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Abstract: ABO, perovskite manganates has become the most popular memory material in anti-ferromagnets due to its low

cost and good stability. Tt is of great significance to improve the Néel temperature ( Ty) of ABO, perovskite manganates to

make it antiferromagnetic at room temperature. In this work, hyper-polyhedron method is used to rank the importance of

characteristic variables, and the machine learning algorithm is integrated to screen features. The online prediction platform

was built for Ty of ABO; perovskite manganates. The XGBoost machine learning model was established to screen out the po-

tential material ( Sr, ;Ce, ,Sm, ,MnO,, 308. 5 K) with the predicted Ty higher than room temperature based on high-through-

put screening. The Ty of the potential material is 6. 37% higher than the highest one known. This research method is helpful

for experimental workers to select the most promising materials, which can be used to speed up the research and development

of new materials with targeted performances.
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Fig. 1 Structure diagram of ABO; perovskite manganites
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Fig. 2 Material machine learning (ML) process from data collection to model interpretation
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Fig. 3 The results of feature selection via XGBoost algorithm combined

with feature importance ranking



628

Hh AR

EEEVE

(B 32 BRAE 39 A5 B, SRS TR 5 ~ 10 AN 4RAE AR &
T AR T Y RMSE . 45 3R W1, Y 4FAE AR &= 1) 4
Bk 6 B, R RMSE BUASfie/ME 27. 21, X0 A9 4F
TEAS T30 . B = B B (S 1 78 B T A%
—EMEE A T AR ), D RIS (), R
FIAEEAEL, T 08 R B (Fe-Kalpha, cm’-g™"), K
PR B (GPa), B F 2 12 ( Yagoda, A), 2l s,
RVM . RFR. OPR J7 k40l 45 & FefiF A8 it 2 HE P
HEATAR B0 1 A9 45 SR 0T 2 0L R R A IR ST, S2
1S3,

3.2 HEBRIERE

FIFHVIZREE LOOCV By 455 Xt MLk 27 =) A58 1 47 F
fili, VIR R IFEEA . A SC R RVM, RFR,
OPR Fl1 XGBoost S ¥l % 2 ik 4 HIM# T 4 > ABO,
FEERW R A ALY T WAL | 8] 4 S AR RSS2 )
NS R AR T SIS EABIE, R 1T
RVM. RFR, OPR #l XGBoost # % LOOCV () RMSE,
YJHAXT 15222 (mean relative error, MRE) | #H5¢ £ % ( corre-
lation coefficient, R)Z55 7N, XGBoost 1% ) RMSE #
MRE &/ R ok, RTHE 3 A,

300
300 _ Py E’ IE'
RMSE38. 85 .° 250 | RMSE=36.58 * /
250 | R=0.83 v R=0.79 o @08
. Y . . °* ' . [ L]
¥ . « 200 . .
=, 200 - R . =
= ° e . . - e O .
° L K/ o 150 | ° o o i oo
8 150 . ‘J;‘ . g .. .\l .:c.
8 100 T e B 100r  eeeOF N
o . o o, L]
[ ] ., L]
50 - 50 - . .
0 1 1 1 1 1 1 o 1 1 1 1 1
0 50 100 150 200 250 300 0 50 100 150 200 250 300
Experimental T /K Experimental T /K
300 300
e e
L ]
250 1 RMSE=29.05 P 250 F RMSE=27.21 . A °
- .
R=0.86 > ’ ° . R=0.89 . . ° .;
« 200} . S s « 200} L. - ‘
':Z e o " .: M e . I:Z ) ° ¢
5 150 . e ®® 5 150 o 00 foff tue °
Q . ® e 00 @ e ~ °
§ 4 °. ) .' § ® . ‘ l.:. e
g 10f o WIS 8 8 100} apve
a vy T . . ®
v vt
50 50 - e
(J ..
0 1 1 1 1 1 0 1 1 1 1 Il
0 50 100 180 200 250 300 0 50 100 150 200 250 300

Experimental T /K

Experimental T /K

K4 SRIWARFEBLR T FIER ABO, 858K 5RAALY) Ty B SERE MBI (a) AASEHEEHL(RVM) , (b) BEHLARA [

(RFR), (c)IERFFIH(OPR), (d)XGBoost

Fig. 4 Experimental and predicted Ty of ABO; perovskite manganates using different ML algorithms: (a) relevance vector machine

(RVM), (b) random forest regression (RFR), (c¢) optimal projection regression (OPR), (d) XGBoost

F1 FAEANFBEIHEHETHHFTRIRE (RMSE) | FHHEITIRZE
(MRE) F1tHX 2 #(R)

Table 1 Root mean squared error( RMSE ), mean relative error
(MRE) and correlation coefficient ( R) via different ML
algorithms

Algorithms RVM RFR OPR XGBoost
RMSE 33.98 36.58 29.05 27.21
MRE 19.01 21.61 18.93 17. 86
R 0.83 0.79 0.386 0.89
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Table 2 The best hyperparameters of XGBoost model after
Bayesian optimization
Hyperparameter L 3 . Optimum
Section Step size
of XGBoost hyperparameter
Th ber of
o mmber o [40,100] 10 50
decision trees
The maxim‘u‘m depth (3.8 | 4
of the decision tree
Minimum sample
2,10 1 4
number of leaf nodes [2,10]
Minimum sample
2,20 1 8
number of child nodes [2,20]
Learning rate [0.05,0.4] 0.05 0.25

3.4 RBEVIGIE

FHAR 7 03K 4R Y T4 45 SRR T i S E AR S 1
XGBoost # Iz fLRES1 . Kl 5 J2& XGBoost # 7 X} 4t 5730
WREEW T, WA S T, LA, THE R, 1t
ST E B RMSE, MRE. R 43 %1k 30.75, 19.58%,
0.86, HIBLAl UL, 7 <7 3 it 46 il 25 48 i) 25 S i 4 it
BRI TG, BB 68

300 -
A
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Q
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& 100} PR
o
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Fig. 5 Predicted Ty versus experimental Ty of independent testing set

via XGBoost

3.5 REINHA
3.5.1 mEddmit

W L3R XGBoost A7 42 J 7E A 52 56 % F & 1 b
BAEZRAEL B E 4 ocPMDM | AT LI K H %
e ABO, F5EKH 5 A A i Ak T TR 0 B
B, ARG AE Y T2 R LA MnO,, A fiJRT
A% JCE A Na, Ca, Sr, Ba, La, Ce, Pr, Nd,
Sm, Eu, Gd, Tb, Dy, Ho, Er, Tm, Yb, Lu, Y, Sc,
Bi, Sn, K, RH LT, ZEITERN oM —JtB

B, BAWHIRO0.1~1.0, HK K 0.1, A 53 000 4
P& ABO, F5EKT i A AL
RIGIH T 5 M T BUE R M E L ABO, F5 8K
Ay, H St ,Ce,,Sm,,MnO, By T, T (& K
308.5 K, o H Al SCRARE A R Ty B9 ABO, 58k 4G 44
164 (Sr, ,Ce, ,MnO,, 290 K)ii5 T 6.37%, VEFHIBIHE
TR ABO, BERT B A AL AR, SR RVE
MAEZF AT 0.95~1. 12, AT LB sAGERE 454
F3 Ty>290 K BIEHL ABO, SERF BELYH T FUIR1E
Table 3 Ty prediction values for virtual ABO, perovskite manga-

nates with Ty exceeding 290 K

Molecular formula Ty-Predicted/K Tolerance factor

Sry.;Ceq 1 Smy , MnO; 308.5 0.97
Sry_7Pry Smy ,MnO; 304.9 0.95
Sty Ndy, ,Smy ; MnO, 302.0 112
Cay, Sty ,Gd,y ,MnO,4 299.9 1.05
Cag ;Sry 7Dyg ,MnO5 298.03 0.97

3.5.2 ELTIR

BET XGBoost FEHY (1 7E £ T ~F- 5 7] LA S B 52 56
FHEVOTAE Ty B9 ABO, 580" ff 4L, € 6 J& ABO,
FLERE HR ALY 3 KR AR PR & . P R
A ABO, F5Ek0 HE EALYI 43 12X, 5 predict” $2 411,
RIAT3RA31% ABO, 458K0 5 A ALY T TUON(EL, TEZ T
B A=Y A il http: //materials-data-mining. com/online_
model/Perovskite_ N%C3% A9el _ temperature,

Online web server for Néel temperature of Perovskite
Manganites

Users only need to enter a chemical formula
of perovskite according to the operation rules,
and then click the ‘predict’ button to obtain the

® Ty value of the perovskite manganites
For  example:  Sr0.7Ce0.1Sm0.2MnO3;
e Sr0.7Pr0.1Sm0.2MnO3

Perovskite Material Formula:

Model Prediction: Ty: 308.524 A

Predict

K6 ABO, ¥5EkI Hh A MY Ty LB A
Fig. 6 The online prediction platform for the Ty of ABO; perovskite

manganites
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Fig. 7 Pattern recognition projection diagram of Fisher method for dif-

ferent types of samples

4 &

ARTAELABET & RIBEE (T) B T (298 K) AR
BREEREL(ABO, F5EK 04 464 S H AR, FFH SCHk %L
PRz L Ty 5 HAEAR O R LERF B H
Tzt Rl e, $RE T T, WG ik 308.5 K
1 Sty ,Ce, , Sm,, ,MnO,, A BRI N N R R
iAok, S EATC A Ty S KM ABO, 5805 S Ly
MBSty oCe, ,MnO,, 290 K) AH LY, HLAS 2= > BERGE
BEA R Ty WK T 6.37% , A TAERIBFGE T AT
& SRR ES BT, A B T IR A 0 Ge i A
i, I EOR A R

X # # . htp: //www. mat-
china. com//oa/darticle. aspx? type =
view&id = 202107065
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Table S1. A total of 60 atomic parameters used in this work

No P.vallars's atomic parameters

1 atomic number start counting left top, left-right sequence
2 periodic number start counting left bottom, left-right sequence
3 periodic number start counting top right, right-left sequence
4 periodic number start counting bottom right, right-left sequence

5 quantum number (/)

6 atomic weight (107 kg)

7 mass attenuation coefficient for MoKalpha (cm? g'!)

8 mass attenuation coefficient CrKalpha (cm? g'!)

9 mass attenuation coefficient for CuKalpha (cm? g!)

10 mass attenuation coefficient FeKalpha (cm? g!)

11 atomic electron scattering factor at 0.5 (/)

12 electronegativity (Martynov&Batsanov) (/)

13 electronegativity (Pauling) (/)

14 electronegativity (Alfred-Rochow) (/)

15 electronegativity absolute (/)

16 energy ionization first (kJ mol")

17 energy ionization second (kJ mol!)

18 energy ionization third (kJ mol ")

19 chemical potential Miedema (/)

20 work function (eV)
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No
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60

P.vallars's atomic parameters
nWS'"3 Miedema (a.u.”'3)
nuclear charge effective Slater (/)
charge nuclear effective (Clementi) (/)
group number (/)
valence electron number (/)
temperature melting  (K)
temperature boiling (K)
enthalpy vaporization (kJ mol!)
enthalpy melting (kJ mol")
enthalpy atomization (kJ mol™")
enthalpy surface Miedema (kJ mol™!)
enthalpy vacancies Miedema (kJ mol")
energy cohesive Brewer  (J mol ™)
modulus compression (GPa)
modulus bulk (GPa)
modulus rigidity (GPa)
modulus Young (GPa)
Mendeleev Number(Number Periodic Table start counting left top, top 4 down sequence)
Mendeleev Number(Number Periodic Table start counting right top, top 4 down sequence)
Mendeleev Number(Number Periodic Table start counting left down, down 4 top sequence)
Mendeleev Number(Number Periodic Table start counting right down, down 4 top sequence)
Mendeleev Pettifor
Mendeleev Pettifor regular
Mendeleev chemists sequence
Mendeleev t-d start left
Mendeleev t-d start right
Mendeleev d-t start left
Mendeleev d-t start right
Mendeleev H,Li,Na,Be,Mg as block t-d start left
Mendeleev H,Be,Mg t-d start left
Mendeleev H,Li,Na,Be,Mg t-d start left
radii pseudo-potential (Zunger) (a.u.)
radii ionic (Yagoda) (A)
radii covalent (pm)
radii metal (Waber) (A)
distance valence electron (Schubert) (A)
distance core electron (Schubert) (A)
volume atom (Villars, Daams) (102 nm3)
V2/3 Miedema (cm2)

atomic environment number (Villars, Daams)
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Table S2. The T data for all samples in this work

No formula Néel Temperature(Tn) (K)
1 Ba0.1Pr0.9MnO3 77
2 Ba0.2Sr0.78La0.02MnO3 200
3 Ba0.3Sr0.68La0.02MnO3 220
4 Ba0.3Sr0.7MnO3 217
5 Ba0.4Sr0.58La0.02MnO3 250
6 Ba0.5Sr0.5MnO3 185
7 Ca0.02La0.98MnO3 139
8 Ca0.04La0.96MnO3 133
9 Ca0.05Nd0.95Mn0O3 80
10 Ca0.06La0.94MnO3 135
11 Ca0.08La0.92MnO3 137
12 Ca0.12La0.88MnO3 176
13 Ca0.12Sr0.38Pr0.5Mn0O3 190
14 Ca0.14La0.86MnO3 187
15 Ca0.1La0.9MnO3 156
16 Ca0.1Pr0.9MnO3 73
17 Ca0.1Sr0.4La0.5MnO3 200
18 Ca0.1Sr0.82Gd0.08MnO3 235
19 Ca0.25La0.75MnO3 150

20 Ca0.255r0.25Pr0.5Mn0O3 175

21 Ca0.2Sr0.3La0.5MnO3 75

22 Ca0.25r0.3Pr0.5Mn0O3 170

23 Ca0.2Sr0.72Gd0.08MnO3 255

24 Ca0.33Nd0.67Mn0O3 133

25 Ca0.33Pr0.22Sm0.45Mn0O3 150

26  Ca0.33Y0.067Nd0.603MnO3 110

27  Ca0.35La0.195Pr0.455MnO3 175

28 Ca0.35Sr0.15Pr0.5Mn0O3 155

29 Ca0.375P10.625Mn0O3 160

30 Ca0.3Pr0.7MnO3 140

31 Ca0.3Sr0.2La0.5MnO3 100

32 Ca0.3Sr0.62Gd0.08MnO3 255

33 Ca0.3Sr0.6Sm0.1MnO3 240

34 Ca0.43Ba0.07Bi0.5MnO3 70

35 Ca0.45Bi0.55Mn0O3 132.8

36 Ca0.4Bi0.1Pr0.5Mn0O3 144

37 Ca0.4Bi0.2Pr0.4Mn0O3 134

38 Ca0.4Bi0.3Pr0.3Mn0O3 121

39 Ca0.4Bi0.4Nd0.2MnO3 124

40 Ca0.4Bi0.4Pr0.2Mn0O3 127

41 Ca0.4Bi0.5Pr0.1MnO3 129
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No formula Néel Temperature(Tn) (K)
42 Ca0.4Bi0.6MnO3 136
43 Ca0.4Nd0.6MnO3 136
44 Ca0.4Pr0.6MnO3 170
45 Ca0.4Sr0.1Bi0.5MnO3 140
46 Ca0.4Sr0.1La0.5MnO3 150
47 Ca0.4Sr0.52Gd0.08MnO3 185
48 Ca0.55Tb0.45Mn0O3 110
49 Ca0.5Bi0.5MnO3 120
50 Ca0.5Ce0.03Pr0.47MnO3 150
51 Ca0.5Ce0.05Pr0.45Mn0O3 133
52 Ca0.5H00.5Mn0O3 110
53 Ca0.5Lu0.5MnO3 40
54 Ca0.5Nd0.5MnO3 160
55 Ca0.5Pr0.5MnO3 170
56 Ca0.5Sm0.5Mn03 180
57 Ca0.5Sr0.42Gd0.08MnO3 150
58 Ca0.5Tb0.5Mn0O3 135
59 Ca0.5Tm0.5Mn0O3 102
60 Ca0.5Yb0.5MnO3 90
61 Ca0.6Bi0.4MnO3 100
62 Ca0.6Gd0.05Y0.35MnO3 245
63 Ca0.6La0.05Y0.35Mn0O3 225
64 Ca0.6Nd0.05Y0.35MnO3 240
65 Ca0.6Pr0.05Y0.35MnO3 245
66 Ca0.6Sm0.05Y0.35Mn0O3 250
67 Ca0.6Tb0.4MnO3 100
68 Ca0.7Sr0.3MnO3 140
69 Ca0.82La0.18MnO3 140
70 Ca0.82Y0.18MnO3 142
71 Ca0.84Pr0.16MnO3 146
72 Ca0.84Sr0.06Sm0.1MnO3 105
73 Ca0.85Eu0.15MnO3 135
74 Ca0.85Sm0.15Mn03 110
75 Ca0.8H00.2MnO3 146
76 Ca0.8Tb0.2MnO3 145
77 Ca0.925Ce0.075Mn0O3 112
78 Ca0.94La0.06MnO3 105
79 Ca0.94Y0.06MnO3 103
80 Ca0.95Ce0.05MnO3 111
81 Ca0.96Ce0.04MnO3 95
82 Ca0.9Ce0.1MnO3 132

83 Ca0.9Dy0.1MnO3 116
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No
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125

formula
Ca0.9Eu0.1MnO3
Ca0.9Gd0.1MnO3
Ca0.9Ho0.1MnO3
Ca0.9La0.1MnO3
Ca0.9Nd0.1MnO3
Ca0.9Pr0.1MnO3
Ca0.9Sm0.1MnO3
Ca0.9Tb0.1MnO3
Ca0.9Yb0.1MnO3
CaMnO3
Ce0.45Bi0.55MnO3
DyMnO3
ErMnO3
Eu0.5Tb0.5MnO3
EuMnO3
GdMnO3
HoMnO3
La0.32Eu0.68MnO3
LaMnO3
LuMnO3
Na0.025Pr0.975MnO3
Na0.05Pr0.95MnO3
Na0.075Pr0.925MnO3
Na0.25Nd0.75MnO3
Na0.25Pr0.75MnO3
Na0.2Pr0.8MnO3
Nd0.5Eu0.5MnO3
NdMnO3
Pr0.5Eu0.5MnO3
PrMnO3
ScMnO3
Sm0.5Eu0.5MnO3
SmMnO3
Sr0.1Pr0.9MnO3
Sr0.3Ba0.2Bi0.5MnO3
Sr0.3Bi0.7MnO3
Sr0.45Bi0.55Mn0O3
Sr0.4Eu0.6MnO3
Sr0.55La0.45MnO3
Sr0.55Nd0.45Mn0O3
Sr0.55Sm0.45MnO3
Sr0.56Pr0.44MnO3

Néel Temperature(Tn) (K)
114
115
115
100
110
107
113
116
112
125

175.5
40
40
50
50
42
40
78
140
40
87
85
80
120
181
175
60
88
67
94
130
41
59
85
140
120
168.7
95
195
180
180
215
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No
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159

formula
Sr0.5Bi0.5MnO3
Sr0.5Ce0.1Pr0.4MnO
Sr0.5La0.2Pr0.3MnO.

Sr0.5La0.5MnO3
Sr0.5Nd0.5MnO3
Sr0.5Pr0.5MnO3
Sr0.5Sm0.5MnO3
Sr0.63Sm0.37MnO3
Sr0.65Nd0.35Mn0O3
Sr0.65Pr0.35MnO3
Sr0.6La0.4MnO3
Sr0.75Ce0.25MnO3
Sr0.7Ce0.3MnO3
Sr0.85Ce0.15Mn0O3
Sr0.85Pr0.15MnO3
Sr0.8Ce0.2Mn0O3
Sr0.9Ce0.1MnO3
SrMnO3
Tb0.9Sn0.1MnO3
TbMnO3
TmMnO3
Y0.1Nd0.9MnO3
Y0.25Eu0.75MnO3
Y0.2Nd0.8MnO3
Y0.35Nd0.65MnO3
Y0.3Nd0.7MnO3
Y0.45Nd0.55MnO3
Y0.4Nd0.6MnO3
Y0.5Eu0.5MnO3
Y0.5Nd0.5MnO3
Y0.6Nd0.4MnO3
YbMnO3
YMnO3

3
3

Sr0.5La0.35Gd0.15MnO3

Néel Temperature(Tn) (K)
150
150
100
170
190
155
135
128
250
260
250
230
170
130
230
260
180
290
240
38
40
41
83
47
75
56
63
53
54
45
52
50
43
42
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