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T-SeGAT: Molecular Property and CPI Prediction Model for Imbalanced Data
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Abstract: Molecular property prediction and compound-protein interaction (CPI) prediction are key steps in drug
discovery. However traditional graph convolutional network (GCN) are limited by local receptive fields and cannot fully
capture the complexity of chemical structures, dynamic changes of molecular conformation, and long-range electronic
interactions, which causes bottlenecks to the prediction performance. To this end, this study proposes a deep learning
model, T-SeGAT, designed to improve the accuracy and generalization ability of molecular property and CPI prediction.
T-SeGAT integrates the ESM-2 protein language model, ChemBERTa molecular language model, and a graph neural
network based on graph attention network (GAT) and Set2Set, thereby enabling multi-level feature extraction and fusion

from sequence to structure. Meanwhile, to handle the imbalance of experimental data, the model introduces weighted
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random sampling, balanced/focal/adaptive loss functions, and a dynamic threshold search mechanism at the levels of data
loading, loss calculation, and prediction decision-making. Furthermore, it combines an AUC difference-based overfitting
suppression method, early stopping strategy, and learning rate scheduling to enhance training stability and generalization
ability. Experiments are conducted on the BACE, P53, and hERG datasets for molecular property prediction, and on the
Human and C. elegans datasets for CPI prediction, with stratified five-fold cross-validation adopted for performance
evaluation. The results show that T-SeGAT consistently outperforms existing baseline models on all datasets. Among
them, on the BACE and hERG datasets, the AUC and precision improved by 0.022, 0.010 and 0.004, 0.022 respectively
compared with the second-best model, while on the Human dataset, precision increases by 0.013. In conclusion, T-SeGAT
demonstrates clear advantages in precision, stability, and practicality, providing powerful support for molecular property
and CPI prediction in drug discovery. \ e

Key words: graph neural network (GNN); molecular property prediction; compound—protein'{i'nteraction (CPI); imba-

¥
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[Adam, AdamW, RMSpro]
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2026 4F #5354 H3 W

K (Precision)~ 13 (Recall). 2525 BAERHIE M 28
NTHFH (receiver operating characteristic curve, ROC) HH
2§ . Matthews #H¢ 2% (Matthews correlation coeffi-
cient, MCC) P K ¥ 1 2 -4 [0] # (precision-recall,
PR) HEZE. N PR PR AR W) T 5 & IR AR

TP+TN
Accuracy = (19)
TP+FP+TN+FN
TP
Precision = ———— (20)
TP+FP
TP
Recall = ——— (21)
TP+FN
TP
TPR= —— (22)
TP+FN
FP
FPR= ——— (23)
FP+TN

TPXTN - FPXEN

C= :
\/(TP+FP)(TP+F]§/)(TN+FP)(TN+F](V) )
! 24

Horbt, TP RIS IE BN E AL, TV 25
SRR TR A S RE AR S, FP AT FN 43590 9 5K
R BN TE R A R DL R LS TR TR f
FEAEL. ROC 42 LMEFHZ FPR 4 x Bl FBHZ
TPR N y %k B i 28, AUC A& ROC 2k~ 1T
FUH, BT 1 Ron 7 Rk RE kLT

— MM 5, Accuracy & BT &48 45, #0772
T8 FAESS w1 o 2l JCHR 5 WL Ak
“PETBAEEE, Precision 1 Recall B j5 7 F IEREAS, K
AARIF ML RCR. ROC #iZE 1 PR 2 1H 5515 2

¥

#J AUC 1 AUPR (area under precision-recall curve) . |

R AR BB LR A YR R 5, Matthews AP &
B (MCC) 4355 TP, TNy FP. FNIX 4 TURFR, %}
AT KO LA SERRE TR BE.

2 SEIR R
2.1 FTR#ESE
N T ATV A SO %, BATER T 248854k,
{135 BACE. P53, hERG. Human. C. elegans. & 5
TEHAH TR AR LM TEAE B, b BACE. P53
FhERG 31X 3 M A H T4 7 1 L 50155, Human
A1 C. elegans HT-1b&4-8 A BURH BLAF FH FUIIAE 55
FESy I BT S5, A T BAR 3 AN 4E.
BACE ¥4 #5415k |4 NCBI PubChem BioAssay

38 FiteLEik Special Issue

(Assay AID 411279), 3.5 %1 1500 MEA YN B-73 A 1
(BACE- D) Hma i 4 44, T PPl B8 4 BACE-1
ORI B P A .

P53 $#E 4 5k F TARC #1 NCI 1 TP53 S48 %%
Wi e, L5 24 2.5-3.4 T3 5 AE N R B4 A R oL 5%
B P53 RAZ, 2 F T E B Dy RE SR AH S AT

hERG #4408 4 7 ML A B S50 45 1 (PubChem
Assay AID 588834, ChEMBL. Zenodo), 3t JL T4
JUSRAE IR 1Cs (AR AIARRE, &2 % A1k (O
RERGHE) T A0 Bbf Mg, |

7E CPI TRIUAE S5 o, 3k — K H] 7 WA JE v £ dfs
#: Human™5 C. elégans" ¥4 829 A FF 19 CPT Ak
Kt FLOREAK S Lin 25 AP i ml 5 i ik
NEZE M, JEARFF IE R AR LB 101, B REH
DrugBank 5 Matador 25 %55, J5 # Tsubaki 25 A5
T 2 BURFE 2= St serh, SN EsYR CPI # B
HEX R,

Human #0486 & N S BE DR 2 A O304 1,
NEERE R, GFEEETFA. Thht. RAFEZ
Bl R EME B U .

C. elegans 4 560 7 75 WN Be A 2 H i) Jk R 48
M. WA AR, AL A R

et B E 50 R
x5 BARETEAE R
G/ Ly e/ ol Bt
BACE =4 1507 691 822
P53 " 7460 529 6968
hERG & | = 9804 4668 5136
Human 2001 1767 3364 3364
€. clegans 1876 2111 3893 3893

22 B&5%

N T VG AR PERE, T-SeGAT K4 il 5 % Fh
R IBLES 5 TR R A HET O AT R R M
TR EE 2 S BRI TAE AT LR J7303 8 K i 4R
(KNN)PLL BEALARMR (RF), BEEE4R T, GONMY,
MPNN!2 MG-SH1, CPI-GNNPO,
CPI™, DeepCPI’!. GraphCPI™*!.
23 LWEHER
23.1 ST PR TN AS R VAL

% 6 JEIR T T-SeGAT I3k J7i%:4E BACE i
£ FHIEE R, ATLUE H T-SeGAT 7£ BACE $idl 45 I
it AUC. Precision. Recall. MCC f8F55 7N 0.887.
0.789. 0.834. 0.664. 7F. 6 MHEHERRI 1, T-SeGAT 7L

Transformer-
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i H AR SN A

AUC #8b5 EHUIS T B UF 25 3, i SR THE Precision.
Recall. MCC iX 3 M85 EEUS T Bl s, BIAR S
J7EAE Precision Recall F1 MCC iX 3 Tifg s L8k
T B B $e T 2 A L B Y B A 1k et A T 2
TR T 35 7K P, 3 150 B A AR Y 0 S5 4t ) TV B
FORH B A I RRIE 22 2] e

# 6 BACE Higsh

J7i%: AUC Precision Recall Mcc

KNN  0.815£0.017 0.748£0.030 0.784+0.024 0.563+0.048
RF  0.787+0.043 0.746:0.029 0.784£0.011 0.589::0.084
BERFERTE  0.881£0.026 0.830+0.044 0.859+0.034 0.706+0.054
GCN  0.865:0.012 0.777+0.030 0.810:0.045 0.617+0.125
MPNN  0.793+0.031 0.720£0.015 0.760+0.030 0.620+0.068
MG-S  0.865£0.023 0.779+0.042 0.882+0.026 0.6210.057
A7k 0.887£0.006 0.789+0.052 0.834+0.036 0.644+0.034

232 AEY-EE T ELE A TN S SRV A

% 9 JE/R T T-SeGAT MLk J7¥:7E Human $0#5
LR SRR, FFTH B4 777, T-SeGAT
£ AUC. Precision. MCC ¥R E/KHE, B, Preci-
sion G 22 709 0.013, BSR AUC 1 MCC 5k
PRAR I JE AT, (H S MR PERE R UL, T-SeGAT 7
Human 30455 FHUTS 11 e 30 T L 2 L.

# 9 Human RS R

F 74T T-SeGAT 5 &5k 7715 1E P53 Hidl
£ FRIXT LS5 R, T-SeGAT 7E Precision 18 bra B i
20, AUt B ARFE L) 1 AN 4y AL A AUC,
Recall 15 MCC X3 et b, T-SeGAT 55 M 7715 %%
FRN RIAEY; RN, LRV TR AR LR T
FAR SRR, R eE RE M, ASCHTVAAE P53 Hidli gk
FRERIZAVERE, SIA L AR &R
PR TE A 77, IX UL A T VAR P53 B AR b R HA Sl ik
JrEM R R g 7).

#7 PS3BIRELR

J7 1 AUC Precision  Recall Mmcc

KNN 0.927+0.009 0.887+0.012 0,876+0.011 0.758+0.024

RF 0.836+0.019, 0.723+0.019 0.800:+£0.009 0.495+0.046
ERERF  0.936+0.010 0.880+0.014 0.882+0.018 0.761+0.019

GCN 0.96840.005 0.914+0.011 0.905+0.007 0.798+0.045
MPNN 0.950+0.012 0.883+0.011 0.879+0.016 0.807+0.037
MG-S 0.977+0.003 0.933+0.005 0.932+0.015 0.866+0..038

CPI-GNN 0.970 0918 0.923 0.825
TransformerCPI 0.973+0.002 0.916+0.006 0.925+0.006 0.869

DeepCPI 0.955 — — —

GraphCPI 0.946 — — —

VNGRS 0.977+0.002 0.946+0.006 0.917+0.001 0.866+0.009

J7i%: AUC Precision Recall MCC

KNN  0.953£0.006 0.837+0.014 0.990+0.005 0.815+0.027
RF  0.789£0.012 0.690+0.010 0.760+0.027 0677+0.028
BREEIRT] 0.950£0.010 0.863+0.010 0.953+0.012 0.813+0.025
GCN  0.955£0.004 0.891£0.010 0.919£0.005 0.7800.105
MPNN  0.941+£0.007 0.870£0.011 0.941+0.011 0.826+0.090
MG-S  0.989+0.003 0.943+0.007 0.993+0.002 0.925+0.044
A 0.988+£0.007 0.950+0.015 0.976+0.017 0.921+0:030

% 10 e7n T T-SeGAT FE#E /5 %7 C. elegans
HHRE FRgE R, T LUE H T-SeGAT 7E C. elegans %X
Wi ) AUC. Precision Recall. MCC $8%55 5
90.982. 0.960. 0.932. 0.890. T-SeGAT JaEf £,
AIREE KA C. elegans B2 H¥E =8/, T H/AHEK
B2 MG, A5 IIACRAE FUIA AR 2 3t DL 578 A M3, 52
Wi " BEAAE e RIS it T-SeGAzE E.C. elegans 4
& E IR e SRR S ACEE 1 H i T A A A 1
%i’ﬂlﬂ(?. L)

s F 10 C. elegans HiE 45 R

% 8 JER T T-SeGAT FI3L i 7 ¥ 76 hERG %03
£ R, T-SeGAT £ AUC H1 Precision L)%
T AR SE R, 7E Reall. MCC 1545 oAk T 3Lk iR
SR MRS, T-SeGAT 7 hERG #fE 4 LS
TR tERE.
# 8 hERG HuR&E4;

T AUC Precision Recall Mmcc

7 AUC Precision Recall MccC
KNN 0.953+0.008 0.911+0.010 0.911+0.021 0.829+0.018
RF 0.888+0.012 0.863+0.019 0.700+0.025 0.628+0.025
o B T 0.967+£0.010 0.941+0004 0.919+0.013 0.862+0.010
GCN 0.985+0.003 0.955+0.008 0.946+0.004 0.881+0.033

MPNN 0.976+0.007 0.929+0.010 0.930+0.015 0.909+0.044
MG-S 0.989+0.002 0.961+0.004 0.963+0.003 0.918+0.027

CPI-GNN 0.978 0.938 0.929 0.816
TransformerCPI 0.988+0.002 0.952+0.006 0.953+0.005 0.906
DeepCPI 0.943 — — —

V. NYTRCS 0.982+0.002 0.960+0.013 0.932+0.019 0.890+0.014

KNN  0.808£0.016 0.735+0.014 0.734+0.008 0.466+0.024
RF  0.707£0.012 0.62140.007 0.7104£0.020 0.429+0.022
FRREIRTE  0.793£0.014 0.716+0.008 0.728£0.012 0.434%0.015
GCN  0.843£0.019 0.742+0.019 0.744+0.014 0.585+0.045
MPNN  0.840+£0.023 0.770£0.016 0.771+0.019 0.578+0.060
MG-S  0.845+0.006 0.768£0.007 0.755£0.007 0.547+0.034
AFPE 0.849£0.008 0.768+0.029 0.743+0.057 0.540+0.025

25 EPTIR, T-SeGAT £ 73111 53 HUI 75 il Jre 3L 17
e PERE, JF AT DARFPER R L ar (o 45 1. 78 CPI il AE
%51, T-SeGAT #E Human ¥4 4 _EIAS T e fE1ERE,
et R L, RS A R e iR An LU i AR
51, GRE R AL 2 a L HERE Y b HEAE AT 51, W4
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CPI TR At B A 1R 55 1 5% 4 . A0 T AR S ket T-
SeGAT HA Bz (&t kRl b, &
TURBE 2 I 7V B TR T L 5 I B 7, XK
HHR i 2 S AR T A% Gub L s 2 2] 7 v B s B i ik oy 1
PR T AT CPT F50 1] 75
2.4 jHRRSCIS

AATAE P53 B HE 4 A Human 303 55 _EE4T A
SEH, RIT T-SeGAT BEAY rpr A [R] B HOGH AR AL 4 4 14 R
IS, f ik, AT EEE T 4 4 T-SeGAT [ 71 B 7Y«
1) T-SeGAT-A 8!, A | ESM-2 Tl ZRifk N, 2 E
F7 51 F BE AL 75 A, FH VP AL 2 1 4mBg R H; 2) T-Se-
GAT-B #7 B {# ] ChemBERTa, 43 13 51 B 3%

[ AUC [ Precision [ Recall [ ]MCC

=
1.0 |
0.8 |
$m
& 0.6 |
9z
04
02
T-SeGAT-  T-SeGAT- T-SeGAT- T-SeGAT- T-ScGAT_
A B C D
(a) PS3FEIRE
- AUC - Precision —Recall —~—MCC
1.00
0.98 |
0.96
M 0.94 /0\/.
®
gz 0.92
0.90 + v/\/
0.88 |
-
0.86

T-SeGAT- T-SeGAT- T-SeGAT- 41' SeGAT- T“}AT
A B Cc %

“(© P53¢E?3%E

»

-

4> 0 [ EBENLE S A, 57 5 9wt TTk; 3) T-Se-
GAT-C 1A, FH fi 514 SR sRAAG A GAT+Set2Set,
BRI Set2Set M2 ; 4) T-SeGAT-D BLAY,
IR MLP B 4foh B2 2 1, e o2 5 AR M0,
AU — IR B S BRIk S8 OB — T e, HR s
A SRR B A,

2 /& T-SeGAT BAIZE P53 #i#i4E 5 Human %
P EARSLIR 45 B (a). (b) N 4 THIFM bR AUC.
Precision. Recall 5 MCC E’JH , HFERAFE
MRS SOk = ﬁé@Xﬂaﬁﬂ OR )‘)‘j 5 (a). (b) H
I 4 E’J?ﬁ%‘%ﬁ%@ ﬁﬁ?ﬁﬁ%?ﬂﬂuﬁ Rl B
ME*@E&M:&% M&h?ahﬁ HUEYE FE R 0-1.

_ ‘[ AUC [ Precision [ Recall [ ]MCC

1.0 b
0.8 -
]
& 0.6 -
Im
0.4
02F
T-SeGAT-  T-SeGAT- TSCGAT T-SeGATF-SeGAT
A B D
(b) HumanE«H(.
- AUC - Precision —Recall —~MCC
0.98 -
0.96 +
0.94 +
0.92 +
2 090t
v 088t
: \86
©0.84
-
0.82 +
0.80 1 1 1 1 1
T-SeGAT- T-SeGAT- T-SeGAT- T-SeGAT- T-SeGAT
A B C D
(d) Human#7£& &

Ny E2 TSeGATTE*”EP%%Iﬁé%?‘FDHuman%ﬁ'ﬁé%i:ﬂ’]/ﬁmi%% 1

L ]

B 2 R LG H, 78 P53 #di 42 A Human $0ds
£ 1, 4 AT AL 1) R BB A KBS0 [R] A 3.
7 ESM-2 f L[] T-SeGAT-A AILE 4 AN fih 52 56 15
P R RE R I 22, R ESM-2 BT T-SeGAT
FEAY () TTRR B K T-SeGAT-B A58 %f b T-SeGAT 7
WA ARNIVERES S, LI AR Recall FEFF, Ui BAIHA il
PS4y TN RE ) [FIRE B 22 T-SeGAT-C BLAYTE
4 A fabs A A RIREE B R B, R A& bk
BEHGT T $2 i A5 2 1) 6 1R B 2 T-SeGAT-D %Y

40 L i 45iR Special Issue

XFE T-SeGAT 2 2Y [AIFEA A R A2 FE 1 R %, X R HH
MLP (1) E 2 M 4 5 A2 Ak & 0 AH ELAE FH R 5 X
A AL Z5 FRTIR, BB T T-SeGAT #i
RUARAT 25 2 32 K A I HR 4536 A ] SR /R .
2.5 BfEl. TEERE. NEHE

TENS TSR B . RIS INGRE Lk s
AR MG-S JEAT ST L, N T AR L, X AN 77
BATIFE Linux B IEAT LK, FIH—KHS N
NVIDIA RTX 3090 [ GPU KA Il Zrid F2. 45 5
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i H AR SN A

11 Fis.

R IR, T-SeGAT 1ERT (A1 5 B, 723 (M 5 4= %
5N ZRa80 R 77 T 35 0 AR T 6 B A MG-S. 1 %6, A
SNZRT RIS G, AR EAERTA TS5 3 KIE 45 18
BACE F1 P53 %4l 4 bhnig b4y il miik 15.8 50
7.94 £i%, M 7E Human. C. elegans 5 hERG % #i 4 I
TREFTE 1.5-3 5 2 [0], PRI 5 50 A e AR e AL 54
FOWR, (S AV B AR FE D5 THL, A7 VE M BAE & TR, 5 A

ByEERIEETEE N 0.9-2.3 GB, IH4&KT MG-S
1.4-3.1 GB, [F]I St 5 /)N, 3 B AR A 2544 5 N 4%
B IR, EGRRYE B, AR J7V B epoch “F-3#E
I 7 3k A, LT 7 OSSR TR 3 D, X A AR B A
IGRm ] AT IS, 22 LATR, T-SeGAT 7EA A
HHE 5 AT 55 AU 2 J O < o8 Rl 8. A 2
15 ERIZRET R B Z5A 5, SO T PERe 5 3 IR
FEZ A1) w5 BT A, AR B B s ) S PR S T Je 12k

F 11 BIE, AR SRR RER .
LIS (h . . U A7 (GB SFHIFERS (s/epoch WS IR
HARAE akelLaRL) I (MG-S/2 77 7%) TR OB ki Sk D) =
AITik MG-S AT7i% MG-S ATk MGSS AJjiE MG-S

Human 6.7 10.2 1.52x 2.1 28 L 284 31.5 42 65
C. elegans 9.1 26.7 2.93x 2344 3L 31.0 39.8 53 88
BACE 0.33 5.2 15.8x 0.9 . 14 12.5 21.0 10 42
hERG 1.73 4.67 2.70% 1.4 2.0 25.8 30.5 24 55

P53 1.7 13.5 7.94x 1.3 2.2 27.0 36.5 22 74

3 458 g ! html. (2025-04-02).

AR T#ﬁ?ﬁ?ﬁﬂﬁﬁi@‘éﬁ% )51 54k
E V-5 E B AR TR T-SeGAT. 1A% A fl &
ESM-2 ZE [iE S #4! . ChemBERTa 4 115 & 5 5
GAT+Set2Set EIH& /2%, SEI 1 541 5 45 M REAE 1Y
TG AL AE XS H 0 AN e I, AR 5] AN IIASCR:
FEL 2 Mk B B DA K B3 BB SR, A R T 1 b
BERPEAIR A RE /75 RN, 85641 AUC Z R il
WA IHIHLE] . T 52 R, B Ik
AafE v 5z k.

7£ BACE. P53. hERG. Human f C. elegans iX
5 EE S ERSEIR 45 R R W], T-SeGAT f£ AUC,
Precision~ Recall F1 MCC E4abr _EIILT L FE 2045

R, R B v v M RRS E V. T RS — P e

UE T 5% 2H R B (1) 30 57 TR, 2 B e ) 45 1
R U R WL O SRR THeR B 3 T e £
FA. I, T-SeGAT {Ef I8 445 . %3 [0 52 44 B 5901 %
27 TH 2 B W SR, S BT TN A U
Y HE 22 161 () R4

45 L FTiA, T-SeGAT AMYULE 4 FHER T 5 CPI
FUAT 5 b U T 08 57 i S0 45 3R, th oy 52 2 2R W 8
1 10 22 BEZS VR I 27 ST T AT 4T IO BT 9 S 5 A A
SRR AE L.

SE Rk
1 R MBI =S P EA ) [FERMThE] &
Hi. B4 4L % P i . https:/news.yaozh.com/archive/45244.

2 Gorgulla C, Boeszoermenyi A, Wang ZF, et al. An open-
source drug discovery platform enables ultra-large virtual
screens. Nature, 2020, 580(7805): 663—668. [doi: 10.1038/
s41586-020-2117-z]

3 Du BX, Qin Y, Jiang YF, er al. Compound-protein
interaction prediction by deep learning: Databases,
descriptors and models. Drug Discovery Today, 2022, 27(5):
1350-1366. [doi: 10.1016/j.drudis.2022.02.023]

4 Keserti GM, Makara GM. Hit dis'%:ovgry and hit-to-lead
approaches. Drug Discovery. Today, <2006, 11(15-16):
741-748. [doi: 10:1016/j.drudis.2006.06.016]

5 Suthaharan S. Machine learning models and algorithms for
big data classification: Thinking with examples for effective
l’ealining. Boston: Springer, 2016. 207-235.

6 Biau G, Scornet E. A random forest guided tour. Test, 2016,
25(2): 197-227. [doi: 10.1007/s11749-016-0481-7]

7 Frazier PI. A tutorial on Bayesian optimization. arXiv:
1807.02811, 2018.

8 Muratov EN, Bajorath J, Sheridan RP, et al. QSAR without
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