 Z e HT
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ETCWVW5. ZHRIERT — R DRICHIFR T — % &2
BT, HRT—22HWEEEITEWT,
JER T — & L AT — Z DA DEWIC & B B
PR B EZRLTWVWA.

I, ERZLE L ZE8ME R a7 R WIRER
T=REFHLEERIC, T TEH55, T —
ZDAHDMHMERE X b S WERESS Sz, Lt
BLIZEMER a7 ICERT 2, 2a7P¥Ewn
F— X TIRFEE S IEDE BN DI W—)T,
A a7 PENT — X TIEFEEFECE > THEREDZE
EBRE LN, ZOMEEZ, 2a7hEniEDY
BT — X2 e W27 — 2 %FEIRL, X2
7 ERWEGEIEIZRR T - X EERLT0WE 2 e H
FRETIERWreEZLNS.

5 &HDHIC

AWz, BEFRMEICE T3 LM 2 AWz
F— RILRIZBWT, EAREINETFAIDIELWL
R MY TV ONERE: e 2R 2 FHE S 27200
B EER S NI HLR T — X D DENT K 55
BRMZ27-D0EBFNOFHAGEDKRET %2 HLY
2, TDTF AP ERINZTFRAMNEHKST S
2 ODIEIE L IR T — X LI T — R R EIC 22N 3
BEBTFIRICOWTIRRE L. BELEEEHW
725D DT — YRR R U AR, Rk T — &
DENH BRI OMREIC K E SBT3 2 L 2 hE
DLz, Fi2, EERT—XORICHIMT — % 2228
52T, IRT —&2ICX3BGRMEE T L%
HEANDEEBRLMZI 2N TEEI 2R LT

SR RBELABESHEEFRICOVWTOMR
M- dER2ED B L DI, KRR T — XGRS
fToTW FETH 5.
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