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Abstract
Diabetes is a chronic metabolic disease characterized by insulin resistance and pancreatic §-cell
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dysfunction. Current treatments, including insulin injections and oral hypoglycemic drugs, cannot
fundamentally reverse the primary pathological mechanisms of diabetes. Therefore, targeting in-
terventions that protect pancreatic f-cells and identifying drugs that inhibit -cell apoptosis are of
significant importance for diabetes treatment. Based on 103 reported compounds with anti-f-cell
apoptosis activity, a classification model was constructed using six molecular fingerprints and
seven machine learning methods. The model’s performance was evaluated using 10-fold cross-val-
idation and a test set. The results show that the model built using the Random Forest algorithm
based on PubChem fingerprints performed the best (AUC = 0.992, CA = 0.96, and MCC = 0.901). Ad-
ditionally, through information gain and substructure frequency analysis, nine characteristic sub-
structures with anti-g-cell apoptosis activity were identified, including nitrogen-containing aro-
matic heterocycles, amines, and pyridines. These findings provide theoretical reference and guid-
ance for the development of anti-f-cell apoptosis compounds.
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1. 5|8

BELRIG AT 704 1 BUBE PR (TIDM). 2 BB PRI (T2DM) {0 40% 140 PR 95 s A 25 8 o PR 95 . T2DM
S ILITHE RIS, (5 A BRBE R S AT 90% A b, 2 DU i SR HCHT AN R & 240 1o 1)) 8 2 v R AR I
TP B[ 1] B ATERXS T2DM (R TT SEBE 1k B WE 24 R0 i & 2035 (2], HJCE ARG AR TR g
B AT REGR . PR, RS g AR BT R, FHRAT AR/ IR R AL T e B Al G 5
IR TT J71EAE T2DM 697 7 A BT 5.

JoR & B A T2 52 2 FP R 2R MR, P o X A SR 3] A AR A Ak DR AR ST B R (4155, TR
THRENS T B e g & p I BE T 1 /N 731 O PRI IR T 25D ORI AL R [51-(8]. 2R 2 B2, n
BETIR9]. ZEE[10]. HEERMETRMEY), DL— RIVERIATAEY, CHIESCREAMHES B
NPT IE . FERIREEAEY A BRSNS R B, WREN 40 pM [ HJESRZE AT
IRy p S TR = 2] 80%. HEHRMSGMESEARER. RHER. WEH. LEMMMEER, WHIE
SOOI B AN A R E ORI ER, N Rl RS g AR To[12]. B IR KR4, BETEN
DY 3 & % i (High-Throughput Screening, HTS) #4235 £ (Structure-Activity Relationship, SAR) /7%,
18t — R A AG I g A0 TE R RIT AN, WIRIAEIRIA T Le-B-MRMkb &4 13]. 7-8%
IATAD 14170 2,4- — G FLEIERRAL S [ 14158 o Horh — Tl 2,4- G0 R v M Ay T A= AT fo v 19 AR 0TS 1
ECs0 = 0.56 uM.

HAS T BATURE g 40 i e Rt e, &SR T a5 A & W R R B S5 i A4k
Jii,  HAZRAGWRNE R R 2 3T TAE 1, FEAR S RERIN A5 N ). Bk, IR
FROOR ZRAEAY SR S S5 A 2 G A RN A )i 1 2 TA) R R X 5 2R 25 R L 5 AR A 8 SRR . etk
53 M Ft(Qualitative Classification, QC)FJI@ L #5 %% ~J (Machine Learning, ML)#K H 5 41| 71 k. & H# i]
TEVERE DI R I RFIE 7450, R B0 1) 254 B H SR AL R AR [15].
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2. R 55*%
2.1. BUESEWE

LERFZCWN A D T H R 2 RENE R FVE M S E ), e ARGk iFikE 103 NEF
PURS p AR T AL &P 13] [14] [16]-[18], ARFMHAL A FZL0E 1 s . 8L ECso=5uM
YENBRE, BHKT RERL A e N miE AL B Y(P), 2 A E RIS AL EIN) . $2 5 3:1 1tk
BIBENL 4 NI R AR AR A 2 o SRR B RS 76 A P LA 27 A~ N b B9 IIgrsEr
T I8 AMMEEY, HrARE 58 A P 2SR 20 N N 3 MRS 25 MEA, HAE 18 MNP EM T AN
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Figure 1. Molecular skeleton structures of anti-pancreatic S-cell apoptosis compounds heterocyclic inhibitors of data set
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Table 1. The distribution of compounds in the dataset

1. JIREN SO wIER

Data Set Potent Compounds Non-Potent Compounds Total

Train set 58 20 78

Test set 18 7 25
Total 76 27 103

22. FFIRUENREIFZE

S FRGURE TGP SR AE, TR RE Y T IS5 B SRR . @it R il ME (0
FoRTG, 1 RN BT ECRRAE 7> T 10 Z4E 5 = 4ERHIE, b 22 S50 0 it LB A% X[ 19 A8
Padel Descriptors [20]i+ 5 T 6 #14>F#40, B Molecular Access System (MACCS). Extended (Ext). Estate

(Est)s PubChem (Pub). Substructure (Sub). Graph-Only (Graph),
AT T 7 FHLES S HE, R R (Tree) HEIA(LR) BENIARM(RE). AbzE DLt
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(NB). k-5 4BIUE(KNN) A TAHZE [ 26 (NN)FISCRF [ = AHL(SVM) [21]. A HI%II7E Orange Canvas 3.11 #
4 (https://orange.biolab.si/) 1 A= il »
2.3. {REVMEREVTEY

K FH 435 28 SCIIE A R AR VPAY 20 A AL v i 1, R 5P (Sensitivity, SE) 45 7 14 (Specificity,
SP) AN TR 1 % (Classification Accuracy, CA)S S HOM BRI HEAT VP44 [22], 435 37 BH AL & 04 IE A IR
SRR B HERAR 2 . B4 A P Ak TR TR DA 9T A P e 3 R A T B SRR A b . AR R BA
(TP) 7R BH AL & Pt TE A R0 g BE L B8 s BB (TIN) 7 B Ak A P4 TE A R ) g B P 1 4
B FHAE(FP) 2R 7 B MEAL B W 4 i Rl 9 PEAVE B0 s (BB 1 (FN) 2 7 FH AL & W0 48 1% R nll D A £

BT T A % R B (Matthews Correlation Coefficient, MCC)XI AU 347 B P HhiEAN, L& %3S
B P) FLRA M  RFEYE . FCRA M AME R 1 . HCHUE T -1 B+1, +1 RHIUETRS 2K, 0 KRBT
M5 BEHLAE A 2, —1 W3R R e 4 a1 T .

AN, HR A RN BEHFAE (Receiver Operating Characteristic curve, ROC) Hi 28 T i #4(Area Under the
Curve, AUC) Al 73 BB AL ERfPE . ROC HIZL LA FP ZONREALDR, TP F MR AR AUC 18
L, WG R Re AR R AUC {E 4 0.5, WIEBH X4 K28 04 HERE J1[23] .

24. FEHMREBESHT

FHIEFEE 218 5 8 ZE VI R3] . 181 284 1-5 15 5 18 45 18 (Information Gain, IG)f1F
B TTHR R B DR T 4510 [24] . BRET S BAE P RIEMTIE R, WHIAAZAF
BABTRENSDNPURES g A TE M, & EiErE e S WRHIE 451 .

3. FR511R
3.1. BRSSO

A 103 N B AP B AN T AP pECso (pPECso = —1gECso) i 7F 4.6 2 7.5 [F](£] 2(a)) -
TR, () RIS E0) R R o T s AR AR 2 R B 2(0) F 28U o AR AL X,
VLI SE 7 T 450 B A 2R, T2 SR VI R BT A R 1) o SR A LA B R I AL RE T« T 2(0)
RAE T HARE Y T2 0040, AR 60%MRFERR R 7 25 2 B AT = AN e = B R e
1, HINZREMNKEN SV ITE SRz HEG, SIS SR S a5 2 FF
PR 222 (A A o Bl Lipinsiki FR0 215508 55 Bie) 2 1R B Ak (1] 2(d)) oM A dF o 25 ERTiR, %
R SaE &I KA BB AT 2 T RE S 1 73 A58

3.2. TERZXHHELR

T INGLE 18 MG, M 6 FliorFHESUM 7 MNLER S S BUEME T 42 DB a(E 3). K%
A CA 1 AUC {H¥KT 0.8; SE. SPAE 73 7I7E 0.74~0.96 A1 0.6~0.9 Z.[A]. ExtFP il Graph 5 4[#)
T BT HADRA RS, HRE R ZEE(RF fNN)F . 17 MACCS il SubFP $5 405 A A #,
EEHERNFIELRE G NBIEKRE, SEEE# ST SPH, RUIPTABAX P RUEMHA R
FITRIEE 71, ATRER T 54T P 2B &1 & H R (74.3%), RG] s AL A W T o Rk . Al
FIN MCC 2% ff M i SR AE AN 2R 50 (P M N 28) BRI, el R AE S mtt P b &
Vvl ae 3 B, SR N R4 S R0, 8 G i i 1) 2K
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Figure 2. The pECso value distribution plot of the dataset (a), principal component analysis (PCA) plot (b), Lipinski’s rule-of-
five descriptor radar plot (c), and molecular similarity heat map based on Euclidean distance (d)
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Figure 3. (a) AUC-CA and (b) SE-SP histogram of 42 models by ten fold cross validation
[ 3. 10 B XIIEE 42 MER(a)AUC-CA K (b)SE-SP #HIKE

Table 2. Results of top ten classification models

2. BT 10 FERLER

Data set model AUC CA MCC TN TP FN FP SE SP
ExtFP-RF 0946  0.885  0.686 14 55 3 6 0.948  0.700
Graph-RF 0945 0923  0.798 17 55 3 3 0.948  0.850
Training set ExtFP-LR 0944  0.885  0.686 14 55 3 6 0.948  0.700
ExtFP-NN 0938 0.897 0.720 14 56 2 6 0.966  0.700
ExtFP-kNN 0.937 0.91 0.757 15 56 2 5 0.966  0.750
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Graph-NN 0.93 0.91 0.769 17 54 4 3 0.931  0.850

Graph-LR 0.928 0.91 0.761 16 55 3 0.948  0.800

PubChem-RF 0.927 0.91 0.769 17 54 4 0931  0.850

ExtFP-SVM 0921  0.897 0.720 14 56 2 6 0.966  0.700

MACCS-LR 0919 0.885  0.686 14 55 3 6 0.948  0.700

ExtFP-RF 1 0.96 0.901 6 18 0 1 1.000  0.857

Graph-RF 0.976 0.96 0.901 6 18 0 1 1.000  0.857

ExtFP-LR 0.992 0.96 0.901 6 18 0 1 1.000  0.857

ExtFP-NN 0.968 0.96 0.901 6 18 0 1 1.000  0.857

ExtFP-kNN 1 0.96 0.901 6 18 0 1 1.000  0.857

Test set

Graph-NN 0.968 0.96 0.802 6 17 1 1 0.944  0.857

Graph-LR 0.96 0.92 0.802 6 17 1 1 0.944  0.857

PubChem-RF 0.992 0.96 0.901 6 18 0 1 1.000  0.857

ExtFP-SVM 0.984 0.92 0.802 5 18 0 2 1.000  0.714

MACCS-LR 0.96 0.96 0.901 6 18 0 1 1.000  0.857

3.3. AIHEEEAE

4 B+ AR A 2 Ext-RF. Graph-RF. Ext-LR. Ext-NN. Ext-kNN. Graph-NN. Graph-LR. PubChem-
RF. Ext-SVM #l MACCS-LR. #{ARKE, FiHERAE AUC, H#EFIFRAN MCC =MEhs EIERIH T
B ITERE . AUC E Bk, RonBIALX 7 Ge ) kiR, B SE AF g 2K 50 HF . Graph-RF BLAYTE
AUC(0.945)FIHER)4(0.923) LR BLFE Y, SRUNZBILAE [X 43 1E 7 50 (1) 5 ) FVRE A S0 v oy 1 5 g LA
BRI o H MCC {H(0.798)iE— 1 [ Bt T 12 R AE Ab B ANV i S AR I, B 88 L ip b~ 0 /D B
AT, 355 TR e S A AP 1) fJT N BB, ExtFP &R 547 (U1 ExtFP-RF. ExtFP-LR)R4E AUC #%
151(0.946. 0.944), {H MCC #16(0.686), & BIIX AR AL AL/ DRI A IR AT BEAAAE — € W 22 . B A
iM%, Graph-RF. Graph-NN 1 PubChem-RF 77 45 &1 At fi b L3RI BN TR R RE 71, R idE
T RIAS P D B ARE A B BN 3 5 . PubChem-RF 458 44 i&E i, ExtFP-kNN 54 J4 &
BAMBAA AR 28R %2R, 1 Graph-RF fEACIE 5 7% 73 T 25 M TR BUAR & . H. Graph-RF & H T2
F ¥ 4053 F, ExtFP-KNN 3& I FHFAE 25 (8] B 2 15045 - PubChem-RF JUJSHe L = T 44: B A R 47 v A 1k,
DAL b f 3 T At 24T 55 o

3.4. MXERM

PubChem-RF #7E AUC (0.992). #ERZ(0.96)F1 MCC (0.901) E# R, EIL T H G r 84k 5
e JIAD B FMVERE, JCHAERAASPAT 1G0T R IUE AR, 756 S bR S A i) e v A 1 75 SR (G 2)
b4k, ExtFP-RF. ExtFP-LR Al ExtFP-kNN [AIFE B &80 1) AUC FdERf=E, H MCC {EH[F(0.901), 7E
HEKAR ) E LRI . T Graph-RF. Graph-NN Fl ExtFP-SVM [ AUC Fl MCC B&AI%, W] E A 17/ %1
FRAVTN EAFE— 2 KR . Kk, PubChem-RF #1235 A RO H O e £, e E T2 A8 F
TN FH 5%
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3.5. FHEFEMRTEES 24

AHF 5 F FH PubChem $5 2 &3,

27 A2
Z Y =NI=]

S 2 AT G IER A D7 I A S SRR S B Al

MRS T PEAR DR 1 T E5 MR AIE TG BN T 5544 BUSURAEBOR W% THR U AR I 4 Fr B
AU TR ELEYIRI TR g A A A

Table 3. Substructural features of anti-f-cell apoptosis activity based on Pubchem fingerprints

% 3. T PubChem 5L # MAMDA T B FHET 4540

Privileged General Representative
No. substructures substructures compounds 1G FP FN
N 1.34 0
FP659 O-C-N-[#1 N 0.228
FP758 Ccle(N)cceecel
L oG
FP821 CC1C(N)CCCCI1 NH, (26) ©)
>2 saturated tic ni ) 1.34 0
-« Saturated or aromartic ni- N / .
FP187 trogen-containing ring size 6 H 0.093 (15) 0)
2
\
SN
N/
1.31 0.09
FP636 C-N-C-N-C NN H 0.273
HN" O
FP698 O-C-C-C-C-C-C-C
o]
o~ O_ NH \
1.25 0.18
0.035
FP598 C-C:C-0-C ©\ & (13) )
O
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HN
FP756 Cele(O)ecccl @\/ ¥/\ o 0180 15 036
o g ©® O

HO~ Z HO”
1.28 0.18

NH NH

FP259 >3 aromatic rings 0.236 (42) (@)
~ ~
N @
FP145 >1 saturated or aromatic ni- N\ 0.113 1.26 0.24
trogen-containing ring size 5 ; /; NH ' (30) ()
a
-
H
(6]
NH,
FP712 C-C(O)-C(O)-C )— 000 GGy
~ TN _CF,
HN—
N

RWFFAFE] 9 NSRS B AR TEEA R TR 3). REBUAW TEMEZANTTER,
WIE A PubChemFP259 (LG4 40-63 A1 73-102 #i 2 mid AL &4, IX L G S H =L B HIR,
B U T IV RE IR S5 4008 A S B B B HEIPE R B B S b, SRS B IE N AR A
EI. PRI A E Y0P B R AT A (LA 1~37, ECso BME N 8 uMMILL, Z3F E&5 B &R T
B & FUHUAC 3 (PubChemFP758 . PubChemFP821 i1 PubChemFP636)1E A H 42 () 443K I AL & (I &4
38~61. 73~103)A & I AEYNENE, ECso ¥ME N 1.5 uM. Hidr, By3E(PubChemFP756)1F K i A4S 1E
TEERIBRA K, HAAET 6 DN EiEtE At &4 87~90. 94 1 95)H1, ECso ¥ N 0.17~1.88 uM.
I H )T AR TE s R BT B AR T S B BUm I, BRMEAE N AR IE T A5, T
A B A A .

4. &5t

ABEFLEL 103 MEAPURE p MRE TG G YN SIS, M 7T 7 BOLES S S 5 6 T
FFIREUTIERI 3 AR, FEXTBEALAT 1 25T 28 IR UE AR AR P PE REPEAG o LA PubChem-RF #27!
(AUC=0.992. CA=0.96 Fl MCC = 0.90 ) TEMAEE F RILIAE. 45615 BI85/ 7 BUICR sTmk 15090

DOI: 10.12677/hjmce.2025.133024 236 i


https://doi.org/10.12677/hjmce.2025.133024

EL, 5Kk

O MNPUBE p AT T 25 AE 7450, W RO A 0 MG, MENE S5 il R Ay B XS st AT
KREAEERE S, APUES p MRRETAEWRIT RN 7B S E R T . ARRWT T TR — DA

R, PR FAELA S, 4 A SRR R R BT S, RIS LA HTR R 25T
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