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Presentation Goals

* Present material informatics and compare “classic” with
material-related statistical models

e Provide a flavor of the diversity of material-related “activities”
e Examples from solar cells (going beyond the models)

Experiments

Avi Yosipof Oren Nachum Omer Kaspi Funding Arie Zaban




First Scientific Publication on Nanotechnology in Russian

KoMnbrTepHoe MoaenupoBaHue B MONEKYNAPHOW

e HAHOTEXHOJNOINMM o
Onybauxoeano e MypHate "Komnsomeppa " No41 om 12 oxmnebps 1007 2004
.iar'raop » HIOPE BACKHH | Pazdea: TEMA HOMEFA

MpencTaeeTe cefe TAKyH KAPTUHY: Ha KOHBeRepe cHOPOYHOro LiEXa AHEM M HOYbHD
YNPABNAEMBIE KOMNBIOTEPOM poGoThl NPKM NOMOLLM MEXAHWYECKMX PYK-MaAHUNY NATOPOE
coOMpaKT M3 NOCTABNAEMbIX HA NpeanpUATME NUO0 NPOM3BOAWMEIX B APYTUX LIEXAX
OeTanei camele pazHooGpasHble MALWWHEL. KADTUHA, Ka3anock Obl, 3HAKOMAR U He
N0MKHA EbI3bIBATE B KOHLE XX BEKa HU Y KOro ocoBoro yaUBNEHMA, 33 MCKINKYEHUEM
TOMNBKD OIHOTO MOMEHTA: BCE 3TH MALUWHLI, poB0Thl, KOMNBTEDLI, KOHBERED W OaKe
cam 3aBoj N0 pa3Mepy He NPeBOCX00AT BUpyca. Bce geTanu MexaHM3MOB TaKMX MallWH
npeacTaenaAlnT cofoil MHAMBMOYANLHLIE MOMEKY ML, NWG0 CYNPaMONekyNApPHLIE (TO ecTh
COCTOALIWE M3 HECKONBKMX MOMNEKYN) KOMNNEKCk. XOTA BCe 3TO BhIMAANT Kak
(PAHTACTHUYECKAR KAPTUHA M3 OYEHE Aanekoro GyaQyLLEro, HA CAMOM Ke Aene 3To
BMNOMHE KOHKPETHBIE HAYYHO-TEXHWYECKME Pa3paboTKM NOCNeqHUX HECKONbKMX MNET,
KOTOPLIE M COCTABNAKT NPEAMET MONEKYNAPHON HAHOTEXHOMOTHUK.

MonekynapHaA HAHOTEXHONOMMA 3aHUMAETCA
OW33AHOM, MOAENKPOBAHWUEM W MPOM3BOACTEOM
MOMEKYNAPHBIX MALIWH W MONEKYNAPHLIX YCTPORCTE.
MUOHEPOM 3TOMD HANPABNEHWA MOXHO N0 Npasy
CYMTATEL IpHKa Jpekcnepa, onyGnUKoBaBLIETO NATh
NeT Hasan kHury Eric Drexler, Nanosystems:
Molecular Machinery, Manufacturing, and
Computation, John Wiley & Sons, 1992 r. Mo CBOWM




Material Informatics: Turning Data into Knowledge

Materials informatics is a field of study that applies the principles / "'2;%3@
of informatics to materials science and engineering to better understand & /Qﬁ\p)\ ‘

the use, selection, development, and discovery of materials. This is an i{jﬂ/(
emerging field, with a goal to achieve high-speed and robust acquisition, = &

management, analysis, and dissemination of diverse materials data. \TY}:K%PEPIA
e Free Encyclopedia
o / /
* Related to blg data DATA CREATION ENFS(Y)éi)rF\\;G(\JIE()N// /’
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Areas of Applications of QSAR/QSPR in Material Sciences

e Medicinal chemistry, drug design, pharmaceuticals
e Personal care products and cosmetics

e Food industry

e Catalysts design

e Anticorrosive material design

e Optical devices design

e Nanotechnology

e Explosives

e Solar cells

Katritzki et al., ChemPlusChem 2012, 77, 507
=



Statistical Models (aka QSAR/QSPR)

e Accurate experimental data
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e Descriptors

Structure-derived (measured; calculated)

e A mathematical model

e.g., quantitative, qualitative, linear, non-linear

e Model validation
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on an independent test set e

Models should be simple and interpretable ) o




QSAR Engine

1. Descriptors selection 3. Generation of multiple models 5. Consensus model
2. Outliers removal 4. Model(s) validation and selection 6. Validation
7. Predictions

Dataset —>  Descriptors Calculation = Descriptors Selection
v

Outlier Removal

Internal Set External Set
v
Multiple Divisions
VREE LG . (&= Training Set Test Set
» Avoid chance correlation

‘ Model Derivation
* Linear (MLR)

r Model Selection
* Non-linear (kNN) v
Consensus Prediction

* Average —
- SD




The Compounds

e Classical QSAR

+ Structures typically well-defined

» Potential exception: Polymers and mixtures
(but consisting elements are known)

» True even for combinatorial chemistry

e Material QSAR

+ Structures sometimes well-defined

+~ Not true for combinatorial material
synthesis

Glass substrate



The Data
===
e Classical QSAR
» Primarily concerned with pharmacokinetics / pharmacodynamic related
activities
» Diversity comes from the targets / ligands
» Medium / large / very large data sets

e Material QSAR

» Diversity comes from activities and the nature of the materials

+ Solubility of materials + Glass transition temperatures

+ Biological activities + Half decomposition temperature
+ Young’s modulus + Melting point of ionic liquids

+ Thermal conductivity + Viscosity

+ Atomization energies + Photovoltaic properties

» Tiny / small / medium / large / very large data sets



The Descriptors

e Classical QSAR

+ Typically nD (n = 1,5) “classical” descriptors
+ Limited usage of QM-derived descriptors

e Material QSAR
+ Typically nD (n = 1,5) “classical” descriptors
+ Heavy reliance on QM descriptors
+ Usage of experimental conditions as descriptors

+ Heavy reliance on measured descriptors (for undefined structures)



Raman Spectroscopy

Raman spectroscopy is a spectroscopic technique used to observe
vibrational, rotational, and other low-frequency modes in a
system. Raman spectroscopy is commonly used in chemistry to
provide a fingerprint by which molecules can be identified.

F_ highj

A
: - A 12L0)
AfLO) A E2(comb)|

Virtual
energy A E,}
States B . lF'-I'UJ N_LVM )
Vibrational
energy states -M, A=

v g _NJL_,.* A

Intensity (a.u)

2

T r T T T T
GO0 a0 1000 1200

f 20
‘ v_ 1 Raman Shift {cm ')
0
Infrared Rayl eig h Stokes Anti-Stokes Figure 4. Variation with temperature of the Raman spectra
absorption scattering Raman Raman of ZnO. The most intensive Raman line E,(high) was
scattering scattering assigned as a control peak to calculate phase relationship

in the composites prepared.




X-Ray Diffraction (XRD)

===
X-ray diffraction has been in use in two main areas, for the fingerprint
characterization of crystalline materials and the determination of their
structure. Each crystalline solid has its unique characteristic X-ray powder
pattern which may be used as a "fingerprint" for its identification.

(a) @ a-Fe,0; Hematite
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* FeNbO,

Intensity [a.u.]
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Leller et al., ACS Comb. Sci. 2015, 17, 209-216



Using Spectra as Descriptors
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Methods

e Classical and material QSAR
+ Data reduction techniques (e.g., PCA)
+ Clustering
+ Classification models (e.g., Random Forests)
+ Quantitative models (e.g., MLR, SVM, kNN)

Validation
e Classical QSAR

+ “OECD” principles available and frequently followed

e Material QSAR

+ Insufficient external validation
+ Inappropriate control for chance correlation



Data Curation

Error
Rate A 0
- y Removal of Mixtures
and Inorganics
lab Experimental Variability
P TT— Structural Conversion
e skt Exclusion of Unreliable 1 Cleaning/Removal of Salts
" Data Sources 0
RS sahi R RS Detection and Verification | | L | Normalization of
of Activity Cliffs T Specific Chemotypes
........................ Calculation and Tuning of |
Dataset Modelability Index |  E% O Removal of Duplicates
....................... Consensus QSAR Predictions to ederennen@nual Inspection
Curate Mislabeled Compounds ?
Curated Set .
Dataset Size

Fourches et al., JCIM, just accepted




Bitter Taste Predictions

Training Set

e Prediction of peptide bitterness
e Training set: 176 short peptides
e Test set: 48 short peptides

e Residue-based and global descriptors

predicted bitterness, log 1/T
e

RCWY =0.86
o : .
e PLS regression .
reference bitterness, Ioa 1T
I 4
£ Test Set R=075
:Dn 35 1
. . £
e Global descriptors are more important than g 25
residue-based descriptors 2,
Kim et al., J. Agric. Food Chem., Vol. 54, No. 26, 2006 1 15 2 25 d 55
reference bitterness, leg 1T




Explosives Prediction |

e Prediction of impact sensitivity of nitro compounds
e 161 compounds, specific and global models MLR, “OECD” validation
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3.0 : ' , 3.0 . , ; : -
4 training | ] 4 training 5 A 3.0-
e validation s e validation 8T 4 training
251 2 1 25 s T 257 e validation o a0t
. N .@.A ] 20 Vé.-ngﬁ.A
3 2.0 ) o b 2.0 “aﬁ"éﬁﬂ . 151 . A_{ﬁZ*A 2 ®
o ] ". “ kS| e n ] 3 10l "“::_.-
% 13 & -iz'ﬁ TES et o - 05
O | %A S A:- %. § O 1
1.0 _%ié".‘ 1.0 AQA.-""” . 8 0'005 " 10 15 20 25 30
" : -0.51 :
1 ] 1 e . ] ° experimental
SEA -1.0=
e 10 15 20 25 3.0 B I T T S -10_oj Global °
experimental experimental 3.0 T L L
4 training
e validation :
25 = .‘AA.
e Good models for nitramine and ol s g;egfi{é‘;
L O%A&. - A' =
nitroaliphatic but not for nitroaromatic 3 15 s B’
8 | é %
compounds TINENY
05 - Z' T T T T T
0.5 1.0 15 20 25 3.0
Fayet et al., Process Safety Progress (Vol.31, No.3)
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Explosives Prediction Il

===
e Prediction of impact sensitivity of nitro compounds from “physical

principles”
e Sensitivity Index (Sl)
+ Number of atoms
= Dissociation energy of the weakest X-NO, bond
+ Energy released upon the decomposition of 1 mole of compound

1 1 d 4
| 2 J ]
Sensitivity Index

Mathieu, J. Phys. Chem. A 2013, 117, 2253-2259




Material Ca rtograp hy Super-Conductivity Critical Temperature

) R —
* Purpose gapaEaREL
. Displaying material space (AFLOWLIB) . A&;g"més. Krsao

{ternary pmcﬂd@) 1“&}“ ﬂ(

» Similarity-based Identification of
specific materials

- QMSPR models o s,c-.,;;_::..:,‘.- wzmap:*g‘
e Descriptors : JE e acm& _. 4 o c‘:’”: s
» Band structure fingerprints Network ib:f,l‘ %xcu’:ai'd;é'#’o’"
. SIRMS (fragment-like)
» QM
e Methods
. Clustering, RF, PLS
Model
Isayev et al., Chem. Mater. 2015, 27, 735-743 .



60 Seconds on Photovoltaic (PV) Cells

1. Generation of the charge carriers (electrons and holes) due to the
absorption of photons

2. Separation of the photo-generated charge carriers in the junction
via n-type (high electron conductivity) and p-type (high hole
conductivity) semi-conductors

3. collection of the photo-generated charge carriers at the terminals
of the junction

e Key Parameters

» Open circuit voltage (V) _ L& * Antirefiection coating

 Grid contact
< \\ _Transparent

l [ Conducting Oxide

FF xJc xVoa

Junction former
P

-

= Short circuit current (Js.)
External

« Internal quantum efficiency (IQE) load
. Fill factor (FF)
» Power Conversion Efficiency (PCE) =

* Absorber

~.

" Rear contact




Efficiencies of Solar Cells
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~ Solar cell efficiency is the ratio of the electrical output of a

I solar cell to the incident energy in the form of sunlight
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Statistical Modeling for PV Cells

e Goals
|dentify factors responsible for PV properties
Build predictive model for PV properties
Experimental design

e Assumptions
» A correlation exists between PV properties and cells characteristics:

PV = f(Material Descriptors)

o Nature of correlation not necessarily known



Organic Photovoltaics

d
(a) .

Donor/Acceptor

glass
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g 08 L g & . a2 ™
] _E o6 i"_:i"r{ o : .{“.,...f 2 4
e Acceptor design Lol o~ 2 oA ]
e Training set: 50 compounds ’v
e ChemAxon descriptors R 5 ]
. . = R P é ; By tot 1
e Linear regression Lol o Lgs |
i Y . & olg”e .

Olivares-Amaya et al., Energy Environ. Sci., 2011, 4, 4849-4861




Organic Photovoltaics
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(blue), and Voc x Jsc (red). Best
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Olivares-Amaya et al., Energy Environ. Sci., 2011, 4, 4849-4861



Dye-Sensitized Solar Cells (DSSC)

e Different dyes sensitized by incident radiation
* Photo-excited electrons transferred to TiO,
* Holes transferred to the electrolyte

e Ruthenium sensitizers design
e Training set: 73 compounds
e No validation set

e Volsurf+ (MIFs-based), QM
and “classical” descriptors

e PLS regression

Tortorella et al., RSC Adv., 2015, 5, 23865-23873




Dye-Sensitized Solar Cells (DSSC)
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* Inversely correlated: presence of NO, and NH, PSA/HAS and PSA/SA ratios, H-bond
* Correlated : P n-oct, P c-Hex, log D5/log D10, flexibility

Tortorella et al., RSC Adv., 2015, 5, 23865-23873




All Metal Oxide PV Cells

e Material
» Abundant
. Environmentally safe

» Optimizeable via mixture stoichiometry
- Low cost

e Fabrication
» Cheap fabrication methods
e Operation

. Long term operation (stability)

But Cell Not Efficient Enough
New Metal Oxides (MO) Required



Combinatorial Material Science

known comp. / possilbe comp.

e ~60 “useful” elements leading to

— — — —
S o o <o 5
f [ ra - =
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<
n

~30K inorganic compounds

3600 binary compounds (ABO,); mostly known

216K ternary compounds (ABCO,) almost all unknown

H unknown
. region

Number of Elements

High Tc superconductors
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Synthesis of Libraries of All Oxide PV Cells via
Combinatorial Material Synthesis




Analysis of Libraries of PV Cells

Tl il 4 b
 Band gap: The (in electron volts) between the
top of the valence band and the bottom of the conduction band
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* |QE reflects the charge separation and collection efficiencies of a
device
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Material Informatics Workflow

« »| Validated Model

| Experimental Y
Design

X Y

Library Characterization Data Visualization
Yosipof et al., Molecular Informatics, 2015, 34, 367--79




Principle Component Analysis (PCA)

Ti0,/Cu-0

(%) Aoualoy3 wnmuenp




PCA of TiO, | Co;0, and TiO, | Co,0,| MoQ, Libraries

Id1 1d2 I1d3 1d4 14169
I I
(a) I I I I Back Contacts I
] (Au)
oC L1 /\ |
Y — R —~ I Soldered alloy
frame
SC o
o/ AR L
QE Glass substrate
o FF
o
Pmax
Glass substrate
Ti02|C0304 Ti02|C0304|M003
Activity Mean | SD Mean SD t-test df p-value
Voc (mv) 173 | 149 446 146 -14.79 | 258 | <0.001
Jsc (narem?) 8.76 5.48 17.41 3.82 -14.97 258 <0.001
IQE () 0.04 0.01 0.13 0.07 -12.39 258 <0.001
FF ) 25.76 | 4.21 29.8 3.6 -8.30 258 <0.001
Pmax (pwremd | 0.17 | 0.22 0.6 0.23 -14.84 258 <0.001




PCA of TiO, | Co;0, and TiO, | Co,0,| MoQ, Libraries

= B TONCoI0L
1L B TOACeI0LMO3
-l
08} L
™ L]
- .
06} " T
] . 3
] a
B . o a
0.4 - .

r il | . a"
¢ [ L a® "
[+ e . l‘

02 k= g L] f — --. "
- - = b . Sg
o b
an am [ =
Py Tt i . L I e o Hs , *®
. = & . = * 20 L ol e
s [ [ ] " L ™1
0 . . an
[ ] ‘ & - : “I
™ -. [ a .-1:- &
0.4 b= |t o8
LT e -b al L
06 1 [ ] | | ] |
. 08 06 04 0 0 02 04 06 08




PCA of TiO, | Co;0, and TiO, | Co,0,| MoQ, Libraries

4160 —
£
{140 =,
O
120 &
O
Ti02|C0304 Ti02|C0304|M003
Activity Mean | SD Mean SD t-test df p-value
Voc (mv) 431 18.9 484 36.8 -7.08 12 <0.001
Jsc (uAem?) 17.4 0.7 15.3 1.8 6.26 12 <0.001
IQE (%) 0.07 | 0.002 0.06 0.006 6.27 12 <0.001
FF %) 3238 | 2.08 32.21 2.34 0.51 12 >0.05
Pmax (pwrem? | 0.63 0.05 0.62 0.06 0.98 12 >0.05




SOM of TiO, | Co;0, and TiO, | Co,0,| MoO;, Libraries

- Ti02|C0304

: TiO2|C0204|M003

l B Anode with one cell from
e TiO2|Co0204 and another
cell from TiO2jCo0304|Mo02

A node with one cell from
Ti02|C0304|M002 and two
cells from TiO2|Co0304

© Empty Node




Approaches for Model Building

k Nearest Neighbors (kNN) / g

e The idea: Similar cells have similar photovoltaic

the averaged properties of its k nearest neighbors

e The challenge: |dentify the relevant descriptors space
e Advantages: Non-linear

O
properties o © 00
e The method: kNN predicts the property of a cell from O O
O

Descriptor 2
o
o

Genetic Function Approximation (GFA)
e Theidea:
+ Create a population of equation (chromosomes) | ]
+ Rank equations according to performances (fitness ......
function

+ Optimize fitness function using genetic operators
e Advantages: Multiple models, variable importance

variables Fitness
function




Proof of Concept: TiO,/Cu-O Library

End point Qo No applicability domain With applicability domain Descriptors
Q. (R MAE Q2 (R MAE Ycoverage
JolAg) 0.87 0.36 (0.88) 0.01 0.86 (0.89) 0.01 83 % Ratio, BGF D e
VoclAg) 0.86 073 (0.74) 0.02 0.75 (0.77) 0.02 75% L
IQEAg) 0.77 0.80 (0.84) 0.05 0.83 (0.86) 0.04 87 % Tro,. Ratio, R,
03 Jsc 04 Voc t IQE *
% o
0.25 *e 0.35 '
’ N/ - 09 ¢ "’ * L 4
° 02 . 2 5 03 + 2 . *
5 * 5 z 0.8
= = *4 3 025 o * E Q”
£ o4 e £ ., P 0.7 %
» 21 o o * .
0.05 0.15 fas
0 o1 05
0.05 0.1 0.15 0.2 0.25 0.3 0.05 0.15 0.25 0.35 0.45 0.6 0.7 0.8 0.9 1 11
Actual Actual Actual
Model R, Q.. (R MAE
Jor = 10062 +0.0004 x T, »—430384.1022/R, 0.88 0ae (0.87) 0.01
Vipe=0.011 %)+ 1.201% 10 * X Ty % D, —0.04—6.62 x 107 x T, o xR, 0.62 054 (0.55) 0.03
IQE=1.784 = Ratio + 0.072/Ratio—2642279.244/(2356681.705+A,) 0.65 074 (0.74) 0.06




Proof of Concept: TiO,/Cu,O Library

Table 5. Results obtained with the kNN algorithm for the two TiO, | Cu,0 sub-libraries (back contacts are given in parenthesis).

End point r:?fm No applicability domain With applicability domain Drescriptors
Q. (RY MAE Q. (R MAE %coverage
Jo- (Ag) 0.92 0.92 (0.92) 0.02 0.92 (0.92) 0.02 01 %% Tr.g._,. Tfu_,,;.
Vo (Ag) 0.78 0.89 (0.89) 0.02 0.89 (0.89) 0.02 Bd o Tro,s Tewmo
IQE (Ag) 0.91 0.87 (0.87) 0.18 0.87 (0.87) 0.19 o1 % Tra,r Tewo
Jo- (AQ/Cu) 0.92 0.89 (0.89) 0.02 0.88 (0.89) 0.02 79% Tg,_,s;.. Ratio
Voo (Ag/Cu) 0.92 0.88 (0.89) 0.02 0.89 (0.89) 0.02 82% T;..c. Ratio
IQE (Ag/Cu) 0.90 0.97 (0.91) 0.16 0.89 (0.89) 0.18 73% fo,,_,-.. Ratio

Table 6. Results obtained with the GP algorithm for the two TiO; | Cu;0 sub-libraries (back contacts are given in parenthesis).

Model R, Q. (F) MAE
Jo- (AQ)=00009%T,, ,—022 0.74 0.76 (0.76) 0.04
Ve (Ag)= 000047 X Trg, +0.0004 % T, o 0.65 0.78 (0.77) 0.02
IQE (Ag) =0.0058 X Ty, 5 —1.26 ' 0.70 0.72 (0.73) 0.28
Jo (Ag/Cu) =0.0009%T,,_,—0.22 0.76 0.74 (0.76) 0.04
Ve (Ag/Cu) =0.00048% T, +0.0004%T,, , 0.61 0.50 (0.50) 0.04
IQE (Ag/Cu)= 00059 % Tz, o —1.34 ' 0.72 0.72 (0.73) 0.28




The Effect of the Library’s Quality: kNN

Less uniform library

Table 2. Results obtained with the kNN algorithm for the TiO, | Cu-O library.

End point Q‘fm Mo applicability domain With applicability domain Descriptors

Q2 (R MAE Q2 (RY MAE %coverage
J-Ag) 0.87 0.86 (0.88) 0.01 0.86 (0.89) 0.01 833 % Ratio, BGE D wpe
VoclAg) 0.86 073 (0.74) 0.02 0.75 (0.77) 0.02 75 % Tt I
IQE(AQ) 0.77 0.80 (0.84) 0.05 0.83 (0.86) 0.04 87 % Tro,» Ratio, R,

More uniform library

Table 5. Results obtained with the kNN algorithm for the two TiO, | Cu,0 sub-libraries (back contacts are given in parenthesis).

End point Qo No applicability domain With applicability domain Descriptors
Q2 (’RY MAE Q, (R) MAE Ycoverage
Jsc (Ag) 0.92 0.92 (0.92) 0.02 0.92 (0.92) 0.02 91% Tro, Tewo
Vo (Ag) 0.78 0.89 (0.89) 0.02 0.89 (0.89) 0.02 84% Trons Tewo
IQE (Ag) 0.91 0.87 (0.87) 0.18 0.87 (0.87) 0.19 91% o
Jsc (Ag/Cu) 0.92 0.89 (0.89) 0.02 0.88 (0.89) 0.02 79% Teu,0. Ratio
Voo (Ag/Cu) 0.92 0.88 (0.89) 0.02 0.89 (0.89) 0.02 82% Tru00 Ratio
IQE (Ag/Cu) 0.90 0.91 (0.91) 0.16 0.89 (0.89) 0.18 73% Te..0. Ratio




The Effect of the Library’s Quality: GA

Less uniform library

Table 3. Results obtained with the GP algorithm for the TiO, | Cu-O library.

Model R, Q. (R MAE
Jor = 0062 +0.0004 % Te, o—430384.1022/R, 0.88 086 (0.87) 0.01
Vioe=0.011 %), o4 1.201 X 107 X T, X D, pppe—0.04—6.62 x 10" x T, %R, 0.62 054 (0.55) 0.03
IQE =1.784 = Ratio 4+ 0.072/Ratio—2642279.244/(2356681.7054- R,) 0.65 0.74 (0.74) 0.06
More uniform library

Table 6. Results obtained with the GP algorithm for the two TiO; | Cu;0 sub-libraries (back contacts are given in parenthesis).

Model RZ, Q2. (R MAE
Jo (Ag)= 00009 T, ,—022 0.74 0.76 (0.76) 0.04
Voc (Ag) = 000047 x Trs, +0.0004 % Ty, o 0.65 0.78 (0.77) 0.02
IOE (AgQ) =0.0058 % Ty, o —1.26 0.70 0.72 (0.73) 0.28
Jor (Ag/Cu) =0.0009x T, ,—0.22 0.76 0.74 (0.76) 0.04
Vo (Ag/Cu) =0.00048x Ty, +0.0004% T, 0.61 0.50 (0.50) 0.04
IQE (Ag/Cu)=00059 % Ts, n—1.34 0.72 0.72 (0.73) 0.28




Experimental Design I: TiO,Cu,ONiO Library

d Binary Absorbers

e Gradients of TiO,/Cu,0

e NiO: 0,5, 10 nm

e Search for correlation between thickness
of NiO layer and PV parameters
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PV Parameters for a TiO, | CuO-NiO-In,O, Library

NiO

Jsc [nA/em’]

Voo =, —a, x%NI—a, x%Cu —a, x%In+a, x%Inx%NI +
a, x%INnx%Cu + a, x %Ni x %Cu

R’ =0.83




Experimental Design Il

®Jsc-150 @Voc:3

@ 100<Jsc<150 JSC VOC ®2-Voc<:
50<Jsc<100 1<Voc<2

@®0<Jsc<50 ®0<Voc<l

® outside AD @ outside AD

%Ni
*%eNi

L0 L 0

§
’ lop ot a0

“%Cu

Simultaneous improvement of both V. and J.. is complicated by
conflicting requirements in terms of cell compositions




Conclusions

* Statistical modeling is useful in material science
+ Insight
+ Experimental design
e Challenges
» Data curation
+ Problem specific descriptors
+ Model validation
* The similar properties principle holds for PV cells

* Both the strengths and the weaknesses of statistical modeling
approaches lies in their “ignorance”



