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Background: Predicting molecular properties such as solubility, toxicity, melting, and
boiling points is crucial for fundamental science research. However, experimental measurements
are often time-consuming and cost-intensive, so we use machine learning (ML) as an approach
to improve prediction accuracy.

Methods: A dataset containing over 10k compounds was used for training shallow and
deep ML models. Shallow machine learning models were implemented via PyCaret and Mor-
dred as feature extraction. For deep machine learning models, graph neural networks (GNNs),
specifically CMPNN(Communicative Message Passing Neural Network) and GCN(Graph Con-
volutional Network), were trained, and tuned by adjusting the number of hidden layers and
sizes (neurons) in each layer.

Results: The CMPNN model outperforms the GCN and shallow ML model for boiling
point prediction(best: R2 = 0.76, MAE = 23.89K for b.p.; best: R2 = 0.87; MAE = 23.73K for
m.p.). The top molecular descriptor of the b.p. prediction is piPC1, which is related to bond
order, and that of m.p. is AATSod, which is related to o electron Moreau-Broto autocorrelation.

Conclusions: The prediction of molecular properties was improved by a comprehensive
research of shallow and deep learning approaches, showcasing CMPNN model can reach the
highest performance in the prediction of m.p. and b.p.(R2 = 0.87in m.p.; R2 = 0.76 in b.p.). In
this study, we found that the deep learning model works better than shallow ML in predicting
m.p.(p<0.05). This study uses SHAP analysis to successfully identify piPC1 and AATSod as
the key prediction factors of b.p. and m.p. respectively. Moreover, this approach can be applied
to predict other molecular properties. To conclude, this study not only shows a highly accurate

model but also identifies the key factors of m.p. and b.p.
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Mordred+PyCaret ElRBAEAEERGNN
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or IUPAC name

1: WRFUE IR (VR BATA D

(. RS

RITH S E R R E T, WA 2GR, OB TR 08 5 AR ]
b, B2 N FORE . whEL, L N THRE R ER . 0. T
A AR VA 2 BRI XGBoost HlI#MEE, R 73 WAT LIS E] 0.83(FE kil &2 HH,
2020). 7A@ & LiEE ) ?T” R T A AR (feature extract) 3k, FLAREEH
IR AT PO . R CARSE, BB B ARG .

(). IREkA 2

IR (Deep Learning, DL), & LS EIEa8 S5 HEAE. FEEEZ B
P ITI BEAR R RS, W R AR E AR A G R AL 4845 (Convolutional
Neural Network, CNN). fEIR#&4EE (Recurrent neural network, RNN). JAHT 5
K EG A 48481 (Graph neural network, GNN) %5, HHI7Z A H GNN #] DL i
WEVIHISLESAE RS (Reiser et al., 2022), KA GNN EATERL, 1 HTER RIS
R RETY 7 — (R BB A 4849 (Graph Convolutional Networks, GCN), A& —f%
(1) CNN Bl SR Bug sl EBGE B E0E, it GON BRI R e 585 il A0 ) Bl

LA 7E 38 25 T T R A R R BUBR ) GNN 22— (Zhang et al., 2019), 0] LUEEA)
(&5 EHF (Kipf & Welling, 2017).
1M GNN KA ARE IR B R AU 2R, BRI R IR SRR 2 BUS AR, o
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%, . BRL LA

el
=
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fEQuet al., 20227 $¢ 3], 7E{# FINIST Thermodynamics Research Center (TRC) SOURCE
Data Archival System & EMERTE LT, (8 ES I E R B RS (H)Stein and Brown,
199417772 7> T Wb B B R FEIRISOR A giE S MAE=11.84K, {H MEGNet #Mw] LLizE
F| MAE=5.77K, HEZHEFAR S OB R I AR AR, 55 AP ami 70 78 9 B e A my DL 4R
H R T B R B T B

)

ENRIFICr i &

(—). fEfg
AR B A falkds, BAsan T
- EHE%: Intel Xeon Gold 6414U (64 cores)
- FEMEAFHNGCIERE: 512GB
HERE T AR TP R ] 2 A SR, A B B R AN S e J A% 22 A e s 3R
AR T RAE Google Colab 2 H i % & L IEAT IR 5 HUIE S
(=D, HRHY

AW R A Python {ERFEREXGET, FRELREA M HEIERE2EHEE (AutoML)
ERRR RS E
ASHIE U RS R P B A B e T

« PyCaret 3.3.2

RIZ SRR

« OpenChem ()% github fii4 (github master branch@f42707)

= CMPNN fJE# github lRA (github master branch@b647df2)

e DeepChem 2.8.0

[FREER ] RDKit ik 224545, Matplotlib 481&E, Mordred 1F A7 7k 2% .
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AW EERA R? 78U MAE TE&RTANIE®E, W PL RMSE {EAHERREL PLNIIAT
B LA Xrea MR EEUE . Xpread IRERBEAGTHIIEUHE -
R2 438, VRERI (Coefficient of determination) 5EFM1 T :
2

2 =
R =1— 252 5
k=o(xk,pred _Xk,real)

(Xk, real — )_(k, real ) 2

RMSE, Root Mean Square Error, J7¥JHREFHINF
aw

[ \2
<—n \Xk real Ak, pred]

RMSE = k=0

n

MSE, Mean Square Error, ¥ /5aZ @m0 R:
2n

MSE = —k=0

(Xk, real — Xk,precl)2

n

MAE, Mean Absolute Error, WA ERZEE IR :
2on

MAE = — k=0

|Xk,real - Xk,predl

n

AWz BLEREr RMSE fidE MSE 8% MAE {&F RMSE 7] LLE/> MSE /& MAE 2 M
SHAL R SE, #EREL RMSE 1E A48 2% iR #.

(=), THHIEH

AW T T LR RS PRS SRR, WER SIS EER, TSR B 2y A R AT .

Bedl: ARIEYE Z SANZESUBRBRANFE (10° D IERP T 20, I8 T ER AR A B R A
FIDETRURH 38 2 SEAH RS FRIRLBE , KA W BT MU, (E/ DO B AT e — g i AR & 70
AN, WA FEA ISR S H RS 5 RE AR ik B AR B 1) 5 2552 73 7 R AR
71, BEEHE. W5, MR e AR o, NS LR
B, DRI TR A — e R .

WEh: ARIRREIAE Z S SURELAN L (105 IR EERPETR IR, W S A
CA) D [ AHER 2R WORH IR AR B2« AR Hughes et al., 2008\ 7T, WhEELE 7+ 1E 2 1) THMI



EAFABMEE ARME S, A T MOE 2D/3D WA SF (HATC A& 7E Mordred
F) A EH%H LogS. LogP. MRHSEVEE (A A R AT TR, SR BUIA RS 2 = v e i TR
(¥, FIKAKF % LogS. LogP, [FIRFHLFRAH, i = [ AH i i 1 A 20 L 40 08 15 I 20 S Bl i
FEVEIIA R . BR T AR B ESN, WEERIEAN ) TIROBARTE . NAS LB, T RIER IS
] o

(=), BRI

AT AT 03 & k4R BR B ChEDL & RHE 193 35 & £l (Bell et al., 2016-2024) H Yaws’s
boiling point ¥#E &R, HAlsk T %070 SMILES K2k, Yaws 150 & RHE R 46 & k)
H 11719 %, BN 2a, 5 PU AR (Q) & 403K, PR 451K, B =Y
¥ (Q3) % 510K AHFRAEERERA @ 1.5 8 IQR (MU EE) /MY Qi-1.5IQR 2 BfEfE
fH1%, #HH 11324 FHEERL, HoidEzb.

Distribution of boiling point before removing outliers Distribution of boiling point after removing outliers
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(a) WhEL R ERBERHE AT 20 (VEE BATAEHRD (b) WhESLERBEREER M (1EE BATAED

2: Whdh R EREEAHE AT i LU B R (FEE BT 5D

R FRIEE G R Rk H ChEDL & RME 12 &kl Andrew Lang, 20114
Z Open Notebook &HI4E, IEt 11549 FE KL, Hr 9 EEEl CAS M95H R, Qi = 292K,
) = 349K, Qs = 418K, LUHMRWEEGHITT AR ERBERHEAZILET 11477 EERL, BERETE D
Mt 3 .


https://github.com/CalebBell/chemicals/blob/master/chemicals/Phase%20Change/Yaws%20Boiling%20Points.tsv

Distribution of melting point before removing outliers Distribution of melting point after removing outliers
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() JEEEEBRBERHE AT IO (FEE BATAERD (b) JAES L ERBERHER IO (3 BATAAED
3: MR L ERBEAHE ATR 1 0 LU (VR B AT 3D

QDN ¢ o5y

AR e B RMRSRH SMILES (fifb 7y 74R 1 AM$E, Simplified molecular input
line entry specification) fifif¥, Hul MR {70 7 HIME— &5, SO, FlrLeE, X
M 2- R TIR, SEMEw T Eps.

O OH

R

4: P EE 454430 (Fvasconcellos 4854, A4 4E)
AAAEIETTUH SMILES &M  [0=C(C)Oc1cccec1C(=0)0] -

TN IR AR
(—). FF

A IR UG SR ] — S50 (SMILES) Z4id—{f 57, A MRVE MR 5 S0,
TR B, R MR — RINVBUE, XA AT B, R
R RE R iR gs, Hr L Mordred 1 PaDEL $2 it iR R 2 H 5w i
M ASHT 78 3% FH FiMoriwaki et al., 201842 H /) Mordred 4> TR 28, 2% T-Hiik 88 w] & 4
1614 (AR, HaE 763 MECFRE, AW ERAQEME (RHEEUE) R, &



REEED T 763 fEFEEL

AW TSRS bR By 1 B B B R i (BB REUNA 0.0 FHEEIBE SR It 2
[ 52 B0 v B A A PR A LS ORI o0.7), W6 H DAL HT (ANOVA, Analysis of
variance) % HAH BV B = AT k (EREEL (RD SelectKBest) o R 2% 155 5 46 k& & Filf 198 R A0
BTN, WMRBIE R R R, ERMAREA B O R R 2 AR, MGREHE
Bi—, 2REZINZ—,

(). PR E A

AWEFE R T E B RS E T RS PyCaret(Ali, 2020), HAFREL A 0] LU FrA 327 [B] B
R — Ol B B R 28, B E TERE .

FAN, AWFAER 10-fold A2 XS, B EISRE RIS 10 143, LA o ISR, 1
Ui, /N RHES i s B AR, Wt e AR R AR R . 2
Rl B2 hz .

(=), BAfEEE

AR AR 2B U M 2 — {5 2 TT DURS Bk 14 75 B R TR AR fORD TR BB 2 ) B R AR B AR, 3
H— 1 5 i & SHAP (SHapley Additive exPlanations), i /5 2% AT 15 21 4 45 12
") Shapley values, K HHUAR BHE I AK R 2/ INHE P B T8 1S AR 0 2R 2 HE4

= IRERERSE

AW FAE FH R G A A AiS, &S EEy R g GED IRKIEAET 28 L BUEiR a8
ERHE ARR I R 1Bl 2 4% R SR 0 SRR OB A T S AR Bl e i

WL GNN BRI DUT 288, AR phiE 7R 0E N Rasaanint, Khasa
1T758%% 2 GCN+MLP (Multi-layer Perceptrons, % J&{H/#2%) 491 .

(—). MEGNet il

MEGNet () TAF R nlE s, HEERAERRGNR > TR EBNE . R T CETED
Lo AR A I = Ty S e A B A M 7 L



1 [T 1] state attributes Outputs
g_vs,, Bond attributes , New state attributes
| e, I MEGNet FR I
New bond attributes
/
(S0 0 1 o |
Atom attributes New atom attributes
o Vi COCCLTTT v

MEGNet update steps

4 1. Update bond

2. Update atom

3. Update state

1 u 1
f‘(—v‘““-' e/ ‘ v

2 | Vi

(‘" 1l

"/Tli

5: MEGNet ) T{F 53 (Chen et al., 201948 %)

1% 26 YA LA LA 7T B Y BB AR . M3GNet(Chen & Ong, 2022), {HzZAH MY & ] i
s RS AR T &%t AL MatGL RAFERLE M (Ko et al., 2021).

(Z=). SchNet /!

SchNet 7E77 TR fE. J& 7 135 R i Et FE FER EA Mo S (R IH H MR 7T 4
SchNet #7135 HAZ) , #Ei@INA Continuous Filter Convolution Layer, PLJ&F-7F % fif]
H 7 B A H R (Schiitt et al., 2017), [FIR A HF 7L K SchNet [ FH i 35 B 1) T
herh, MEEHAT I H M ARRRR 5, EHEEEBAZ MAE AVDEIRY 14K.  CRERTRF IR
train/test #|4777%) (Li & Rangarajan, 2022).

(=). OpenChem

I pR 2R LS T SR FH ARG L Pytoreh 1R 3%, HAz —{f/2 GCN A& MLP
FENCAE — E PP A 2% o AT 5T A Al B ek U TP e AR I DA HE R L SR,
GCN J& PSRk 74 n, —JLHEE& T 8, MLP R B4R 52 ny n/2. n/4 HE
ZEA 128 F4%E E 1. (Korshunova et al., 2021)

n FIYIRESUE P AR AR, oF R T i et 2 U2 =

(WU, BEATEERE a4

AR FUE R 2 B AR, RS BT MLP PSR RS . BRGL
K ETRAEAE S, R USRI R B T, PRIREErE, 2 BEE 5282,

HUPR I AN BT, AR E A B R R a1 A, 30 DL — (8% € IBUE
TE Rt PRUE SRS A A A i b T T e AR YR R 22, A R B A RNAR, BB
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e FOULE R, HARBUIUREEE (R? <0, A UBURITHEIEATHRME, A R? EAT,
i AN DU TR R

% :
N
i
m}
iﬂb

(F0+ Al IR

B ELEA . (Message Passing Neural Network, MPNN) €rilfiifi 7£18 2 [H & B
B SR BB ANRE AR L B TR E, AT T RAE RS (Gilmer et al., 2017), FfA %
AR AL GE ) DMPNN (Directed Message Passing Neural Network), MAHRL 1472
AARE, EEEE S TEPHE B 1 PR SOE S RIS . %9Fi§7ﬁ%—fi?qﬂ%§%@
#%—CMPNN (Communicative Message Passing Neural Network) , #E—J4EE 7 MPNN #
AL, FURRERG R A B RS 2 B EUE AT S B A . /. CMPNN 1, BIELFNSE w4 i
2, W T RS EIRIE R A A E £ ot . (Song et al., 2020) =B REEEL LT
T3k HeRan i [ -

Vertice Directed Edge Vertice Directed Edge
w]  [w] [

h¥ h% hi h%
Message Passing Update Function Communicative Function

6: —ff R4 L e, A2 MPNN, #ifiZ DMPNN, 71z CMPNN (H
Song et al., 202048 #4)

DEARAR S T L A R R, AHUEEIE AP AR A 8 (Message Passsing Neural Network,
MPN) FIFTAEAP4C498% 8 (Feedforward Neural Network, FNN), M A#F5E A MPN
HEERA 1 JEEGERE (ReLU)  TjgatERlEs L@ &R, 8%, FE)Em
JE. #atE— ). 1 J& BatchGRU [Kimf& i —JgaRtEElER . FNN B R A5, &g
i IERIME (Dropout) . #RTERIER. WUGKEL (ReLU) MR, & [ 2B R T

=S . (Song et al., 2020)
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(7O BT 5T (F GNN D

HEARPR & T 2R QMo FRHE (FRHIAR T8/ A 14)  thRIIRaE
(MAE: 1.21 kcal/mol), 1fi GNN BEBfF I (SchNet), KIiHEFF] 1.23keal/mol,
{EIE R BRI BB A 4 08 (JEC: few mins) , PR vT GE € 6145 I (10 JE G BE 3 R 28,
(Tsubaki & Mizoguchi, 2020)

(B FHURE

AT B AR IERZ A T BT N IR TE 468 AR5 P 5 ZE0RFL /K35 Chen et al., 2019,

Xiong et al., 2020. Pocha et al., 202154/ 78 B3 1 H WA 0

ENED R 70 | R

J5F- | B AR/ | one-hot FeaE T AR R T

JiT | ENE one-hot/ % R/S

JRF | BRI/ B BRI AR B TR RI A2

JiT | EEE one-hot AL 0.5-4.0, A

JiF | EPK one-hot 25-250pm, 4 H1THH

JiF | |EFHIAJ) | one-hot -2.5-3.7, 7P+

BT | VAR one-hot/ % SP,SP2,SP3,... B %, #7 MR ECHI 2473

JRF | ET IR HiAE Ay T RNE

Ji¥ | BTHT AR BB THTHE

JRF | A ER AMAE eI B IERF

Ji | H B H IR

R | AT B2 T 3 A fuf

S| B one-hot/ % 1. 2. 3 B IR

| FIR A MAE A S8 R R S AR R — B

AR A 3% i R A A 2 /b T

g | BEE one-hot i, {Ff7. Zform. E form

| PR EE | TR R LR TR

Sl | P PR EL BT AP DU B0

F* 1: GNN FIH H IR REEER (TE B AT D

H15—1EM72, Pocha et al., 2021 DI B RREP ER =2 HOE B B, LB BRAS REUR

AIEREEITAVEMR . IR BTG AT B BO RS (e SRR It s 1 e A S ) e
AR A AR T R RS R IR R
VHITIge 2 AR5 2 JR TR A
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1 2 3 4 5 6 7 8 9 10 11 12

JiR - FE v v v v v v v v v v vV /

R FAE v v /7 7/ /

DETFHE v v v /7 /

T oy v v/ /7 /

FEBRH v v v /7 v
Ji v /7 v vV

% 2: Pochaet al., 2021 7L i 2 4512 (Pocha et al., 202148 %, {F& BT

MELE TARBT i B A R R R 7 05 W AR EEA R, SO R AT FUAK T
P2 IEA TS A EH .

LN ¢ &

CEPNIESIE L ieepediyy L ULESUPE 2

AT OR EEER L T BRI, et 20 AR _EAR AR EEE BRI AR IR 45 T
BRIk, 2 ARAENEIR, PRI R R R 2 .

(0 ANFARER Rk 2 MO AR 2 B R B e B

A B rh B MR R L 82 (O LL A 15 o BRI AR B0 A LRI BB A . IR A R LA
10-fold A2 X EuasiAIEAT Bug i L PyCaret H BBk as 5% 5 IEAT [0 i TR B0 AR 0% A0 B A [RI A Y
AR B R B

F@*

(=D AR 2 BOHR A B RS

BT LA 10-fold 52 X EmagiZi sy pAIR 7 AT s (B2 =— 2N/ Pk 2 WAy,
I Pk R B R ) GCN+MLP. MPNN, %r5/ii OpenChem A1 CMPNN #f#, %
AT ABAT R L, FEMEH T DeepChem (— GCN+MLP ##4, 5|4 Feng et al.,
2024)

OpenChem W&t 2 H 5 & GCN zﬂ%ﬁj: J& MLP %, AE B bR iz i o5
GCN &g 1288 (Hidden Size) KT ZIEE iAW ERHER EL /D24, LlE
JIH SR R B 1R R B

CMPNN )& 477 R B U RRAche U 2 i B, AT A Al S B R A Y, 7R 2 A8 w4
L%%W%@% REREREZ =2 T, ARERI R

— A NS R A B O RO 2GR, ¢ 150 LTHE] 1500, X ETE 150, HEl
%%%y@%%ﬁ%%ﬂ%%%%¢%ﬁ,u%&%ﬁﬁﬂﬁﬁ%%ﬁo
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H = R B AT SR A I R R 18 4 B R 1 BE, A0k B AR B

.
i, WFiAR

s FEBERR RS SERI R E

AHTFELL Xgboost BALEHMENEUENE k=20 (H4RFELA LG npr (i R ECE ISR, &
SRR IR SO S ) TR LRSS F (R B I 253, 1 AE&Y k=50 [R5 1
TR MR AL TR IR BE JIBH G NI, R? P&t 0.63 % 0.50, ZARAHTTIRHIAL
AEITAI R, WlEl7, 58 k=35 MHTA S fIRE.

Effect of number of features selected on performance

T T T T T T T
20 25 30 35 40 45 50
Number of features selected

7: PSRRI SR B E 2 (38 B1TaRD)

AT S S5 AL BRI 2 R A, AR B 2 BUM B MR AR RS T4, TR B
WIEA TR, Hal Ry B E E e & o

= R R S B B R B

BART i B R B 0 ik, WL Extra Tree Regressor 47, Random Forest
Regressor 25K, AR 2 [H R BN 3:
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A (b.p.) R? 438 RMSE MAE

‘ Extra Trees Regressor | 0.6821 | 42.84 ‘ 25.67‘
‘ Random Forest Regressor ‘ 0.6636 ‘ 44.07 ‘ 27.10‘
‘ LightGBM (Light Gradient Boosting Machine) ‘ 0.6583 ‘ 44.42 ‘ 28.09‘
‘ XGBoost (Extreme Gradient Boosting) ‘ 0.6357 ‘ 45.85 ‘ 28.04‘
| GBR (Gradient Boosting Regressor) | 0.6044 | 47.79 | 32.42 |

R 3 PhBER IUR T I AT TR 2 A 8 (8 BT RO

e L RATLUE H AT A 25 A K, (AR 14 R IR FEEEE (GBR) ReRIIA B
FFEHE, 215 Extra Tree Regressor #EATH8 220 M4 SN .

Residuals for ExtraTreesRegressor Model

a I
< 2 30 i " 4 .
A e N N - i 'y 1° mmm Train R2=0.998
' ' b 0)& >8< c / " 2 TestR?=0.711
c 200 200
W W N 3
e g o o '
W }

1

4
Real: 283.15 Real: 244.15 Real: 293.95 Real: 469.15 °
Pred: 531.73 Pred: 461.96 Pred: 479.36 Pred: 621.11 00 o
C1=CC=C(C=C1)N2 c(csceeho C(C(C)(CNCH(NC(=O)N)O CC1=C(C(=C(C(= 4
C(=S)SC(=S)N2 C1Br)Br)C)Br)Br s o g »
3 )

5 s N 6 p . s \ 8 o — = 0
ey / ¢
WX " . y A f :

f\&- —d o -100 ¢ -100

' LN )Y

Real: 621.15 Real: 663.00 Real: 669.00 Real: 583.05 8 7
Pred: 421.16 Pred: 476.39 Pred: 493.72 Pred: 422.94 -200 5 6 -200
CN(C)P(=NP(=0) C1=CC2=C(C=CIC(=  CC(C)(C1=CC=CC=C1)00C(C) COJSi([CCC1CCC2C(C1)02) 0 o . - J—
MOOMOO *  ooceoc0  (@easCescesca ©c0c

8: Ji%h Extre Tree Regressor %/t (fEFH AT HED

AP IR 72 f KRBT =850 1 (1-3) 2RAGEI%E, HiRa T+ 1 A 10 HHEET, %
BAMPE ST 2. 3 Plmolcalc.org (Bl GAMESS, General Atomic and Molecular Electronic
Structure System {2183 ) AT H 7~ SRS BEE L, B H At AT AR A BRLE T R AT 204
A AR PE > B % 2.58 K 3.43 fEFE (Debye) , {HFRIF: M — 0 FHIRERE AT, ¥E
300 Z VA4, MIECREASZ.
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https://molcalc.org/

Blue: Positive, Red: Negative Blue: Positive, Red: Negative
Mouse over atoms for partial charge Mouse over atoms for partial charge

(a) 777 2 fdidh & R fE 5 i E (molcale 48 %) (b) 53 3 kRt J A A7 (molcalc 445
9: 731 2. 3 HIMRE KR T FE FE A E (molcale #8%)

I ANET A I [ I R R 5 R 3 (Homoscedasticity), 5825 KB 880, e
A EMAAE - HBRRIEZE (0T 4.

BB S DU KRBGER, (EESEE AT A Z g BN, BRI S
R*. RMSE 7} 8RB s B o

A (m.p.) R> 77¥1 RMSE MAE

‘ Extra Trees Regressor ‘ 0.8039 ‘ 41.58 ‘ 30.16|
‘ LightGBM (Light Gradient Boosting Machine) ‘ 0.7996 ‘ 42.04 ‘ 31.25 |
‘ Random Forest Regressor | 0.7939 | 42.63 ‘ 31.33 |
‘ XGBoost (Extreme Gradient Boosting) | 0.7908 | 42.95 ‘ 31.67|
| GBR (Gradient Boosting Regressor) | 07586 | 46.14 | 34.97 |

R 4 SRR BURF AT AT R B0 (RS BT R

BB AW T AR AT IR ZE T, SRR [

16



Br " H Residuals for ExtraTreesRegressor Model
1 2 3 b 4 {
h /7 \ 5 = Train R2=0.999
‘ |
/ _ 6 TestR2 = 0.796
y . ol7 8
o W
“ . " 100 100
H »

Real: 519.15 Real: 424.15 Real: 453.15 Real: 400.15
Pred: 261.93 Pred: 199.45 Pred: 236.09 Pred: 192.78 e’y
C1=CC(=CC(=C1)Br)Br CCCC(=0)C1=CC= CC1=CC2=C(C=C1)C(=NC(= CC1=C(NC2=CC=CC=! C12)C 0 —emmi = T o
CC=C10 O)N2C(C)C)C3=CC=CC=C3 3=CC=CC=C3 < P . i3
]

5, 6 7 8 g 3

- . -100 -100

o——c——c——c——c—o i a i ®
o c o %
W LI
: -200 p -200

Real: 164.15 Real: 193.15 Real: 198.15 Real: 333.15 2 3
Pred: 340.53 Pred: 335.19 Pred: 328.22 Pred: 453.65 1
(13C1)T((:DIC(=CC=C C(=0)=0 coccoc &%(%CC(—O)OC(—O)C 100 200 20 200 50 00 o 500

Predicted Value Distribution

10: ¥4%h Extre Tree Regressor 8%/ (fF# HATA D)

g gREn A T 6 2] 8 RARMEAEMTE, 1 6. 7 HRAHAES T, HENT
6, —EAEK, HIBEIPOEIEN MR 100 R, BEERRIST 5 MR HERREE &
B EATRE, B, PR, MR BRIR S A IS A B . R A 1Y
ST 1-4 AIFEERD—EmBEET (N O MRS, WAELEY, H 3. 4 hHE
AR .

[FIAK AT DA A RS B, M/ N A AT 1 32 I B

= AFEFAL Y 2 SR A B R B o
AE IS DINSELE 28], ks LR By A 2 b L

(—). GCN+MLP M 2828 R 2 &

450R:  OpenChem &18E SBEH KRB EE, WHK:

Hidden Size 128 256 512

R? 0.7009 0.7073 0.6713
MAE 20.30 20.09 22.07

# 5: OpenChem < & E UG 2B EN R HE (EEATEED

FEHL:
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o

R? and MAE Scores Over Different Hidden Size

0.705 4 22.00

r21.75
0.700 A

| 2150
0.695 -
L2125
~ 0.690 w
<
= b21.00 =

0.685 1
r20.75

0.680
r20.50

0.675 A L 20.25

06701 . . . . , , ——20.00
150 200 250 300 350 400 450 500
Hidden Size

11: OpenChem Z G:1% )& FEE g 2 BEEH RN 2228 ((EE BITEED
1. fER AT il 2 2 BEE IR R (R? F#KAY 0.03)
2. B8 128 HSWUE UFR /> T45HE, IRASE 256 (EA LG m

B SREBRTIBUTHIE 512 WHTE T, RGO 20 R S T
(S, Underfitting), M S WOKRA G 47 FE MTBLE .

W

(). MPNN B8 518 g FEi g 2 B E P R 2
%

AiR: CMPNN HAaJEEE#E 2 BEUR R E N T &R:

150 300 450 600 750
LR 618001 2079151 4440301 7701451 11862601
R? 0.7553 0.7906 0.8176 0.8281 0.8361
MAE 35.07 32.1 20.65 28.63 27.63

900 1050 1200 1350 1500
PR 16923751 22884901 29746051 37507201 46168351
R? 0.838 0.8464 0.8465 0.8464 0.8456
MAE 27.52 25.98 26.12 25.82 25.90

& 6: CMPNN &8 8 (e 2 BHEE BRI EE ((FEATeED)

W

FE:
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RZ and MAE Scores Over Different Hidden Size

0.86 36

0.84 1 - 34

0.82
32

MAE

0.80 A

R2

30

0.78 A
28
0.76

26
0.74

200 400 600 800 1000 1200 1400
Hidden size

12: CMPNN 2 %515 Jg FEmUg 2 BMEHR I w2 (EE AT
1. BESEEENR 1000 ML (1050), MRS 22 884,901, DT IR A AL E
BHER I
2. FEJE 2 HHEEHIE 1050 WA GFEER IR, & H 4k
3. AR L AT UIMEESY 0.1 il R2 &# MAE P4k 10K

B2 REUEZEAIEER RAVE, HAFERR OSSR IERR, R e EAS
L3 22 (Y SR A AT R KR P R ] BB R o TR RS A B IR i, R R S 6 B A
BRI, EENSBEEGHEENRE, WU AT R KA AT T e
TR

(=). MPNN MRG0 i FEUE 2 BUIR B H B R o

458L: CMPNN 2 FNN [Zj g 28 BRI 2 T 3R

JEE 4 3 2 1

R? 0.8380 0.8453 0.846 0.8521
MAE 27.52 26.18 26.27 24.94

#* 7: CMPNN 2 FNN E#HERR 2 22 (1EF B4

ELSUE
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R? and MAE Scores Over Different Layers of FNN

0.87 20

0.86 28

0.85
F27

R?
MAE

0.84

26

0.83

25
0.82 -

0.81 r24

T T T T T T T
1.0 1.5 2.0 2.3 3.0 3.5 4.0
Layers of FNN

& 13: CMPNN 2 FNN [&l g S 8E SR e (EEEiTaiD)

1. BEERIAKR, R2TE 0.87 & 0.81[HiFE), MAE tWI7K7E 24 3| 29 Z M ZERWAK
2. HMEHEE— R, R PSR 0.85, MAE RIFE 25 (il

B SRR IR R SR FE IR W] RS A2 I A AR 0 1 A 98 B RS e T A L
{0 b — R 58 (A R AT, P DURE Y [ 2 3 o AR RIS OB JE stk oE T
ATV o S AR ] (2R, 1 o S /S AT S i £ B AL 2 ] /D B R IR R A, TR AR SR
b, HAE 4 J8ULT R ERR A S5 A\ S iR 5, R IR R AE ORI K W A Hh 1
HAFAER L A

P Y

o R R R AR B E R i

PR P50 BE AR A3 BTt ) 2 By FHEIR ST (2[El14) UL piPC1 A EE, iR
#£ PathCount FEH I — &, Hat5 77 Nmil Sl e Lsdal, RBURTR S IL
TE S INRE 4R, FilterItLogS A2 Filter-it™ LogS fiid 8%, 174 — SR EZL &WAEK
iR 2 A, T VSA_EStateg AIZ &R MOE B WHIR R, R4 7 [FFE S L LM
TR i B, WPath RS2 MEMIR IR 0 TR IE (NS A sEHEHM, sk R
A LAY [EEWiener, 194708T 9T, ASHIE 7t ks Fod 8 [F 48 SRR 78 i) e SR B0 5 2 BRI &4 |
AATSCov & UL FLAS FLRSFE N L moreau-broto HAHRFHE H 3. AATSCov & PLILTE
FLASFEINFES% Ll moreau-broto A BT H AR 1)
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gt et
FilteritLog$S . .__h—.

AATSCOV .u +
VSA 7[8!3[&3 “h

50 -6 N )

SHAP value (impact on model output)

14: ##Ei 2 Shapley values 7-#r (Af L EED) (fEE BHATAERD

FAMRIBIEEAET i (20E15), FERER > TR S AATSod, MWHERTR o &
TInHE R L moreau-broto HAHRFH A H 2RI % &) TopoPSA(NO) RIZEfHHZE. &
S R R R i fE (Polar Surface Area, PSA), JREIE—fH2r TR LA &
WA %> . nHBDon ARG S T GEFRZ N, O. F FHAKKKET) 1
&, piPC2 HIFN piPC1 Fifel, HEhmad b2 17 2 4, &% SlogP_VSA1 Z&it
Wildman-Crippen 779555 ] LogP 1 NAF FLR AR .

AATSOd -—w_— 9 €3
TopoPSA(NO) w-...
nHBDon ; -—’—.._-._._..
piPC2 . -———*———--"- -
SiogP_VSA1 _‘—_.

%0 , ,
SHAP value (impact on model output)

15: #4852 Shapley values 7r#fr (AT LEZE) (fEH BATAERD

T VR HESS S PR P MRS S UL

AT G LU TR FE AR TR B SR IR 22 52, TR FE MRS 23 IR IR I ) CMPNN 1
R

HARBRURENT S, TAM B NIETERE (R? )2 MAE) H T 41 & B (Ho):

1. RE‘MPNN = Rihallow

2. MAECMPNN = MAEshallow
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3. PRI — Ly

WikiEmE A t#E (student’s t test) =&, MAE &55841F:

e TAEHZ: 1.4964, /NA TEEFHE 1.7341
- p{E#: 0.1519

MAE 95% IS LR INGEAE Ho, MR Z R,
H—J7, R &ERWIR:

= T{E%: -1.8024, /Ni* T iEF1E-1.7341
= p1HA: 0.0441

WIAE 95% HfE LS HINTEAE Ho, TRIZHEERS:E BIR TR E 1T

MEIRGERE R EACE R? rP R OB A 5 T TR R B e 5 1 e T o LU IR R e 2 B 0y, (H2 T
% Ry & MAE M0 5 a2 (1075 sCALANE S8 A R, TRLMASHIE 7E R Rt AT JEE A A B 25
ZE, A2 B [ERERSNRRERS 2 E R RIREERA, 2l 10
A, TREMRAEEE .

FHRER GRS, FAR MRS E P E N b 3 (EREEZE AR AT SR /N A VR M2 22
B, AR A I, HASEHEAR T (8.9907) WEFIENA TEHRFME (17341 , p fH
K&y 2e-8, 1M RP WATFARMEDL. SMUAEMSES 2, TREEHEAS B R R (R U BRE R RV
(p<0.05). I8 W] HEfR K AR FERE 255 8 W] A R AR AR VERS 8,  HARARIEE S, 3] LAl de 7
THIRFRL

[ PRV AL 15 o PR BEAR A Ay i LU mT e & DN A R W TR R T % R R AT ]
WOR FEAS R A BE L1 U0 T A A E 72 rP (0 B AN o B R R

= AWFCRIAED S LE

AR T AR E U AR AR 2 AN AR FEEAT S b, PR
PRV EG I 5, A B AN FIRE R SRS R O 3, % A A A TR SRR O 1 D
TREEL AE CMPNN, H R? p8UR S ES] 0.76, LIRS R AT 2 %53KS8.
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A (b.p.) R* | MAE | fii

PRI T 0.68 | 25.67 | Mordred+Extra Tree Regressor
TR RE AT i 0.71 | 24.04 | Mordred+Extra Tree Regressor
OpenChem 0.71 | 20.09

CMPNN(10 folds mean) | 0.60 | 26.67
CMPNN(10 folds best) | 0.76 | 23.89

Qu et al., 2022 X 5.8 AEARW G RBHE
Jocab method* X 11.84 | dEAHI & RHEE

8 IRIEHEER BRI g (A (R BATAED

* ¥ : Jocab method /&$EStein and Brown, 1994 f1#& H i —Ffli A=, HErHE 7 GEH, +
PUERTEAHAE Re g W E A 202, (HERRE UAERETT, 07 U A seAs HE R 4
A

FQu et al., 2022/ FCAHLL, BESRAE MAE B 20, (HihE o] G812 N & RHE N B
MERMEER, ZREME TO=TEER, MANT SR 2 7 RS, BRI AHT 5
ZAERIZEAT FAH R B RHE IS DL T AR & ELBRZE, SR T %A T80 R 2 A JiR 2 A Y () 4 R
A RHEEN S

M EHAE 0y, AW vl LLER] R? = 0.87, MAE=23.73K, i A —Ek 2
CMPNN, %58 ()R B an T 36

A (m.p.) R* | MAE | ffst

VR A% ST 0.80 | 30.16 | Mordred+Extra Tree Regressor
RIS R E 0.83 | 28.89 | Mordred+Extra Tree Regressor
OpenChem 0.72 | 38.84

CMPNN -~ 0.85 | 24.81

CMPNN ¢ f# 0.87| 23.73

Feng et al., 2024 (GCN) | 0.77 | 32.32
Feng et al., 2024 (GCN) | 0.76 | 28.79 | JEARWFFLE RHE

CMPNN - 0.77 | 27.45 | dEARWIFTE KL
CMPNN #z {3+ 0.81 | 24.93 | dEAWIFLE KI4E

R o IREMRSRE BRI LIk UFRD (fEE BT D

HFeng et al., 2024IWFFLAHLE, AWFFCH R? 280=E T 0.4, HFRE MAE K#HH
HIED T 10K, RIS B FEA R AL AT S BGZAT TR BRI AT R 1R 57, JCHAE AT
FHIEREE .

0. R

AHFFARAN AT LARHZE BEUERE . B RRARE I 7 n) AT IE
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HEREME ()80 00 7T DL BB R Y S i, ann N B B (g T RS Re A B ED
B DA S BUE A BatchGRU, TR AR AT — %8 22 0 A3 65 1D I N FL A 38 757 DL 47l
SRR A BRI 70 740 25 1A B R

SRR )50 4 ) T A3 — 20 DA AC 48 ) R A 25 3 R PR R 2 S 1) SHAP {70 B8
B WPUESOE S HA 8, AR RIS (Trustworthy ).

. AR

PERAE B B THIRBA GG S0, AW 7N RN T QR SR SR I
TARNG fRE 7 PREGTER], Horp R IR CMPNN BB, JHRRI AT CLESPhE:  R?
= 0.76, MAE = 23.89K, J&%: R? = 0.87, MAE = 23.73K, ¥ MAE T [%%] 23K
Fetr, A HA M piPCr MR TRl A AR, AR AATSod, R AR IGA 78 AT DAJE A
TESE ZVEHNEENE . VAR OBIESS I TER L.
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