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CSIRO today: a snapshot

Australia’s national science agency

One of the largest & most diverse in the world
6500" staff over 55 locations
Ranked in top 1% in 14 research fields
20" spin-off companies in six years
160" active licences of CSIRO innovation

Building national prosperity and wellbeing '
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Nanosafety Research

The program can be split into four main areas of research:

* Nanoparticle detection, characterisation and quantification of
nano-objects in aerosols.

* Health effects on human and other mammalian systems upon
exposure to nanoparticles in the workplace and upon exposure
to nanoparticles in products.

* Information on the fate and transport of nanomaterials released
to the natural environment, and the effects of these on
ecosystems.

 Computational modelling of nanoparticle toxicity.
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A practical human in vivo study

Volunteers at North Curl Curl beach, Sydney, March 2009

B. Gulson, M. McCall, M. Korsch, L. Gomez, P. Casey, Y.Oytam, A. Taylor, L. Kinsley & G.
Greenoak (2010) Toxicological Sciences (in press). “Small amounts of zinc from zinc oxide
particles in sunscreens applied outdoors are absorbed through the skin.”
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Do Zinc Oxide Nanoparticles from
Sunscreen Penetrate Hairless Mouse Skin?

'\.—‘-'\

ZnO particles >100nm ZnO particles ~20nm
“bulk” “nano”
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Predicting biological effects of nanomaterials

Opportunity: The novel properties of nanomaterials have seen rapid incorporation into products

(50,000 product types by 2015). However, their adverse biological effects in humans and the
environment are not known

Technology: Computational modelling of nanomaterials properties allows prediction of biological
effects. Proprietary feature selection and machine learning methods are robust and widely applicable

Advantages: Computational models are very fast and can make predictions on materials not yet used or
even synthesized. Key publications in high impact journals

Value: Promises tools to help governments regulate nanomaterials safely without stifling
commerce
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Which members of this polymer library will
not allow bacteria to adhere & grow?
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Will this nanoparticle cause damage to cells?
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Will this nanoparticle be taken up by
macrophages?
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Diseases associated with nanoparticles

DISEASES ASSOCIATED TO NANOPARTICLE EXPOSURE

C. Buzea, 1. Pacheco, & K. Robbie, N
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Why computational modelling?

« Experimental testing of nanomaterials for physicochemical,
toxicological and environmental properties is time-consuming and
expensive ~50,000 nano products by 2015

* |Increasing pressure to reduce or
discontinue animal testing.

« Computational methods like QSAR
are becoming increasingly useful
and reliable. Regulators use them for
industrial chemicals

s - ’\
»  Such tools will help regulators make \x/\l\(l/ //

. . . s
decisions about the risk nano-materials ?' 9
may pose

« Computational modelling will complement, not replace the need
for experimental assessment of the biological effects of
nanoparticles
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Need for predictive methods

* High throughput synthesis and testing
methods used to discover many new materials
must also be applied to testing adverse
properties of nanomaterials

* Non-testing alternatives like statistical and
machine learning modelling can play a a big
role in materials discovery, optimization, and
nanosafety. Such methods have been used
successfully in other fields. They have been
effective in drug discovery and can be applied
to predicting biological effects of nanomaterials

* The size of materials space is so large
that we cannot explore it all. Interactions of
nanomaterials with biology are multifactorial,
complex, and largely unknown
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Problems we face — can we do anything?

Potential
detrimental
effects on
organisms

Nanoparticle:
intrinsic physical
and molecular
properties

Regime of QSAR
methods Cell-based experiments
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Emergence and complex systems

Emergent properties of a complex
system arise from interactions
between lower level components.
These properties do not exist in the
components.

Consistent Concepts of Self-
organization and Self-Assembly,
Halley, JD, Winkler, DA, Complexity,
14(2), 10-17 (2008).

Classification of emergence and its
relation to self-organization, Halley,
JD, Winkler, DA, Complexity 13,
10-15 (2008).

Organism

ey 0P

Regime of QSAR methods
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How do we model properties?

Modelling approaches can be categorized in many ways.

An artificial but useful classification is explicit (component level) and
implicit (system level).

» Explicit methods attempt to predict or simulate system properties by
describing all of the interactions of all components of the system
(“bottom up”). Examples of explicit modelling methods include
gquantum mechanics, molecular mechanics and dynamics.
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How do we model properties?

Modelling approaches can be categorized in many ways.

An artificial but useful classification is explicit (component level) and
implicit (system level).

 Implicit methods predict the (emergent) properties of the system from
the properties of the components without necessarily understanding all

of their interactions (“top down”). Examples of implicit modelling
methods include quantitative structure-property relationships (QSPR),

pattern recognition, artificial intelligence.
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Implicit modelling - QSAR/QSPR

* Biological systems and many materials have structures and
interactions that are extremely complex

 Explicit modelling is extremely difficult or impossible in these
cases.

 Implicit methods strip away all properties that are not relevant to
the problem at hand. This allows us to focus on a limited set of
properties in isolation.

* QSPR involves modelling of a higher level, or system property of
a biological system or material using a mathematical
representation of a molecular (microscopic, component) property
and a very flexible pattern recognition algorithm.
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Implicit modelling of materials: QSPR

"An approximate answer to the right problem is worth a good deal more than an
exact answer to an approximate problem.” — John Tukey

However...
« oversimplifying throws away useful information

« overly complex models are poorly predictive and sensitive to
noise, require too much data to train or validate, and are hard to
interpret

« often problems are grossly underdetermined, with many
independent variables and few dependent variable data points.
e.g.

o microarray experiments

o QSPR models
o docking

« Bayesian methods can provide solutions to many of these
problems
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Quantitative structure-activity modelling

Machine or statistical modelling methods in QSAR/QSPR/TNTR etc
are data driven.

They work best for a wide range of different nanoparticles with one
or a few measured biological properties.

They can generate useful models without requiring all of the
immense complexity of the interactions of nanomaterials with
biology being understood (model emergent properties)

Data from experiments measuring a wide range of biological,
physicochemical etc properties for a single material need other
types of models e.g. kinetic, cellular uptake, protein binding
(molecular dynamics), redox properties (Qquantum chemistry
calculations) etc

“All models are wrong, but some are useful”
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Quantitative structure-activity modelling

Quantitative structure-activity relationships modelling (QSAR) was
developed by Hansch and Fujita in the early 1960s to model
physicochemical and biological properties of drugs.

In essence the method is deceptively simple. It is a supervised modelling
method that describes the complex relationships between the molecular
(microscopic) and physicochemical properties of materials and their
biological (macroscopic) effects

Biological response (BR) = # (molecular properties)

The method involves finding relevant mathematical descriptions
(descriptors) for the microscopic (molecular) properties and the optimum
form for the (nonlinear) function 7 -g_,,,, X h x k

uptake X Jmechanism bioprocessing -

It is essentially a kind of complex pattern recognition process. It can
accommodate complex ‘models within models’
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Quantitative structure-activity modelling

Machine or statistical modelling methods in QSAR/QSPR/TNTR etc
are data driven.

They work best for a wide range of different nanoparticles with one
or a few measured biological properties.

They can generate useful models without requiring all of the
immense complexity of the interactions of nanomaterials with
biology being understood (model emergent properties)

Data from experiments measuring a wide range of biological,
physicochemical etc properties for a single material need other
types of models e.g. kinetic, cellular uptake, protein binding
(molecular dynamics), redox properties (Qquantum chemistry
calculations) etc

“All models are wrong, but some are useful”
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Good, bad, and useful models




Main steps in QSAR modelling

QSPR is a supervised learning method that needs a data set of
materials and their biological properties. There are four steps...

1 Generate descriptors

2 Select a sparse subset of descriptors in a context-dependent
way

3 Deduce the potentially complex and nonlinear relationship
between the descriptors and the property

4 Validate the model in terms of its robustness, prediction ability,
and domain of applicability

The model can then be used to estimate the biological properties
of new molecules where these data are not known
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At the molecular scale materials can be viewed

as a 3D distribution of properties

Clearly, structure and composition modulate the useful properties of

materials- there are many ways of describing molecules mathematically
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Main steps in QSAR modelling

QSPR is a supervised learning method that needs a data set of
materials and their biological properties. There are four steps...

1 Generate descriptors

2 Select a sparse subset of descriptors in a context-dependent
way

3 Deduce the potentially complex and nonlinear relationship
between the descriptors and the property

4 Validate the model in terms of its robustness, prediction ability,
and domain of applicability

The model can then be used to estimate the biological properties
of new molecules where these data are not known
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Descriptors

» Descriptors are mathematical representations of properties of
molecular components (ligands, drugs, polymer repeat units,
materials components)

* They can also be measured or calculated physicochemical
properties of components (octanol-water partition coefficients, dipole
moment, polarizability, HOMO-LUMO gap)

» There are thousands of different ways of describing molecules, just
as there are many ways of describing a person, scene, or organism.

» Consequently, it is important to choose descriptors that are
information-rich and relevant to the property to be modelled.

* There may be a ‘universal’ set of molecular descriptions, but this is
still not a well-solved problem for QSPR

* Development of specific descriptors for nanomaterials is a
major area of research need in QSPR modelling
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How do you describe a person?

« Size

« Build/shape
* Intelligence
« Odour
 Job

« Flexibility

« Volatility

* Weight

« Strength

« Colour

« Skills
 Handedness
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How do you describe a molecule?

 Length

« Width

« Shape

« Flexibility

« Colour

« Aromaticity

« Complexity

e Chirality

* Reactivity

« Lipid solubility
« Volatility

* Molecular weight
* Functionality

nanomaterials | Prof. Dave Winkler




Molecules/nanoparticles have a
topology/scaffold
Cl

71T
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Molecules & nanoparticles are 3D
objects
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Molecules & nanoparticles have shapes
and surfaces

1200K 1700K 2200K
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Molecules & nanoparticles are
flexible or transform dynamically




How do you describe a nanomaterial?

“A nanomaterial is a substance that, when injected
into a rat, generates a paper”
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How do you describe a nanoparticle?

« Atomization energy

« Volume fraction in solution

« Relaxivities R1 and R2

« Zeta potential

« Surface charge

« Surface charge density
 Size, and size distribution

« Shape/aspect ratio

« Surface area

« Surface structure

e Chemical composition

* Crystallinity

« Porosity

« Solubility

« Aggregation / Agglomeration
« Surface chemistry (functionalized nanoparticles)

This is critically important
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Molecular description

Clearly, the usefulness of a
description of a person,
nanomaterial, or a molecule is
context-dependent.
Descriptors used to construct
QSPR models must similarly be
chosen in a context-dependent
way.

Descriptors must capture
information relevant to the
material property being
modelled.

Nanoparticles with chemically
modified surfaces are easier to
model as we know how to
describe small molecules
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Quantum mechanical descriptors

Partial atomic charges
Mulliken population analysis, Bader or
similar
Electrostatic potential-derived charges
Dipole moment
Strength and orientation of behaviour of
molecules in an electrostatic field
Frontier orbitals
HOMO - energy of highest occupied
molecular orbital (nuclephilicity)
LUMO — energy of the lowest unoccupied
molecular orbital (electrophilicity)
Superdelocalizability
Estimate relative reactivity of atoms/
functional groups in molecules
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Descriptor generation packages

Thousands of 1D, 2D, and 3D (even 4D and 5D!)
descriptors have been invented.
Common molecular descriptor programs are: -
‘DRAGON
ADRIANA
CODESSA
*SYBYL (3D molecular fields)
*\We have our own in-house (ABC) descriptors
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Main steps in QSAR modelling

QSPR is a supervised learning method that needs a data set of
materials and their biological properties. There are four steps...

1 Generate descriptors

2 Select a sparse subset of descriptors in a context-dependent
way

3 Deduce the potentially complex and nonlinear relationship
between the descriptors and the property

4 Validate the model in terms of its robustness, prediction ability,
and domain of applicability

The model can then be used to estimate the biological properties
of new molecules where these data are not known

QSAR concepts for nanomaterials | Prof. Dave Winkler




Why select descriptors?

We cannot and should not use all available descriptors
because

* The system will be over determined (not enough data to
determine the coefficients of each descriptor)

* The model may be overfitted

* No model may be obtained because of confounding effects
of irrelevant variables (even when PLS and PCA used)

* Poor selection of descriptors from a large pool of
possibilities can lead to chance correlations

* Selection of a sparse subset of descriptors needs to be done
in a context (property) dependent way.
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Feature Selection (FS) Problem

Modern software packages allow you to generate
hundreds or even thousands features—not all of them are

useful!

Why FS?
« Reduces dimensions, facilitating data visualization
and interpretation;
 Reduces measurement and storage requirement;
* Reduces training and utilization times;
« Generously improves prediction performance;
 Removes irrelevant information or noise from a model.
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Descriptor selection

 We can generate many descriptors for a given structure/material.

 We need a small set of relevant descriptors to optimize
predictivity.

« Principal components analysis (generating a smaller number of
orthogonal latent variables from a large number of descriptors) is
often used but has disadvantages.

« Good, statistically sound methods of ‘feature detection’ or
descriptor selection have been developed.

* An ideal feature selection method should completely remove
uninformative descriptors and retain only those that are relevant
to the problem, making the interpretation of the model easier.

 Feature selection aims to choose a small number of the most
informative descriptors in a context-dependent way.
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FS methods: wrappers and filters

Wrapper: utilizes the choice of prediction method to score
subsets of features according to their predictive power;

Seem to be a “brute force” method but greedy search
strategies are available (best-first, branch-and-bound, simulated
annealing, genetic algorithms, etc.)

Two flavors:

*Forward selection: features are progressively
incorporated into larger and larger subsets;

Backward elimination: starting with the set of all features
and progressively eliminates the least promising ones.

Example: Recursive feature elimination (RFE).
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Feature Selection (FS)

Earlier, we briefly described linear dimension reduction
(e.g. PCA) and feature selection (e.g. forward selection)

methods

There are more complex and efficient methods for
achieving this, some of which do nonlinear feature
selection.
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Removing uninformative weights

Principal Component Analysis and Partial Least
Squares are commonly used to reduce the
dimensionality of model but do not remove
uninformative weights from the regression.

Clark and Cramer’s work has shown that retaining
uninformative descriptors can seriously degrade the
performance of models
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Removing uninformative weights

QSAR con

cepts for nanomaterials | Prof. Dave Winkler

Unsupervised Forward Selection: A Method for Eliminating
Redundant Variables. J. Chem. Inf. Comput. Sci., 2000, 40 (5), pp

1160-1168. This method is limited to linear regression.

The use of Automatic Relevance Determination in QSAR Studies
using Bayesian Neural Networks. Burden, F.R.; Ford, M.; Whitley,
D.; Winkler, D.A.,J. Chem. Inf. Comput. Sci. 2000, 40,
1423-1430.This non-linear method proved to be suitable only for
models with a limited a limited number of variables

Optimum QSAR Feature Selection using Sparse Bayesian Methods,
Burden, FR, Winkler DA QSAR Comb Sci. 28, 645-653, (2009).
Suitable for removing less relevant variables from very large sets
(30,000 variables)

O
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QSPR sparse feature selection-advantages

« A small number of most relevant descriptors to be chosen from a
potentially large pool of possibilities in a supervised, objective way
that obviates chance correlations

« Generation of QSAR models using robust, nonlinear methods such
as neural networks that are also interpretable (if interpretable
descriptors used)

« Limitations are that the method currently uses a linear (MLR)
method to find sparse features, as do methods such as PCA. This
limitation can be removed with difficulty.
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What are Bayesian methods?

Bayes' theorem relates conditional and marginal probabilities of events
A and B, where B has a non-vanishing probability:

P(B1A)P(A)

P(A|B) = PB)

* P(A) is the prior probability or marginal probability of A. It is "prior" — it does not
take into account any information about B.

* P(A|B) is the conditional probability of A, given B. It is also called the posterior
probability because it depends on the specified value of B.

* P(B|A) is the conditional probability of B given A.

» P(B) is the prior or marginal probability of B — a normalizing constant.

Intuitively, Bayes' theorem quantifies how beliefs about observing
'A' (prior knowledge) are updated by having observed 'B’.
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Regression by expectation maximization

It is important to choose a small number of variables relevant to the
problem. We use sparse Bayesian feature selection methods based on
an expectation (or likelihood) maximization(EM) algorithm.

Regular Multiple Linear Regression( MLR) uses a Gaussian prior

Ny Ny
p(w| a)=l_][%exp(—awf)=(%) exp(—a || w; ||,) H Wi ||1= 2| W |
= 7

where the w are the MLR coefficients.
Multiple Linear Regression with expectation maximisation (MLREM)
uses a Laplacian prior with well-known sparse properties

p(w|a)=]j%exp<—a W, |>=(%) exp(~ct || w, [)

We have modified this to provide tuneable sparsity to match data
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Feature selection using expectation maximization

These sparse Bayesian feature selection methods can very effectively
deliver a relatively small number of relevant features very efficiently.

Model Weight

Feature
Figeuiredo, IEEE Trans Patt Anal Mach Intell , 25, 1150 (2003)

Burden, Winkler, QSAR Comb Sci. 28, 645-653, (2009)
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Advantages

Optimal (tunable) parsimonious models- controls overfitting
and maximizes prediction accuracy

No composite variables — models more easily interpreted.

Supervised and objective - selects features according to
Bayesian evidence - minimizes or eliminates chance
correlations.

Specifically developed to analyze very large datasets, and
grossly underdetermined systems — very efficient.

Robust and repeatable —offers a solution to one of the most
vexing problems in QSPR, selecting the most relevant
descriptors for use in models

QSAR concepts for nanomaterials | Prof. Dave Winkler




Main steps in QSAR modelling

QSPR is a supervised learning method that needs a data set of
materials and their biological properties. There are four steps...

1 Generate descriptors

2 Select a sparse subset of descriptors in a context-dependent
way

3 Deduce the potentially complex and nonlinear relationship
between the descriptors and the property

4 Validate the model in terms of its robustness, prediction ability,
and domain of applicability

The model can then be used to estimate the biological properties
of new molecules where these data are not known
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Quantitative structure-property modelling

Quantitative structure-activity relationships modelling (QSAR) was
developed by Hansch and Fujita in the early 1960s to model
physicochemical and biological properties of drugs. When applied to
nonbiological properties it is called quantitative structure-property
relationships (QSPR)

The method is deceptively simple. It is a supervised modelling method
that describes the complex relationships between the molecular
(microscopic) and physicochemical properties of molecules and their
biological (macroscopic) effects

Biological response (BR) = # (molecular properties)

The method involves finding relevant mathematical descriptions
(descriptors) encoding microscopic (molecular) properties and the
optimum form for the (nonlinear) function

It is essentially a kind of complex pattern recognition process
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Structure-property mapping

epts for

Finding the relationship between the microscopic descriptors and
the macroscopic property can be done in many ways.

Common ways are multiple linear and polynomial regression and
related methods.

More recently, machine learning methods like neural networks and
support vector machines have been used. These are more efficient
and remove subjectivity from the modelling process.

However, regression is an “ill-posed” problem and instability or
artefacts can arise.

The mapping process needs to find the best balance between bias
and variance.

Regularization helps as it penalizes overly complex models by use
of a weight penalty, but finding the correct regularization constants
is difficult.
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Finding structure-activity relationships

There are many methods of varying
sophistication

Simple linear statistical regression methods
like multiple linear regression

BR=a+bx1+cx2+ ...

Nonlinear regression methods using
polynomials or kernel functions (e.g.
Gaussians) (lecture 3)

Quantitative Structure-Property

— - + 2 + 3 + Relationship Modeling of Diverse
BR =a + bx +cx dx U Materials, Le, T.C., et al. Chem. Rev.

112, 2889 (2012).

BR=a + b, + Cp, + dos + ...

Nonlinear machine learning methods like
neural nets
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Linear models — Classical QSAR

Hansch and Fujita are recognized as having first introduced MLR into
QSAR in the form of the following Hansch equation:

log (1/C) = a(log P)*+ b(logP) + Co + dEg+..... + e

a-e are constants determined for a particular reaction or biological
activity by Multiple Linear Regression analysis.

logP, &, o, F,R, Eg etc, are independent variables whose values are
obtained directly from experiment or from tabulations; other
parameters than those shown may also be included.
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Complex, Nonlinear, Multidimensional
Response Surface

Property= F (Structure, physicochemical Properties)

QSAR concepts for nanomaterials | Prof. Dave Winkler



Modelling complex, nonlinear relations

Linear methods (e.g. MLR) can generate good models.
However, in many cases, the structure-activity relationship is nonlinear.

Polynomial regression methods, nonlinear kernel methods, and neural
network are then the methods of choice for QSPR modelling.

Neural networks are very useful because they are nonlinear universal
approximators, but can generates poor models if care is not taken.

Neural networks can also be overtrained, becoming better and better at
predicting (memorizing) training data, and worse at predicting new data.
Techniques exist to avoid overtraining.

Bayesian regularized neural nets automatically choose the optimum
complexity of a QSAR model — achieving the best balance between
bias and variance

nanomaterials | Prof. Dave Winkler w
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Kernel regression
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Ridge regression and regularization

The least squares cost function has an extra regularising
term

CFw) = 3 (- yl.)zmzwf

l

The second term has the effect of producing a model with
small weights making the model more robust and predictive.

More complicated regularizers can also be used.
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Neural nets

Neural networks are a relatively
recent way of finding complex
relationships between structure

and activity '
Central Sulcus ——\ﬂ‘/ T

They are modelled on the human ARINENS
Z "7 e o &
neural system and learn cenors — SPGB
relationships between data in a e ETA S osit e
. . /‘&“ﬁ‘ ;\ \Transverso
similar way to humans //g -

They are ‘universal el
approximators’ capable of
learning any complex nonlinear
relationship given enough training
data

Inferior Temporal Sulcus ¢
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An artificial neuron or neurode

Inputs Weights Bias Transfer Output
p function
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Sigmoid

f(x)
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P X




Neural Network

Output Neuron Layer

Connections with
variable weights

Hidden Neuron Layer

Input Neuron Layer '

Input Data
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Back-propagation
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Avoiding neural network overtraining

Early stopping using validation set:

Error
Optimal
validation
_/tra;ining
P

t Time
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Advantages of neural nets

Model free nonlinear mapping system
Generalising ability

Subjective decisions on SAR not needed
Can recognise patterns

Can deal with fuzzy, noisy or missing data
Bayesian methods make them very robust
May deal with complex systems well
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Disadvantages of neural nets

Can overfit data by generating too complex model

Can be overtrained so that they memorize training
data and can’t predict so well

Hard to optimize net architecture
Hard to interpret model

These problems largely overcome by Bayesian
methods
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Bayesian Regularized Artificial Neural
Network with a Gaussian Prior

This is a back-propagation network with one hidden layer and a
single dependent variable.

The cost function (regularizer) is given by
n P

CF(w)=BY (y;-f(x)) +a Y w;
i=1 j=1

where o and § are hyper-parameters adjusted to maximise the
log(likelihood) (= expectation maximisation)

This method has proved to be robust and reliable as well as
providing an estimate of the number of effective parameters
(weights) used in the model.

Burden, F.R. and Winkler, D.A. J. Med. Chem., 42(16); 3183-3187 (1999).
Winkler,D.A., and Burden,F.R. Mol. Simul.2000, 24, 243-258.
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Optimal self-pruning neural network and
nonlinear descriptor selection

Again, using a Laplacian prior (LP) in a backpropagation artificial neural
network we must minimise.

M(w)=BE + akE, =ﬁ§(yi_f(xi))2+a§‘wj‘

By assigning non-informative priors to a and B and integrating them out
we are left with maximising the loss function L .

L=%NDL0gED + Ny, LogE,

which was employed by our Bayesian regularised artificial neural
network to generate BRANNLP.

Unnecessary weights are driven to zero and if all the weights
associated with a particular descriptor are driven to zero then the
descriptor is discounted in the model.
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Classification

Sometimes biological data are not available as continuous
variables, rather as classes or categories. It is still possible to
build models using these types of data (QSPR)

Categories could include things like: effective/ineffective, inactive/
weak/moderate/potency etc

The common QSPR methods can be used if the category data
are converted into numbers e.g. active/inactive could be
represented by 1/0 or -1/1, inactive/weak/moderate/potent could
be represented as 1/3/5/7.
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Classification

gdSPR models can then give predictions as to the likelihood
(probability) that a molecule belongs to a given class.

Other methods such as cluster analysis, self-organizing maps can
also be used

Recently a set of very powerful mathematical methods called
support vector machines (SVM) have been developed that can do
classification very well. We are applying a sparse form of SVM, the
Relevance Vector Machine (RVM) to QSPR problems. Detailed
description of these methods is beyond the scope of this course

Modules to carry out these types of analyses are available in KNIME
that we will learn about later
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Support vector machines

Some classification problems cannot cleanly divide a set of
materials into two classes e.g. protein fouling versus non-fouling.

A support vector machine constructs a hyperplane or set of
hyperplanes in a high- dimensional space, which can be used for
classification, regression, or other tasks. Intuitively, a good
separation is achieved by the hyperplane that has the largest
distance to the nearest training data point of any class (so-called
functional margin), since in general the larger the margin the lower
the generalization error of the classifier.

Modules to carry out these types of analyses are available in
KNIME that we will learn about later
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Support vector machines
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Main steps in QSAR modelling

QSPR is a supervised learning method that needs a data set of
materials and their biological properties. There are four steps...

1 Generate descriptors

2 Select a sparse subset of descriptors in a context-dependent
way

3 Deduce the potentially complex and nonlinear relationship
between the descriptors and the property

4 Validate the model in terms of its robustness, prediction ability,
and domain of applicability

The model can then be used to estimate the biological properties
of new molecules where these data are not known
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Validation

« Models need to be validated, that is, assessed for how well they
model predict new data.

« The domain of applicability of the model also needs to be understood
so that reasonable extrapolation can be done.

« Bootstrapping, jack-knifing, and cross validation methods like “leave-
one-out” are commonly employed to achieve this.

« However, Kubinyi, and Tropsha (among others) have shown that
cross validated statistics do not correlate well with those from
independent test sets (“Beware of q2”, Golbraikh & Tropsha, J. Mol. Graph. Mol.
20, 269 (2002)).

* An independent test set of data never used to develop the model is
the “gold standard” for validation.

* These concepts are well understood but still poorly applied.
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Validating QSPR models

QSAR concepts for nanomaterials | Prof. Dave Winkler

Cross validation methods involve leaving one or more data points out
of the training data, building the model, and predicting the property
for the omitted data. This is done multiple times until all data in the
set has appeared in the training and cross validation sets at least
once.

It has been shown that leave-one-out (LOO) cross validation and
external test set metrics do not correlate significantly (Tropsha).

Bootstrapping methods involve taking the original data set and
sampling from it to form a new sample (called a ‘resample’ or
bootstrap sample) of the same size. The bootstrap sample is not
identical to the original data set as it is taken from the original using
sampling with replacement. This process is repeated typically 1000
or 10,000 times.

Although wide used, these methods have been shown to give an
overly optimistic estimate of the predictive power of the model.




Validating QSPR models
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The gold standard for estimating model predictive power is to predict
properties for new materials that were not used in building the model.
This is approximated by partitioning the data set into training and test
sets.

The training set is used to generate the model (usually 50-80% of the
data set)

The properties of the test set are predicted by the model. Data from
the test set are never used to build the model, so are ‘independent’.

Test sets may be chosen randomly (best for large data sets) or by
some kind of cluster analysis (better for smaller data sets)

The best validation is to predict something completely unknown,
synthesize it, and test the prediction.



Quality metrics for QSPR models

Many metrics are in the literature. Common metrics are...

r2, g°. Coefficient of determination — square of the correlation
coefficient for the prediction of the training, cross-validation or
test sets. Describes how much of the variance in the data can be
explained by the model. Depends on the number of descriptors
and fitted parameters in the model, so potentially less useful for
comparing models. 1=perfect model, 0=no model. For good
models these two are similar.

SEE, SEP. Standard error of estimation (training set) and
prediction (test set). This is a measure of the estimated error in
the predictions. They are independent of the details of the
modelling process, so a better basis for comparing models.
Should be as low as possible, but not lower than the error in the
measured data. For good models these two are similar.
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QSPR modelling traps & pitfalls

» Uninformative descriptors
« Overfitting and grossly underdetermined systems
» Poor descriptor selection and chance correlations

* Modelling complex, nonlinear structure property
relationships with linear models

* Incorrectly validating QSPR models

« Not understanding the domain of applicability of
models

» Opvertraining neural network models
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Uninformative descriptors

Descriptors must contain information relevant to the biological property
being modelled. This is an especially important issue for nanomaterials.

They may be uninformative for two main reasons.

* may not contain relevant information, making the construction of a useful model
impossible. Usually uninformative descriptors of this type are not problematic,
as it is clear when the model is poor.

* may contain information relevant to the property being modelled but may be
obscure or arcane properties derived from quantum chemical calculations or
topological (connectivity) properties of the structure. Although such descriptors
can generate successful and useful models, it is extremely hard to understand
how the microscopic properties influence the macroscopic (measured)
properties in a useful way.
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Overfitting

QSAR models are overfitted if the number of adjustable parameters in the
model (e.g. coefficients in an MLR model, or weights in a neural network)
exceeds the number of data points available to be modelled. In statistical
terms, these are called grossly underdetermined systems.

Overfitted models are very good at predicting the training data, but very
bad at predicting new data.

Parsimonious models with a simple structure and small number of
descriptors generally have higher predictive power than more complex
models.

Overfitting can be minimized by ensures the number of fitted parameters
in the model (coefficients in a regression or weights in a neural network)
are much less than the number of examples (materials or molecules) in
the training set.
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Overfitting Problem

o
O > (] . (]
BoE g
O
B R (]
Simple model with training error Complex model with no training
but giving good prediction. error but giving poor prediction.

A model almost perfectly predicting training data may be not good, or
even useless for prediction!

QSAR concepts for nanomaterials | Prof. Dave Winkler




Four plots that have the same stats
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Four plots that have the same stats

Property Value
Mean of x in each case 9 (exact)
Variance of x in each case 11 (exact)

Mean of yin each case

7.50 (to 2 decimal places)

Variance of yin each case

4,122 or 4.127 (to 3 decimal places)

Correlation between x and yin
each case

0.816 (to 3 decimal places)

Linear regression line in each
case

y = 3.00 + 0.500x (to 2 and 3 decimal places,
respectively)
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Descriptor selection, chance correlations

« We can generate many descriptors for a given structure.
« To avoid overfitting, we need a small set of relevant descriptors.

« If small subsets of relevant descriptors or not chosen carefully,
chance correlations can arise.

« Chance correlations are apparently reasonable models that can
arise even when using random numbers as descriptors

« Good, statistically sound methods of ‘feature detection’ or
descriptor selection have been developed.

* As mentioned before, sparse, less complex models generally
have the best ability to predict the properties of new
compounds.

Topliss JG, Edwards RP. J Med Chem. 22, 1238 (1979)
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Chance correlations

Topliss showed that if you generate a large number of
random numbers and select small subsets of these as
descriptors for a QSAR model, there is a non trivial chance
that a statistically reasonable-looking model can appear. This
is called a chance correlation.

This can happen when choosing lots of subsets of descriptors
from a large pool
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Domain of applicability of models

 Models are trained using data within a range of property values and
for a specified range of molecular types (the applicability domain of
the model).

* Like any form of extrapolation, predicting properties of materials
outside of the molecular or property space used to develop the model
must be done with care.

 Molecular similarity based on the descriptors used to develop the
model can be a guide to how far outside the model domain the
prediction lies.

 Some probabilistic modelling methods such as Bayesian regularized
neural network that generate a distribution of weights rather than a
single set of weights can also be used to estimate the domain of
applicability of the model.
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Domain of applicability

Principal component 3

S o eR0g2
\ le Rz |~

20 -30

Tong et al. Environ. Health
Persp. 112, 1249-1254

-10

Principal component 2

Figure 1. Comparison of structural diversity of ER232 and ER1092 in a chemistry space defined by three
principal components of over 270 2D structural descriptors.
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Domain of applicability

12 6.968%)
/ Covered chemical sp&:e for the ttajﬁing model; more reliable pledictions

A /

11 (26.41%)
I; less reliable predictions

Valerio, Toxicol. Appl.
Pharmacol. 241, 2009, 356
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Beware of correlation vs. causation
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Other fun correlations

Not buying spirographs _ Buying ice cream causes murders
increases gang membership
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Overtraining neural networks

If neural networks are trained for too long they get worse at
predicting new data

v A Physical model
TYPICAL BEHAVIOUR

4 high bias low bias

low variance high variance
/ = 4""' \
= test set
/ Sl N Tt e
Neural model
with overfitting training set
P
low it high
e ow Model Complexity g
X
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Effect of sparsity on generalization

Sparsity MLR 0 1 3 5 6 7
Neser 23 53 53 49 37 24 9
SEE 0.56 0.35 0.34 0.33 0.34 0.53 | 0.71

r? train 0.77 0.89 0.89 0.89 0.90 0.75 | 0.60
SEP 0.58 0.40 0.40 0.40 0.46 0.57 | 0.74
r test 0.76 0.87 0.87 0.85 0.80 0.72 | 0.57
Neft wis 54 111 100 76 54 34 11

BRANNLP with 2 hidden layer nodes, scCOZ2 solubility data
Predictivity improves as sparsity increases, until model becomes
foo sparse
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Dealing with outliers

Hugo Kubinyi,ﬂwww.kubinyi.de

,Good“ and ,,Bad“ Guys in Regression Analysis

outlier in the
Y test set:

rz, Q2 good
r“pred POOr

outlier in the
training set:
2 ~2

r2, Q“ poor
pred good

® the bad guy
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Purposes of QSPR Modelling

Interpretive modelling

» Often congeneric series of molecules (common core structure)
» Often smaller data sets that are more carefully measured

* Descriptors chosen to be interpretable

* Can help understand the molecular interactions of molecules at
the biochemical target

» Define structures as targets for further synthesis and testing

Predictive modelling
» Often very large diverse data sets
* Data often noisy or incomplete

» Descriptors chosen for computational efficiency and predictive
power

* Use the model to screen large databases of virtual molecules
for those likely to be novel and active
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Simple examples of QSPR

Structural measure Property modelled
Molecular Mass Boiling Points
Functional group Solubility
Molecular Volume Partition Coefficient
Number of atoms Drug activity

Number of double bonds Toxicology
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A simple example: alkane boiling points

Training set of measured values

Butane -0.5°
Pentane 36.1°
Heptane 98.4°
Nonane 150.8°

Decane 174.1°
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Regression using number of carbon atoms

Boiling Point °C

Number of carbon Atoms
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Some alkane boiling points (°C)

Alkane Measured Predicted Error
Butane -0.5 3 -5.5
Pentane 36.1 34 2.1
Hexane 68.7 63 5.7
2,2 — dimethylbutane  49.7 63 -13.3
Cyclohexane 80.7 63 17.7
Heptane 98.4 92 6.4
Octane 125.7 121.0 4.7
Nonane 150.8 150 0.8

Decane 174 1 179 -4.9




How well does it work? Examples

1. MIO nanoparticle cellular uptake
(Shaw/Weissleder, Harvard)

2. Functionalized gold nanoparticle interaction
with proteins (Yan, St Jude’s/Shandong)




Selective uptake of surface modified MION
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. Cell-specific targeting of nanoparticles by multivalent

attachment of small molecules

Ralph Weissleder', Kimberly Kelly'?, Eric Yi Sun'?, Timur Shtatland' & Lee Josephson'

Nanomaterials with precise biological functi have iderable potential for use in biomedical applications. Here we
investigate whether multivalent attach t of small molecules can i specific binding affinity and reveal new biological
properties of such ials. We describe the parallel synthesis of a library ising 146 icles decorated with

different synthetic small molecules. Using fl t magnetic particles, we rapidly screened the library against different
cell lines and discovered a series of nanoparticles with high specificity for endothelial cells, activated human phages or
pancreatic cancer cells. Hits from the last-mentioned screen were smwn to talgel pancreatic cancer in vivo. The method and
described materials could facilitate devel t of functi applications such as differentiating cell lines,
detecting distinct cellular states and tavgetlng specific cell types.
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Several novel materials have recently been described for diagnostic
or therapeutu: use!?, including quantum dots*, polymers™® and
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late pharmacokinetic properties (e.g, blood half-life, elimination and
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different physiological states of a given cell type.
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RESULTS

Synthesis of nanoparticle library

The first step towards creation of the nanopartick library was to
identify biologically and chemically suitable particles that could

biodegradation), toxicity, immunogenicity and eﬂicuem geti be d d by magnetic and fl means and could be chemi-
Targeting has lly been achieved by ticle cally modified. We used magnetofl particles®!0 as
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Ralph Weissleder, Harvard,
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ABSTRACT: Products are i ingl

poor understanding of their adverse effects. To assess risk, regulatory authorities
need more experimental testing of nanoparticles. Computational models play a
complementary role in allowmg rapid predxctlon of pohenual toxicities of new and
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any products are now explontmg the novel properties of
but their p | harmful effects are
incompletely understood, a critical issue for regulatory

Methods). These data were used for our first computational
modeling study. Of the possible combinations of biological
assays and cell types, only the apoptosis assays exhibited a

authoriti&s. Experimental testing of all p ial all dose—resp ip Of these, only t.he smooth muscle
is ch such as machine cell is assay g d statistical si; models. We
leam)ng methods can help assess potential risk of new and lmtlﬂ“)’ igated the depend of the p i

modified nanomaterials and prioritize nanomaterials for on the relaxivities (R1 and Rz) and the zeta potenua] (3"'3113[7]e
experimental testing. Puzyn et al.' and Fourches et al.” recently for 32 of the nanoparticles). We found a very si t

reported models of nanoparticle properties that demonstrated
proof of concept for this approach. Here we report the use
quantitative structure—activity relationship (QSAR) methods

relationship between the relaxivity R1 and the apoptosis assay
results. However, as the relaxivities correlated almost
completely with the type of iron oxide core, it is very likely




MIO nanoparticle cellular uptake

Weissleder et al. investigated whether the multivalent
attachment of small organic molecules on a same NP

can modify its binding affinity to certain cells.
« PaCa2: Pancreatic cancer cell

HUVEC: human umbilical vein endothelial cell
U937 Macrophage cell line

GMCSF: Activated primary human macrophages
RestMph: Resting primary human macrophages

109 nanoparticles with same core (CLIO) but
different surface chemistries
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CLIO — cross-linked iron oxide core

FITC (fluorescein
7 isothiocyanate)

Small organic
compounds
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Look at the data! Cellular uptake

12,000,000
10,000,000
8,000,000
6,000,000
4,000,000

2,000,000

RestMph 50N
GMCSF_Mph 50N

Vidana Epa
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QNTR models of nanoparticle uptake

Cell Type Model Descriptors 17 SEE(scaled) ¢ SEP(scaled)

HUVEC MLREM 11 0.74 0.13 063 0.14
BRANNGP 11 0.70 0.11 066 0.13

PaCa2 MLREM 19 0.76 0.10 0.79 0.13
BRANNGP 19 0.77 0.07 054 0.14

U937 MLREM 7 042 0.11 025 0.14

GMCSF_Mph MLREM 15 0.59 0.10 002 044

RestMph MLREM 16 043 0.13 0.001 043

Only two cell types have uptake that is sensitive to the surface chemistry. The
macrophages and macro-phage-like cell lines do not take up nanoparticles in
a manner that is modulated by the surface functionalization. As these are
‘universal phagocytes’ perhaps this is not unexpected.
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Nanoparticle cellular uptake

Performance of PaCa2 model for training set (black dots) and test set
(red triangles). Each point represents a different surface-modified
nanoparticle. r,,;2=0.77, r,.,>=0.79, SEE= 0.19, SEP=0.24 (logs)
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Uptake on CLIO nanoparticles by macrophages
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Uptake on CLIO nanoparticles by PaCa cells

Many types of nanoparticles are designed primarily to image tumours by
preferential accumulation or cell specific targeting. Higher uptake by PaCa
cells is therefore not unexpected.

Swiss Med Wkly. 2010,140:w13081
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How well does it work? Examples

1. MIO nanoparticle cellular uptake
(Shaw/Weissleder, Harvard)

2. Functionalized gold nanoparticle protein
interaction (Yan, St Jude’'s/Shandong)




Protein binding to modified gold nanoparticles

* Acetylcholinesterase (AChE)

* Nonspecific protein binding to
functionalized gold
nanoparticles (-GNPs)

Bing Yan St Jude’s
Hospital, Memphis now at
Shandong University
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Protein binding to f-GNPs
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Surfaces of multiwall carbon nanotubes were chemically modified for tissue
targeting. 47 GNPs with different surface chemistries
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Look at the data!

Activity Inhibition Result Fluorescence Quenching Result

100

The inhibition of AChE’s activity by GNPs. The fluorescence quenching of AChE by

Experimental conditions: final conc. of Auwas 3 GNPs. Experimental conditions: AChE
ug/mL and the AChE was 0.3 nM . 1.67 uM in 0.1M PBS (pH~8.0), final conc.

of Au in AChE solution was 1
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AChE inhibition by f-GNPs — no test set

GNP AChE inhibition MLR GNP AChE inhibition BRANNGP
60 60
50 50 &Fa
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2 40 2 40
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60

Linear and machine learning models could predict the effects of

chemical modification of GNP surface with good accuracy.
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AChE inhibition by f-GNPs — 25% test set

GNP AChE MLR 25% test GNP AChE BRANNGP 25% test
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Linear and machine learning models could predict the effects of
chemical modification of GNP surface with good accuracy.
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AChE binding to f-GNPs - AChE inhibition

Model P N, R2train SEE  R2test SEP N _.
MLREM 1.3 21 0.97 2.2 22
1.5 17 0.91 34 18

1.7 14 0.90 3.6 15

1.7 14 0.90 3.6 15

1.8 6 0.69 6.5 7

2 6 0.58 7.4 7

MLR 0 14 0.90 4.9 15
BRANNGP 2nodes 14 0.85 3.8 14
BRANNGP 3 nodes 14 0.77 4 15
BRANNLP 2 nodes 14 0.90 4 33
MLR 20% test 14 0.91 5.1 0.81 5.6 15
BRANNGP 2 nodes 20% test 14 0.84 3.7 0.8 5.2 14
BRANNGP 3 nodes 20% test 14 0.87 3.7 0.81 5.2 15
BRANNLP 2 nodes 20% test 14 0.89 3.6 0.77 5.5 16
MLR 25% test 14 0.90 53 0.93 4.9 15
BRANNGP 2 nodes 25% test 14 0.85 39 0.91 5.1 14
BRANNGP 3 nodes 25% test 14 0.85 3.9 0.91 5.1 14
BRANNLP 2 nodes 25% test 14 0.88 3.7 0.87 5.5 16
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Nonspecific protein binding by f-GNPs

GNP relative fluorescence MLR GNP relative fluorescence BRANNGP
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Calculated relative fluorescence
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0 2Measuréd relative fluorestence 10 12 0 B 4 6 8 10 12
Measured relative fluorescence

Model trained using all data in training set and no test set. Sparse linear
and nonlinear models using DRAGON descriptors for surface
chemistries.
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AChE inhibition by f-GNPs — 25% test set

GNP relative F MLR 25% test GNP relative F BRANNGP 25% test

12 12
310 310
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S 2 - S 2

0 -1 T T T T T | O T T T T T 1

0 2 4 6 8 10 12 0 2 4 6 8 10 12
Measured relative fluorescence Measured relative fluorescence

Model trained using 75% of data in training set and 25% in test set.
Sparse linear and nonlinear models using DRAGON descriptors for
surface chemistries.
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Nonspecific protein binding to f-GNPs

Model P N, R*train SEE R2test SEP N_.
MLREM 6 11 0.91 0.84 12
MLR 0 10 0.93 0.82 11
BRANNGP 2nodes 10 096 0.42 16
BRANNGP 3 nodes 10 0.97 0.44 16
BRANNLP 2 nodes 10 0.96 0.50 15
MLR 20% test 10 093 088 093 075 11
BRANNGP 2 nodes 20% test 10 096 043 094 0.75 15
BRANNGP 3 nodes 20% test 10 097 039 091 095 16
BRANNLP 2 nodes 20% test 10 098 036 093 0.88 20
MLR 25% test 10 094 08 09 087 11
BRANNGP 2 nodes 25% test 10 098 031 086 1.12 18
BRANNGP 3 nodes 25% test 10 098 031 0.88 1.04 14
BRANNLP 2 nodes 25% test 10 097 046 091 084 12
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Take home messages
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Modelling is hard because materials are complex.

QSAR/QNTR is a simple method that can be very useful when used

carefully. In the hands of a skilled practitioner it can yield very good
results

Models are easy to build but also very easy to get wrong. Many
published QSAR studies have serious errors

Data quality, quantity, diversity, range, relevance are paramount

QSAR methods can capture complex relationships between structure
and biological activity, even for multiple modes of action

Descriptor generation and selection is the key step in QNTR

New mathematical and machine learning methods have made model
building more robust.

The methods are very fast and can deal with very large data sets.



What can QSAR/QNTR not do?

* Replace the need for experimental measurement. Models are
synergistic with measurements.

« Generate good predictive models without understanding modelling
process and without remaining skeptical until models are validated.

« Build predictive models with very small data sets, poor quality data.

» Generate good models with bad descriptors or data sets with low
diversity, or low dynamic range of biological activities.

 Make reliable predictions that are well outside the property space in
which they are trained.

« Convince regulators and other science professionals that they are
useful unless their predictivity is tested experimentally

 Molecular details of the mechanism of action are often not
accessible from the model.
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Hands-on exercises

We will build QSPR models of a simple nanomaterials data set, uptake of
metal ion oxide nanoparticles with chemically modified surfaces, using a

simple modelling tool, KNIME.

We will compare the results of using a simple multiple linear regression
models with nonlinear models generated by a polynomial regression, and
a backpropagation neural network.

The software, workflows, key papers, and data are on your memory stick
or have been downloaded from the MODENA web site or elsewhere.

You should have installed and tested your software prior to the working
session

QSAR concepts for nanomaterials | Prof. Dave Winkler




KNIME

KNIME is an object-oriented programming method
(www.knime.org).

The workspace allows the placement and connection of
different modules that perform specific functions.

File Reader Low Variance Filter Linear Regression
(Learner)

b e
Node 1 Node 5

Regression
(Predictor) Scatter Plot

Node 3 Node 4
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Example

* The data are from Weissleder et al. Nature Biotech. 2005, 23, 1418.

 They provided data on the uptake of surface functionalized metal iron
oxide nanoparticles (MION) by five types of cells: human umbilical vein
endothelial cells (HUVEC), primary resting human macrophages,
granulocyte macrophage colony stimulating factor (GM-CSF)—-stimulated
human macrophages, a U937 human macrophage-like cell line and human
pancreatic ductal adenocarcinoma cells.

* We modelled these data using Bayesian regularized neural network and
found the QSPR to be quite nonlinear. Only three of the cell types were
found to take up the functionalized nanparticles to a significant extend
which depended on the surface chemistry.
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KNIME linear model workflow

File Reader Low Variance Filter Linear Regression
(Learner)

> @ >

Node 5

%

=z
3

Regression
(Predictor) Scatter Plot

Node 3 Node 4
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KNIME polynomial model workflow

File Reader Polynomial
Regression (Learner)

Node 1

Regression

(Predictor) [Scatter Plot
F79
Node 3 Node 4
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KNIME neural network workflow

File Reader Normalizer RProp MLP Learner
5 >
bk |
=9 =9
Node 1 Node 2

ItiLayerPerceptron
Predictor

Scatter Plot

Node 4
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Pacifichem 2015, 15-20 December, Waikiki, Hawaii
World’s largest international chemistry congress

>300 cutting-edge symposia, many on materials, modelling,
nanotechnology

http://www.pacifichem.org
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QSAR concepts for nanomaterials | Prof. Dave Winkler



Thank you

Prof. Dave Winkler CSIRO Materials Science & Engineering
Monash Institute of Pharmaceutical Sciences Modelling Research team Leader

twitter @drdavewinkler
t +61 39545 2477 Skype drdavewinkler
e dave.winkler@csiro.au@csiro.au
W www.csiro.au/CMSE

CMSE/FUTURE MANUFACTURING FLAGSHIP




