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nano-QSAR: State of the Art

* Degeneration to QSAR: fixing the core-composition, varying
surface modifications or vice versa (Fourches 2011, Singh
2014, Ehret 2014)

* Building a model solely on the observabele physical-chemical
characterization (Sayes 2010)
«— no safe-by-design

* Well defined particles, fixed experimental conditions:
modelling nano-specific descriptors (Puzyn 2011, Gajewicz
2015)

— computationaly demanding
«— unsuitable for current heterogeneous data



Puzyn et al. Nature 2011

18 MeOXx
12 quantum-chem. Descriptors (HOMO, LUMO, cluster energy...)
Toxicity against bacteria cell

Fitted by one feature: AH - enthalpy of formation of a
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Refers to a mechanism of toxicity
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Gajewicz et al. Nanotox. 2015

* 18 MeOx... + 11 TEM image * Refers to the TWO mechanism of
descriptors toxicity:

* Toxicity against human HaCat I. Detachment of Me®

cell line Il.Redox properties of the metal

oxides surfac
* Fitted by TWO features
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Current data

COST-MODENA consortium:

« 193 data examples

* 46 mostly metal/MeOx particles

» 13 features

11 cell-lines (epithelial, lung, embryonal...)
« 3 assay types: ATP, LDH, WST/ MTT

3 dispersion protocols: stirring, bath sonication, tip
sonication

ANALYSIS

e Lasso, Regression Tree



Current data

COST-MODENA - Issues

. validity of the models

<= limited data for independent models for each experimental
configuration,

Ii. applicability of the models
<= new experimental conditions,

ii. Expressiveness

<= great variabllity of particle or experiment design;
,,a particle which has not coating”.



Results — extracted features

WST-1:

'‘Shape = round', 'Shape = elongated’, 'Prim size 1', 'Prim size 2', 'Aspect
ratio', 'potential’, 'size in situ'

ATP:
'‘Shape = Heterogeneous', 'Prim size 2', 'Surface’, 'potential’, 'size in situ’
MTT:

'Shape = Mainly 2 euhedral morphologies: aspect ratio(20-250 nm and
400 nm) and 2:7,5 (50-350 nm)', 'Prim size 2', 'Surface’ 'potential’, 'size
In situ'

LDH:

'Shape = angular’, 'Prim size 1', 'Surface’, 'potential’, 'size in situ'



Results — performance
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Results — performance
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Results — performance
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Results — performance
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Propositional Interpretation
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(Multi) relational

Interpretation

coating
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particle core size shape & (—pot coat1 chem1 0 1
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article coat
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Propositional Representation

Standard, propositional, representation of particle/data:

part]l =
<hasCore_Au=True, hasCore_Si=False, hasCore_ZnO=False,...>

— redundant features
— what about a new core-material?

partl = <hasCore_Au=True,...hasCoat_Si=True>

part2 = <hasCore_Si=True,...,hasCoat_Si=False>

— one material in multiple attributes



Propositional Representation

part3 =
<hasCore_Si=True,...,hasCoat_Si=False, hasCoat_Cit=False,
hasCoat PEP=False, hasCoat PEG=False>

— exhaustive representation of a bare particle

— what about multiple, ,chained®, surface modifications??



Relational Representation

First-Order Logic representation:
IF partl hasCore c1 & c1 isAg & part] hasCoat ct1 & ct1 isSi
THEN part1 isTox

IF part2 hasCore c1 & c1 isAg & part2 hasCoat ct2 & ct2 isCit
THEN part2 isTox

IF part3 hasCore c2 & c2 isSi THEN part3 NOT isTox

* Facta = {partl, part2, c1, c2, ct1}

* Realtions = {hasCore, isAg, isTox, isTox}



Learning the hypothesis — ILP

First-Order Logic representation:

IF partl hasCore c1 & c1 isAg & part]l hasCoat ct1 & ct1 isSi
THEN partl1 isTox

IF part2 hasCore c1 & c1 isAg & part2 hasCoat ct2 & ct2 isCit
THEN part2 isTox

IF part3 hasCore c2 & c2 isSi THEN part3 NOT isTox

Induction of a Hypothesis H:

H |= {ext} ‘ oart1
H [/= {ex-} ‘ part2

> part3



Learning the hypothesis — ILP

First-Order Logic representation:

IF partl hasCore cl & cl isAg & part]l hasCoat ct1 & ct1 isSi
THEN partl1 isTox

IF part2 hasCore c1 & cl isAg & part2 hasCoat ct2 & ct2 isCit
THEN part2 isTox

IF part3 hasCore c2 & c2 isSi THEN part3 NOT isTox

Induction of a Hypothesis H: H
H = part hasCore c & cisAg |= {ex+}

= part hasCore c & cisAg | /= {ex-}



Learning the hypothesis — ILP

First-Order Logic representation:

IF partl hasCore cl & cl isAg & part]l hasCoat ct1 & ct1 isSi
THEN partl1 isTox

IF part2 hasCore c1 & cl isAg & part2 hasCoat ct2 & ct2 isCit
THEN part2 isTox

IF part4 hasCore c¢3 & c3 isX

THEN part4 isTox

Induction of a Hypothesis H: H

H = part hasCore c & cisAg | /= {ex+} part1

part4 O part3



Learning the hypothesis — ILP

First-Order Logic representation:

IF partl hasCore c1 & c1 isAg & c1 hasDescr d1, d2, ...
THEN partl isTox

IF part2 hasCore c1 & ¢l isAg & c1 hasDescr d1, d2, ...
THEN part2 isTox

IF part4 hasCore ¢3 & c3 isX & c1 hasDescr d1, d2, ...

THEN part4 isTox

Induction of a Hypothesis H: H

H = part hasCore c & cisAg | /= {ext}

H2 = part hasCore ¢ & ¢ hasDescer d1, d2 |= {ex+}



Relational Representation

Unknown experimental condition:

... part1 uptakenBy celll & celll is16hbe ...
... part2 upatakenBy cell2 & cell2 isNCI-h292 ...

Adding a knowledge-:
IF cell is16HBE THEN cell isBronchEpithel

IF cell isNCI-h292 THEN cell isBronchEpithel

Deducing:

part]l uptakenBy celll & celll isBronchEpithel



Hidden Topics

Idea of Deep Learning:

Parameters -
: Characteristics,

Latent events

Descriptors,
Characteristics




Gajewicz, 2015 — Domain
formalization

porosity

Observed
C Surface features ...
a’ u
S detachment redox pot. Response Hidden
events ...
Pr(x|y,z) ...

HOMO LUMO

enthalpy

sphericit C-potential

ionization ] electron
ability affinity

primary size



Acknowledgment

The research 1s supported by the research infrastructure
NanoEnviCz, supported by the Ministry of Education, youth
and sport of Czech Republic (grants LM2015073 a COST.CZ ,
LD14002 NANOSTOX).




References

Fourches, Denis, Donggiuye Pu, and Alexander Tropsha. "Exploring quantitative nanostructure-activity
relationships (QNAR) modeling as a tool for predicting biological effects of manufactured nanoparticles."
Combinatorial chemistry & high throughput screening 14.3 (2011): 217-225.

Singh, Kunwar P., and Shikha Gupta. "Nano-QSAR modeling for predicting biological activity of diverse
nanomaterials." RSC Advances 4.26 (2014): 13215-13230.

Ehret, Jacques, Martina Vijver, and Willie Peijnenburg. "The Application of QSAR Approaches to
Nanoparticles." ATLA, Altern. Lab. Anim 42 (2014): 43-50.

Sayes, Christie, and Ivan Ivanov. "Comparative Study of Predictive Computational Models for Nanoparticle-
Induced Cytotoxicity." Risk Analysis 30.11 (2010): 1723-1734.

Gajewicz, Agnieszka, et al. "Metal oxide nanoparticles: size-dependence of quantum-mechanical
properties." Nanoscience & Nanotechnology-Asia 1.1 (2011): 53-58.

Puzyn, Tomasz, et al. "Using nano-QSAR to predict the cytotoxicity of metal oxide nanoparticles." Nature
nanotechnology 6.3 (2011): 175-178.

Gajewicz, Agnieszka, et al. "Towards understanding mechanisms governing cytotoxicity of metal oxides
nanoparticles: Hints from nano-QSAR studies." Nanotoxicology 9.3 (2015): 313-325.



	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20
	Slide 21
	Slide 22
	Slide 23
	Slide 24
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29

