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The Story of Light Bulb
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6000+ materials have been tested 2



The Story of Light Bulb

Among numerous experiments, Edison’s team finally
discovered that carbonized bamboo filament could last
over 1,200 hours.



Physics: black body radiation
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Melting point and ductility
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Melting point and ductility
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Material Informatics=Materials Science + Data
Science



Advantages

Although the data-driven approach is internally related
to other approaches, it has unique features and
advantages:

»Enlarge the search space

»Have a global vision

»Find hidden patterns



Enlarge the search space

Human: Thomas Edi;on did MI1: About 200,000 experimentally
thousands of experiments realized materials are documented in

before finding an acceptable Inorganic Crystal Structure Database
materials for the filament of

electric bulb

¥itoms ICSD Web is a host-based internet solution for institutions that would like to reduce their

TCO, while at the same time offering their users easy-fo-use, highly efficient web access

» ICSD Content o the database.
» Why use I[C5D? The ICSD Web login page can be found here.

¢ Publications

ICSD Products At present, the ICSD contains more than 193,000 entries, Including

b ICSDWeb = 2,522 crystal structures of the elements
= 36,659 records for binary compounds

gk 5D Des ko = 70,881 records for ternary compounds

b ICSD Intranet = §9.900 records for quartemary and quintenary compounds

p ICSD Demo Version = About 154,000 entries (80%) have been assigned a structure fype.
There are currently 9,004 structure prototypes.

Customer Support - = - 3 =T

b Price st Detailed information on the ICSD may be found in the scientific manual

103 10°



Nature Mater. 15, 1120 (2016)

' Library generation

OLED molecule design

Calculation

Deavice

| Blacklist |

L%

Select
. fragments

|
I

Machine learning Filter by Synthesize |
L calculation priority properties and test
w -
Theory Experiment
)
1.6 million 400,000 900 4 molecules
molecules calculations candidates validated
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Have a global vision

053213-2 Gaultois et al. APL Mater. 4, 053213 (2016)
H| thermoelectric materials SlosGez He
Li | Be Coo0, g T B \\c N|O|F|Ne

.ﬁ |
Na Mg Mo,Si @ 'l':'. A 20 ~ e > 1csl
K|Ca S; T|- V | Cr [Mn| Fe Co‘ j CL#Zrixa S‘)’(SE Br | Kr
Gd,.Co:Bi Er,.Co:Bi e
Rb | sr NN |z N (Mo Te | Ru| R 8 g |0 [ s e | 1 | xe
S o e .JJ
Cs|Ba|La|Ce|Pr|Nd Pm|Sm|Eu|Gd|Tb Dy Ho|Er Tm Yb Lu Hf Ta /W Re;Os| Ir|Pt Au %Ltg Tl | Pb I? Po\e\t Rn
| i , i
Fr |Ra|Ac|Th|Pa | U |Np|Pu [Am|cml|BK |Cf | Es Frl. Md|No | Lr | R |Hg | sg ryé Mt |Ds [Rg |Cn [Dut FI- Uup Ly BLTe:
Yb,,MnSb, CeFeSb,  NaggPbTe

Human: Researchers tend to improve properties of known materials (nano-
structuring, doping etc) or make substitution in known structures.

MI: Recommendation engines have no bias toward any material class, hence more
likely to identify new materials.



Three key components

' Experimental Data or Computational Data

Machine

: Knowledge in
Learning

Materials Science

Algorithms
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Data Resources

Experimental data (e.g., x-ray
(" diffraction)

Computational data (e.g., VASP, Qchem)

Materials Project
COD
ICSD
\ AFLOWLIB

OQMD

Database Mat Navi
NoMaD
MMDB
CATAPP
MAGNDATA .




Materials Project

Home About - Apps - Documentation - API Login

Harnessing the power of supercomputing and state of the art electronic
structure methods, the Materials Project provides open web-based access
to computed information on known and predicted materials as well as

powerful analysis tools to inspire and design novel materials.

| Leammore | i utoriis Al

1EM—AMaterials Project¥ 5 3 & [ https://www.materialsproject.org/




Materials Project

Home About ~ Apps -

Explore Materials Advanced Search Syntax F ol elanents

Q by Elements = |jNac z

H He
3 |4 5 & 7 g 3 10 excluded elements
L1 Be B|C|N|O|F | HNe
13 14 15 1€ 18

Na Mg Al|si|P|s |d|a

19 20 21 22 23 24 25 28 27 28 29 30 =5 32 33 34 35 35
K Ca Sc Ti V Cr Mn Fe Co Ni Cu Zn Ga Ge As Se Br Kr

328 40 49 432 43 44 45 48 50 53 54

37 38 45 48 47 51 52
Rb St Y Zr Nb Mo Tc Ru Rh Pd Ag Cd In Sn Sh Te I Xe

55 56 72 w3 T4 75 76 i 78 73 80 81 82 &3
Cs Ba Hf Ta W Re Os Ir Pt Au Hg Tl Pb Bi
La Ce Pr Nd Pm ._ém L,_T-Zu d Tb Bv Ho EJ Tm Yb Lu
85 S0 ot 52 %3 94 Z
Ac Th Pa U Np Pu SO E1py

4



RS I L A%
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jH agﬁﬁﬁgg Q by Elements = |[5i
BRED s
Siﬂg%m Li Be
TR th 12
. e Na Mg
g&%g 13 20 29 22 23 24 28 26 27 28
K Ca S¢ Ti V Cr Mn Fe Co Ni
DOS 27 18 29 40 44 43 43 44 45 45
Bb St Y Zr Nb Mo Tc Ru Rh Pd
55 56 Jr-T 72 73 74 s 76 rard 78
Cs Ba H Ta W Re O0s Ir Pt
57 58 59 &0 Ef &2 B3 £4
La Ce Pr Nd Pm Sm Eu Gd
85 20 a1 52 a3 34 58 95
Ac Th Pa U Np Pu Am C

search

5 E T g )
B | €| N|O|F
13 14 15 18 ir
Al Si P S <l
25 30 31 32 33 34 35
Cu Zn Ga Ge As Se Br
47 48 45 1) 51 52 53
Ag Cd In Sn Sbh Te 1
s a0 &1 82 =} 24 25
Au Hg TI Pb Bi Po At
Rg Cn
65 E6 BT &8 &4 7a 71
Th Dy Ho Er Tm Yb Lu
Bk Cf Es Fm Md No L

He

ia

Ne
18
36
Kr
54

Xe

Rn
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Search Materials

_ Formation E Above Hull Band Gap : Density -
Materials Id Formula Spacegroup . Msites Volume #
Energy (V) (eV) (eV) {gmicc)
51 Fd3m 0 0 0.612 2 2.2 40.338
|T'|p'1-'55 Sl Pﬁs."mmt: I:lg 11 [ Bﬁﬂd Stru I:tl.lrE DEHEir‘,’ of States
Si mp-149 10.17188/1190959 = _'
Ray Diffraction X-Ray Absonption Substrates —_-_T‘; B
Ma :_: _;__._
Fi :__-_.. —
- =
- ¥
U o =
Fod [l =l =
0 =
Er —
0. g —
D: = _ =
2 4
| —
D |
St Denisity af s
Eand Gap
0612 eV 4 3.037 61.423

Structure Type: <Caonvanticnal $andard | Primithve | Refined s CIF



FORLBUR EI L A% S — 25 3]

5%

P .
mp-66$ﬂmp-48lﬂl3/|\;%$ﬂljﬁlﬁ|3 NEAE, 14)756 :/:mrrnn}i:: 48, 0.000 eV formation energy/atom,
TR AR E ? %W :mp-66, 0.134 eV formation

energy/atom, Fd-3m

MoS,:mp-1434 Eg=1.204 eV
AR 2 A ? 2
HLBIMoS, FIMoSe, IR ? BENEE?  Mose,mp-1027692 Eg=1.138 ¢V

Explore Materials Advanced Search Syntax

E%ﬁCu, OE@%?{%’%% Q by Elements v | Cu-0-*-*
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PRI I P 8 5

Home About ~ Apps ~ Documentation - API D Tutorials @ Dashboard

P Generate APl Key

IWEQtVaxKEs8ZhaF




PRI I P 8 5

ﬁ%*j*l,’/f—é A%\ .
https://www.materialsproject.org/rest/v2/materials/mp-
24972/vasp/?API_ KEY=ueO01GUMsIBLO9JRIH

BEMEHRETE R
https://www.materialsproject.org/rest/v2/materials/mp-
24972/vasp/bandstructure? APl KEY=ue01GUMSsIBLY9JRIH

BEMBSEEER:
https://www.materialsproject.org/rest/v2/materials/mp-
24972 /vasp/dos?API KEY=ue01GUMSsIBL9JRIH

BEMBIZTE S
https://www.materialsproject.org/rest/v2/materials/mp-
24972 /vasp/structure? API KEY=ue01GUMSsIBL9JRIH



PRI I DL 285

elasticity
Mechanical properties in the elastic limit. Contains the full elastic tensor as well as derived properties, e.g. Poisson ratio and bulk (K) and shear (G) moduli. Consult our
hierarchical documentation for the particular names of sub-keys.

piezo
Piezoelectric properties. Contains a tensor and derived properties. Again, consult our repository for the names of sub-keys.

diel
Dielectric properties. Contains a tensor (one each for total and electronic contribution) and derived properties, e.g. dielectric constant, refractive index, and recognized
potential for ferroelectricity.

Calculation parameters

is_hubbard

A boolean indicating whether the structure was calculated using the Hubbard U extension to DFT
hubbards

An array of Hubbard U values, where applicable.
is_compatible

Whether this calculation is considered compatible under the GGA/GGA+U mixing scheme.

Electronic structure

band_gap
The calculated band gap
dos
The calculated density of states in the pymatgen json representation
bandstructure
The calculated "line mode" band structure (along selected symmetry lines -- aka "branches”, e.g. [ to Z -- in the Brillouin zone) in the pymatgen json representation
bandstructure_uniform
The calculated uniform band structure in the pymatgen json representation

https://materialsproject.org/docs/api

21



PRI I DL 285

Database Statistics

133,691 58,329 21,954 530,243

INODRGANIC COMPOUNDS BANDSTRUCTURES MOLECULES NANOPOROUS MATERIALS

13,942 3,028 3,628 16,128

ELASTIC TENSORS PIEZOELECTRIC TENSORS INTERCALATION ELECTRODES CONVERSION ELECTRODES

MREEAAG BEE C A B mp index.xIsx A1, it RFE =%

\®]
\9]



PR I P 48 5

goo Crystallography Open Database

COD Home

Home
What's new? £

Accessing COD Data

Browse

Search

Search by structural
farmula

Add Your Data Open-access collection of crystal structures of organic, inorganic, metal-organics compounds and

Deposit your data minerals, excluding biopolymers.

Manage depaositions

Wanage/release Indluding data and sofiware from Crysialfye develaped by Nick Day at the department of Chemisiry, the
prepublications University of Cambridge under supervision of Peter Murray-Rust.

All data on this site have been placed in the public domain by the contributors.

COD Wiki Currently there are 405557 entries in the COD.

Obtaining COD Latest deposited structure: 2242911 on 2019-04-24 at 02:30:59 UTC

Querying COD

Citing CQD

COD Mirrors
Advice to donators
Useful links

Crystallograph Open Database{fl 5 2140 73 i db AR 4504
PLri: MBEER R, IREZM N7 2. AP TRALM R SCER H Ak
B BRZ AR ARG R B

https://www.crystallography.net/cod/




FORLUE DL 28 5 >

ICSDIIA #5320 73 M I L AR A 254 S AH
> 199,000 crystal structures I T LS A

> 160,000 10,000 ~30,000 Peri: SRy Bk 5 SL i Hds; &
experimental theoretical derived AR FANT] g Hﬁ}"&% . :}E%’fﬁ FANE Y =

structures structures structures
2950 > 60,000 > 80,000 >1,500 i &5, FoKAlicenses AL
St:;;‘:re autr;ors arti::Ies jou;nais %ﬁ*& ’ \]&ﬁ tl:@ fi‘ri )—D"i o

http:// www?2.fiz-karlsruhe.de/icsd home.html
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E

KNN K-nearest neighbors nonlinear
LogReg Logistic regression linear
LDA Linear discriminant analysis linear
DT Decision tree nonlinear

SVM Supporting vector machine Linear or nonlinear



PR BT A%F
¥ P 94 KB KNN
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PRSI B A% 27 X

w70 R HEVE--LogReg

nt 2
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data projected onto the first two PCA components
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RIS DL 28 5 >

R B REIE— RN

K K
Entropy S =) pelnpr D ope -1
k=1 =1
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http://playground.tensorflow.org
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PRI I DL 25 5

PR R 16 -3 I IE

N T B RERR RO PP AL A A R
P, ALK FH RS 5k (cross-
validation) ) /7 7%

K-8 X5k I 258 BLIR K A
» BRRIE O SRR A,
HAMT IR, ZaKIRIHL 4
RAT BRI ) St

. Split data into & sets of roughly the same size, e.g. into k=35

splits.

. Use (k — 1) splits for training and model selection. Then test

the generated model on the remaining hold-out or test split.

_ N N N N

training

3. Repeat step 2. k-times, i.e. until each subset heen once
used for testing. validation

ol O .

pdz O EE BN ] BN

oz O NN [ EE BN

S  IEm N N

ek ] S B BN N

. Combine the k estimates of the prediction error into one cross-

validation error.
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PRSI B A% 22 X

ﬁﬂiﬁ%---bagging

A H A Z MR (22088 W, REEANEENE (
Robustness) , {HEFHIFEE . B | bagging#MNEHboostEs /7%

mMFAEY | TEE SRR

e
NEmMX B ZES » o

Bl FEFAF

[Tz

58 73 K28
G2 HEREE |—

G(x)

MEFSH
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Python 2% A FINLE852 ) . MR RE
2 B FIPLES 5 3 FEscikit-learn

RO, zchtteam

- R OB
-« Hbd o R

XEAR. FA. RE . PRgE AR, FEMAESEZ LTS, H
WHEERE, ZTH.
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Machine learning algorithms

classification =g scikit-learn
. algorithm cheat-sheet

get
more

data o
a regression
— =
ves || category
Shouide
important
NO
clustering
WORKING o~
Va8 WORKING
] dimensionality
reduction

35



Machine learning algorithms

Deep Boltzmann Machine (DEM) ]
Deep Belief Networks (DEN) .
Convolutional Neural Network (CNN)

Stacked Auto-Encoders

Random Forest

Gradient Boosting Machines (GEM)

~, Deep Learning
P —————————————
A A

Boosting b
Bootstrapped Aggregation (Bagging) l\ Ensemble ]
AdaBoost I(

Stacked Generalization (Blending)

Gradient Boosted Regression Trees (GBRT)

Radial Basis Function Network (REFN)
Perceptron |

Back-Propagation
Hopfield Network
Ridge Regression

Least Absolute Shrinkage and Selection Operator (LASSO)

Elastic Net 7

T |

Least Angle Regression (LARS) /
Cubist

One Rule (OneR) |
Zero Rule (ZeroR)

~) Neural Networks
—_—
¥

|

/

- Regularization ./ /| |
l 3 /o

Repeated Incremental Pruning to Produce Error Reduction (RIPPER)  /

Linear Regression

Ordinary Least Squares Regression (OLSR)

Stepwise Regression

Multivariate Adaptive Regression Splines (MARS)

Locally Estimated Scatterplot Smoothing (LOESS)

Logistic Regression /

\3} Regression /

/

Bayesian %

="}

e Learning Algorithms- )

T——— T

.

MNaive Bayes
Averaged One-Dependence Estimators (AODE)

Bayesian Belief Network (BEN)

Gaussian Naive Bayes

Multinomial Naive Bayes

' Bayesian Network (BN)

Decision Tree

Classification and Regression Tree (CART)

l_ Iterative Dichotomiser 3 (ID3)

| cas

" 5.0

Chi-squared Automatic Interaction Detection (CHAID)

\__Decision Stump

I\ Conditional Decision Trees

M5

Principal Component Analysis (PCA)
Partial Least Squares Regression (PLSR

/' sammon Mapping
Multidimensional Scaling (MDS)

Projection Pursuit
Principal Component Regression (PCR)

\\_ Clusteri ng _[!I"

"\ Instance Based
__Instance Based |

Partial Least Squares Discriminant Analysis

__Mixture Discriminant Analysis (MDA)

' Quadratic Discriminant Analysis (QDA)

' Regularized Discriminant Analysis (RDA)

|\ Flexible Discriminant Analysis (FDA)

\_ Linear Discriminant Analysis (LDA)

__k-Nearest Neighbour (kNN)
Learning Vector Quantization (LVQ)

Self-Organizing Map (SOM)
' Locally Weighted Learning (LWL)

o

k-Means
[ k-Medians
. Expectation Maximization
|

\_ Hierarchical Clustering

36



Data analysis tools

Rotk

An Introduction
to Statistical

Learning

EE > 104 data points

Learning
large model compacity

37
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Lithium-ion rechargeable battery
Charge mechanism :

Separator v 1

Electrolyte
(Polymer battery: gel polymer electrolyte)  sa00g Hawstutiworks

PN N R LY v p =) sk VY i

KRB AR, BFEREREER, RIS ihF
fRAEATHLIA T

P HRAT, FEROHLE TS
Bt e REBLIR S B3 R, A S
AR

Y] 3R [ 2S04 5 1 SARA R ?
Guess-and-check? {£5% | 214, X453 1 E1Fh
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Knowledge

» The size of training set is relatively small in materials science

»Human knowledge can help design effective descriptors

Energy & &
Environmental gﬂm
Science

PAPER View Article Online
@Cmﬂ Holistic computational structure screening of

more than 12 000 candidates for solid lithium-ion
conductor materialst

Citethis: DO 101039/ chee(2657d

Austin . Sendek,” Qian Yang,” Ekin D. Cubuk,” Karel-Alexander M. Duerloo,”
Yi Cui” and Evan J. Reed**

Material Project . & Z12000F4 & #L i) d ik 254, 1R A]R
17 55 Hbstp ke anfa sk 2 e

b
!

fFAE “ Pl
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Solid lithium-10n conductors

66,840 candidates

l containing L1 atoms

12,831 candidates

band gap, anti-oxidization, structural stability, no
transition metal, cost, earth abundance

317 candidates

L1 conduction: machine learning
trained with 40 known materials

21 candidates

40



Electronic
conductivity

Structure stability

Stability vs.
oxidation at
cathode

Stability vs.
reduction at anode

Screening

o=(u+ yh)q\/NCNVe_Eg/sz E,>leV

Energy above hull: The decomposition
energy of this material into the set of most
stable materials F ol = 0

~

V.. =aG, | xF
: 2G g 0 04 o o /
Li ABC —xLi" +aA” +bB" +c V>4
Transition metals have many stable No transition

oxidation states metal

41



A4 B T SR I KL i

Pl I R R i SRR I
Miﬁ?j{ EF' %37%“ T 40 RT bulk ionic lonic

L

%*ﬁ%? EE‘ﬁE‘A%E[/\j Composition conductivity (S em ') conductivity ref. Structure ref.
A . M2y = X o y
SLiM L, HomE LiLa(TiO3), 1 % 1g~° 17 29
FHESZRE11R, Lio.515N0.81P2.19512 5.5 % 10 ; 30 30
Li;0Ge(PSg), 1.4 % 10 7 31
Li-10_35Si-1_35P1_65S-12 6.5 x 10 3 30 30
np R 28 ) MICSD#4 Li;sZnGe,046(2) 1.0 x 10 Z 32 33 and 34
T Li,Ca(NH), 6.4 X 10 35 36
o Li,Ge, Oy 5.0 x 10~° 37 38
] Li,NH 2:5% 107" 35 39
1, > 107" S cm Li,S 10:% 10" 40 41
— 4 | Li13.65j2.881.2016 6.0 x 10 z 42 43
0,6 <107° Sem™ Li;4Ge;V,046 7:0% 1677 44 45



H| ;

SHEET BRI,

&Y ipin

VL2822 S /iR FF I --- 20 LiAH R iR A7

Pearson correlation

Feature coefficient
1 Volume per atom* 0.20
2 Standard deviation in Li neighbour count 0.22
3 Standard deviation in Li bond ionicity 0.04
4 Li bond ionicity” 0.18
5 Li neighbour count® 0.19
6 Li-Li bonds per Li* 0.06
7 Bond ionicity of sublattice® 0.28
8 Sublattice neighbour count” 0.13
9 Anion ;‘mm{work coordination® 0.06
10 Minimum anion-anion separation distance® (A) 0.09
11 Volume per anion (A%) 0.01
12 Minimum Li-anion Se pararwn distance” (A) 0.20
13 Minimum Li-Li separation distance® (A) 0.10
14  Electronegativity of sublattice® 0.16
15  Packing fraction of full crystal 0.16
16 Packing fraction of sublattice 0.19
17 Straight-line path width® (A) 0.07
18  Straight-line path electronegativity” 0.29
19  Ratio of features (4) and (7) 0.03
20 Ratio of features (5) and (8) 0.18

Constant term

20 NIRRT 5 & T SR
TR AR ARAG . HpRASE
e MNEIER.

figb RT3 - SE AR 5 B 1)
IRRT A A B A 5 EEARFAIL !

B (&(“ - 1) — |1 +exp

ZH (i
- 'l
=0

PLR > 50%, NI3E# KA 128
(BB THSZE)
PLR < 50%, M # A0,
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Features design

Features design relies on professional knowledge to
identify the most relevant factors

Features Definition
LLB The average number of Li neighbors for each Li
SBI The average sublattice bond iconicity
The average anion-anion coordination number in the
AFC :
anion framework
LASD The average shortest Li-anion distance in angstroms
LSSD The average shortest Li-Li distance in angstroms
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Ionic conductivity screening

P(x)> 0.5 good ionic conductor
P(x) <0.5 bad ionic conductor

P(o = 10 Sicm)

exp(z ; 0.x;)
1+ exp(zié’ixi)

P(x) =

EBx; (dimensionless)

> 0x,=0.184x LLB —4.009 x SBI —0.467 x AFC
+8.699 x LASD —2.17 x LLSD — 6.564

Logistic regression

45



MBS S

MPID Chemical formula
mp-554076 BaLiBS,
mp-532413 Li-B-S;;
mp-569782° Sr,LiCBr;N,
mp-558219 SrLi(BS,);
mp-15797 LiErSe,
mp-29410 Li,B,S-
mp-676361 Li,ErCl,
mp-643069° Li,HIO
mp-19896 Li,GePbS,
mp-7744° LiSO,F
mp-22905” LiCl
mp-34477 LiSmS,
mp-676109 Li;InClg
mp-559238 CsLi.BS;
mp-866665° LiMgB;(HoN),
mp-8751 RbLiS
mp-15789 LiDyS,
mp-15790 LiHo0S,
mp-15791 LiErS,
mp-561095° LiHo;Ge,(04F),
mp-8430 KLiS
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Two recent experiments

Ferromagnetism was found in 2d materials experimentally

LETTER

d0i:10.1038/nature22060

Discovery of intrinsic ferromagnetism in
two-dimensional van der Waals crystals

Cheng Gong'#, Lin ng*, Zhenghu Li>**, Huiwen Ji°, Alex Stern”, Yang Xia', Ting Cao>*, Wei Bao!, Chenzhe Wang', Yuan Wang"4,
Z.Q. Qiu?, R. . Cava®, Steven G. Louie®*, Jing Xia? & Xiang Zhang!*

doi:10.1038/nature22391

Layer-dependent ferromagnetism in a van der
Waals crystal down to the monolayer limit

Bevin Huang'*, Genevieve Clark?*, Efrén Navarro-Moratalla®*, Dahlia R. Klein®, Ran Cheng*, Kyle L. Seyler!, Ding Zhong!,
Emma Schmidgall', Michael A. McGuire®, David H. Cobden!, Wang Yao®, Di Xiao*, Pablo Jarillo- Herrero® & Xiaodong Xu'-?

UC-Berkeley group Cr,Ge,Teg

UW and MIT group Crls
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Pre-screening for 2d ferromagnetic materials

Goal: Search for materials with layered structure and
ferromagnetism

Pre-screening criterion

1)
2)
3)
4)
5)

Material exited (use ICSD)

dimension = 2

packing factor < 0.354

magnetic moment per atom > 0.625 mg

Energy above hull <0.136 eV

materials

diamond
graphite
MoS,
Fe
Co

Ni

mp-id

mp-66

mp-568286

mp-1434

mp-13
mp-54

mp-23

quantity
OE =0.136
p=0.143

p =0.354

u=2.332

n=3.319

u=0.625
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Rediscover experimental materials

MATERIAL ) 0o
CrGeTe;  mp-541449  10.17188/1265115 -0

Electronic Structure X-Ray Diffraction Substrates Elasticity Calculation Summary

HM:F 1
a=6.913A

b=6.913A

c=21.818BA
a=90.000°
B=90.000°
¥=120.000°

UC group

UW and MIT
group

mp-541449
mp-27734

mp-567504

Cr,Ge,Teg
Crl;

CrGeTe,

CrBr,

CrCl;




Add one piece of physics to the
search criterion:

screening criteria

1)
2)
3)
4)
S)
6)

Material exited (so use ICSD)
dimension = 2

packing factor < 0.354

magnetic moment per atom > 0.625 my
Energy above hull <0.136 eV

Must have M-Z-M network: M = transition metal atom, Z=heavy atom (Z >
49). This ensures some super-exchange.




Mining the ICSD for 2D magnetic
materials

-— formula screening —~

3,688

¥

<—— geometry screening

Y
duluiw ejep

<—— manual screenmg —

<+— DFT calculations

Phys. Rev. Mater. 2, 081001(R) (2018)
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7 == DFT and Monte Carlo data

#| ICS5D  formula| structure ordering| J{meV) T.(K)
1{ 52368 Cola - AFM Z -
2| 52369 Fela - AFM . -
3| 33673 Mnls MZa FM 0.3 15
4 22108 Nila MZa FM 1.5 63
5| 246907 Vla - AFM z -
6| 603582 VTes MZa FM 3.0 128
7| 626809 CrSiTes MAZa FM 12.2 214
8| 252343 CrGeTes MAZs FM 17.8 314
9] 251655 Crls MZa FM 0.1 161

10| 180602 FeTe . AFM . -

11| 66958 MnCaSn . AFM . -
12| 4073 Crla - AFM . -
13| 76730 NiTe : AFM z -

14| 35266 CrTes CcQ FM 5.0 71

16.5
Lo
15| 626873 Cr3Teq sMZa FM 16.6 2057
158
12.0

Using the 2 experimental data, get a heuristic scaling factor of T,: 0.2 ~ 0.4.
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(1) Allowed elements
(2) ICSD

(3) Epur<=0.02

(4) 4'<:[<comp<:6

(5) 0<E, <=3 eV

gap

(6) Direct band gap

1

LR

83989

Screen 1

5073

Screen 2

169

Screen 3

. 22

J. Phys. Chem. Lett. 2019, 10, 52115218
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Band edge positions:

1
ELQB — X(S) o Ee +EEg

N
x(S) = Jﬂx%---xﬁ_lxi

https://github.com/nevbac/photocatalytic-material-
searching/tree/master/searching engine




