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Abstract: Most chemical medicines have polymorphs. The difference of medicine polymorphs in physico-
chemical properties directly affects the stability, efficacy, and safety of solid medicine products. Polymorphs is
incomparably important to pharmaceutical chemistry, manufacturing, and control. Meantime polymorphs is a key
factor for the quality of high-end drug and formulations. Polymorph prediction technology can effectively guide
screening of trial experiments, and reduce the risk of missing stable crystal form in the traditional experiment.
Polymorph prediction technology was firstly based on theoretical calculations such as quantum mechanics and
computational chemistry, and then was developed by the key technology of machine learning using the artificial
intelligence. Nowadays, the popular trend is to combine the advantages of theoretical calculation and machine
learning to jointly predict crystal structure. Recently, predicting medicine polymorphs has still been a challenging
problem. It is expected to learn from and integrate existing technologies to predict medicine polymorphs more
accurately and efficiently.
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Figure 1 Chemical structures of compound XII, XIII, XIV and
XV
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Figure 2 Chemical structures of drug molecules a, b, and ¢
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Figure 3 Chemical structures of indigo, tetrolic acid, TTBI and GAZCES. TTBI: Triptycene trisbenzimidazolone, GAZCES: 1:1 co-crys-
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Figure 4 Molecular structure of AZD1305

2 ETHIEEZE TN RAEN

BLES 2 2] 4y A B 22 o) R I B 22 S A e 2 .
B2 21 H AT BB Al Y dRe Iz IO AL 2R 2 2 T
3, R PR E G s A2 2k, SR IO B 5 B2
V) FH L S IR B 3R 747, PSR HH 3 L6 41558 747 U ZRpL 85 o7
SIRE BT 4B RE AR . LRSS o) Sk mT DA A 2
AN R B 1) R 2 R R R UL R
BLAS 5 2] SRR AL & K& A AR 45 1015 5 1) 2090 1,
TR B 2 > SR IE A R B B A BT IR B,
T8 58 BHAL S P T AR 2

T o A G5 18 ML 8 5% o0 B, A AL T A 1 [
VH/43 2877 4, I SRR M AL, A & T HEL i B3 Ty
R [ U T SRR 1 7, an BE LR A
FET 2% B AE e AR, 22 )2 N A8 55 .
21 ZHMEEHN X F I &ML (support vector
machines, SVM) & % T 73 B E 4 I HL 28 5 2] |5, o
A ATy AT . SVM i i K £ 4 22 il 75 N 4
8], SR 2 S B R P 1 . SVMLE I A% ek EiCR
A B AT AT SRR O R AR 2 RN X Tk DU
R IkE G A 5E DFT 7 2K 1) 1 & 1F 5 RUAS . Honrao 5517
FH A 42 1) 23 A5 bR B3R 7R Li-Ge s R g5 #4015 2, SR 18
FH )5 T 4% 2% 2 B, Az 0% 18l JH (kernel ridge regres-

sion, KRR) A1 37 #F 7] & 0] I (support vector regression,
SVR), AL Il 254 I KRR FI SVR AN HL 2% 2% S A,
D000 00 12K 5 o A 485 ) 110 B /)N e R A R ) AR R
JE IS LR TR B B A0 DET VEAk ) 8 AR 45 K BE &, ML 8
2 ST TN E 5 RE BE IR B 1 keal-mol ! 7,
2.2 BEWLFRMK  BEALARAM (random forests, RFs) M %L
P B TR IR AR 2 ML I R SRR, 3 7 — AN H A Tl g
JIIRERY o RFs A1) FH ECHs o (R RRAE - B2 I 2R AN [ k5
B, 43 2R 5 N o PSR 43 R IRV Ry SR
Ko 43 R TR I B HUE, (7] J3 SR R0 2 28
fH . 7ERFs Bk, “FRAk” o Jr A 1t Je s 2 A AN [
HIZH R EE R . Graser 2587 ] RFs X} Pearson & 18 %5 4%
P rh 24 215 Rk & W s AR 45 K 23 38, BIF U AN [R] I H0 8
ERTRAL BT VLR B 43 FEME R S0 o K B 3 B v S
1880/ T FE AN E B ) SR U O AR S . AR AR
ORI FE, At 5B 92.51% % 64.1%, KK
FEAR 7 E s AR 0 S 2R B, WF 0 1 A 1) T fe ) i A
IEH A L (] 5).
2.3 AWML L% (neural networks, NNs)
RILKEHAE A N B R &R . NNs A2 B2
JE RN JE 2R, EH A 28 TT IR A LI 4, o U R
BRI BRI SR I R A5, B 31 4 H 8 42 30 U1 R 8 v i) R
HAE™ . Ryan S5k H 56 14 S5 Fi8 S0 IR 55 22 1)
SRAE, IR TR 52 28 0 2 B2 R 1R 31 0090 4R b 45 R AH
MR 07 55, DA AT b AR 5 W R BEAR, T 4k & 420
&5 . £ Mn-Ge — Juf A B Li-Mn-Ge = Jo ik & 1
GED, WEVH RS2 R ICSD # £ A1k
B VDRGSR, TSR T AR

Kilgour %™ . H B #f 28 W %% (graph neural

42 5| & 2l .0s|lels|élelaslslals]|=
5 ] ] 8] =

Ca(Cag.sNdo.5)2NbOs 0 0 0 0 0 0 0 0 0 0 0 0 0 43 0.686
CaxNbO7 0 0 0 0 0 0 0 0 0 0 0 0 50 0.655
CaTiOs 0 0 0 0 0 12 0 5 0 0 0 0 1 105 | 0.522
GeAlLGay 0 0 0 0 0 0 0 0 0 0 0 0 0 0 28 0.847
Cu 0 0 0 0 0 0 0 0 0 0 0 0 0 0 70 0.444
CuZrSiAs 0 0 0 0 0 0 0 0 0 0 0 0 0 0 21 0.816
FeAs 0 0 0 0 0 0 0 0 0 0 0 0 0 0 15 0.854
GdFeO3 0 0 9 0 0 0 0 0 19 0 0 1 0 0 120 | 0.753
KoNiF, 0 0 0 0 0 0 0 3 2 0 0 0 0 0 56 0.570
LaAlIO3 0 0 2 0 0 0 0 33 1 0 0 0 0 0 27 0.594
MgALO4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 69 0.820
MgCu, 0 0 0 0 0 0 0 0 0 0 0 0 0 0 53 0.523
NaCl 0 0 0 0 0 0 0 1 0 0 1 0 1 0 81 0.625
NaFeO, 0 0 0 0 0 0 0 0 0 0 0 0 0 0 34 0.755
TiNiSi 0 0 0 1 0 0 3 0 0 0 0 0 0 0 65 0.395
Other 0 5 29 5 37 2 18 59 21 16 31 14 21 12 8 0.986
Total 105 100 173 167 93 95 109 562 103 134 103 72 162 118 54 | 21821 | 0.950

Precision 0.895 | 0.950 | 0.769 | 0.964 | 0.602 | 0.979 | 0.807 | 0.808 | 0.786 | 0.687 | 0.908 | 0.806 | 0.864 | 0.890 | 0.833 | 0.962

Figure 5 Confusion matrix of algorithm with a cutoff size of 100
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Table 1 Chemical compositions predicted for the Mn-Ge and Li-Mn-Ge systems

Mn-Ge system

Li-Mn-Ge system

Composition Template structure (ICSD code) Likelihood Composition Template structure (ICSD code) Likelihood
1. MnGe, NiS, (68169) 0.890 1. LiMn,Ge, Li,CuO, (108666) 0.819
2. MnGe, CoSb, (62111) 0.886 2. LiMn Ge, MgCr,0, (75623) 0.813
3. MnGe, CrP, (2790) 0.859 3. Li;MnGe, Li,UO, (48209) 0.772
4. MnGe NiS (151599) 0.831 4. Li,MnGe PrCuSO (96345) 0.759
5. Mn G, Fe,0, (164008) 0.785 5. Li,Mn,Ge, Ge,Rh,Se, (261240) 0.755
6. Mn,Ge, Mn,ZnO, (166522) 0.780 6. LiMnGe, ScAgSe, (155115) 0.754
7. Mn,Ge, Li,UO, (48209) 0.762 7. LiMnGe, MnCoO, (31854) 0.753
8. Mn,Ge, Sm,Ge, (416581) 0.739 8. LiMn Ge, Li,UO, (48209) 0.746
9. MnGe, Li TeO, (40247) 0.729 9. LiMnGe CoAsS (69129) 0.738
10. Mn Ge B,As (68151) 0.727 10. Li,MnGe, CoCu,0, (33996) 0.723
12. Mn,Ge Cs,Se (41687) 0.701
18. Mn,Ge LiNbO, (75880) 0.608
26. Mn Ge, Fe Si, (99973) 0.521
27. MnGe, V,SiSb, (82564) 0.520
239, Mn, Ge, K,TI,, (370009) 0.008 52
332. Mn, Ge, Li Ca,_Hg, (420846) 0.001 04
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models predicting the space group

Bravais lattice Accuracy Accuracy Top-3 accuracy

model/% random/% model/%
Cubic (F) 90.7 £ 0.6 36.5 98.8+0.2
Cubic (I) 87.1+1.7 17.6 95.1+1.2
Cubic (P) 873+1.6 30.4 95.8+0.1
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Mono. (P) 794 +£1.1 58.0 81.0£1.0
Triclinic (P) 94.7+0.9 87.1 100

T v o 52 R B T I R A i M B ) TN ot Ak 5 A
IR 2% ST AR

HETH (potential energy surface, PES) 7R JiL T[]
FHEAE FH A, B RO B B AR BE B 1 A AR 24, AT X
AT H G BT DFTPY . ML 22 ST IR RIE T 2+
J1EETHEL, LA 2 o) B e H B 28 I oR R 7R (1) PESS,
AL #E 2% 3] 34 (machine learning potential, MLP)™,
MLP B A3 o7 vF 550 7 56 & A0 s, 48 HA AT e B2 )
TAFEEFH RS . FRMLP WRER AP
RO, B, WE R T H T 2 A R 8 AL
A AL bR, AT G5 0 T 7 vk vh R OR G R i T
%0 MR, 8T hESH iR L E
PES ([l A5 4L, To0i 25 44 (1 R &, 1R00 B S (K RE &=
M) em AR S5 . R F MLP H T 25 84 Tl 52 — AR A |
BRI, HHREE T Y RBERITES %
E/E/TI



RS T2 ST BIIEAR K R e < 81 -

Podryabinkin %57 F 1246 592 USPEX™ A1 MLP,
NS T ) e TR TR A EAE A AL, SR B B 5 1
DFT, Js & A 4546 $, 0l 1 ¢ 2 1 [7) 2 7 TR Ak,
TEF AR B TG 3R A SR, Bl RN T A TR AR R
A ORI F R AR, 5 S RA A 106 R
T BITE 71 B-1l, 4540 5 SO R e i 2 i B
AAFIRE R (DFT fe & AH %/ T 1 meV per atom).

Wang 555V T NNs #8400 & PES Tl il & 4 1) &
PR 2514, K H DP+CALYPSO 5 I Fill — o & &k R
FR) AR 5 ), RO A 1) R OE 42 TRk & ) 1) Al-Mg
LR R, RI T 6 N AR SR BA R
5E Bl 1 Fe e FIH LI AR E

Hong %8R| F DFT R & 1F 50 @ 50 48, Il 2
25 R 4% % (neural network potential, NNP) ## 3@ i 1%
45 58 A 5 2 U B R T TC WAL & P dv Ak 45 1, L
T Ba,AgSi,«Mg,SiO,.LiAICl,InTe,O,F 7F SZ 56 B Bt
DA S B b A A e A 44 45 44 1) NNP R DFT )
RefE, UEBH T I1Z50 5 I NINP 75 5 14 45 1 To0 A ) 3
P, BASCR] FH NNP (#3240 48 R 07 0] DU A R0 1R )

Wengert 5P & HL#% 5 2 Fl DFT-D 45 B0 fig &
THELTTE, T BN B2 T R A S R RS 1
A-MLBEA . R FH DY AR 1) 23 1 56 31E A-ML A& 7Y
K& B, 43 57K (H,0), Mk (C,N,) B[R (C,0,H,) Al
TR (C,0,H,). EHAHL T CSPH/NE N H AR
XX (the tricyano-1,4-dithiino[c]-isothiazole, C,N,S),
g A 6, 3GIE T A-ML B BAK SEHE i 1 5 48
= 1 RE R HOAH G, I B IR R S S 56 0 ik 7
) IR R E R AR A 4

S-N
N\\\&\S
S A =N
l
N

Figure 6 Chemical structure of compound XXII
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