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?I_Bc In silico methods of toxicity assessment

U The effect of hazardous chemicals and pollutants on the
ecosystem is a matter of great concern.

QSince there is large number of chemicals currently in
common use (approx. 100,000) and new chemicals are
registered at a very high rate (1000 per year), it is obvious
that our human and material resources are insufficient to
obtain experimentally even basic information on
environmental fate and effects for all these chemicals.

UThus, it is necessary to develop quantitative models that
will accurately and readily predict environmental behaviour
of large sets of chemicals.
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In silico methods of toxicity assessment

&

* Time and cost effective

* Avoids animal experimentation @ @
* Supports “3R” Principles

* Can be applied for virtual compounds

* Supported by various organizations like

European Centre for the Validation of Alternative Methods
(ECVAM)

International Organizations of Medical Sciences

REACH (Registration, Evaluation and Authorization of
Chemicals) regulations

US EPA

Organization for Economic Cooperation and Development
(OECD)

Roy K, Expert Opin Drug Discov, 2007, 2, 1567-1577
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What I1s Read-across?

*Read across (RA) is a prediction method of unknown chemicals from the chemical
analogues with known toxicity from the same chemical category.

*It is accepted by REACH and US EPA.
*Used for data gap filling.

*Defined chemical category is
necessary.

« Strategies: One—> One; One - Many
Many - One; Many - Many

*Analog approach

«Category approach

26-05-2022

Toxicity value

Category
approach

Interpolation / Extrapolation

/ Outliers

B Analog approach Source Chemical

Target Chemical
@ Target Chemical

Descriptor value
4

Vink, S.R. et al., Regul Toxicol Pharmacol. 2010, 58, 64-71
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What i1s Similaritv?
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https://chemintelligence.com/blog/machine-learning-descriptors-molecules
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Descriptor
Marrix

a CHs NO, al ™

\ L(h\lbcnzene \llrobenzeue (hlorobenzene )

What is Similarity?

2D Molecular A\ | L.

PN T N

structure depiction: I[ \T ﬂ

ra

Ethylbenzene | 96.08 0 0 0

Nitrobenzene |118.07 0 |19.78

(=)

Descriptor * calculation
Molecule MW | nC |nN|nO | nCl | S4O | SsCl
0
2
0

O\ o
(=R =]

Chlorobenzene | 107.51 1 0

A
(P8

346

$

Data pre-processing: Normalization. Standardization, Feature
selection, [dentification of outlier

¥

Datamatrix | MW [nC| ... [SdO[SsCl| Activity
Ethylbenzene | 9608 | 8 | .... | 0 0 |log(1/C)=6.2
Nitrobenzene |118.07] 6 | ... [19.78] o [log(1/C)=7.3
Chlorobenzene | 107.51] 6 | .... 0 |5.346|log(1/C)=4.7

Predicted uctiviy
. . - .

Statisticaltools of QSAR:
MLR, PLS, ANN, SVM

3
,:/

/ Quality and validation metrics like: i
R%, Q, Ripeg. Iy’ metrics, RMSE |

. ) . . . "
Observed Expertmentsl activity

N
&
~—

Roy, Kar and Das, A Primer on QSAR/QSPR Modeling (SpringerBrief), Springer, 2015
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What is Similarity?

A Yo ¥;_ ¥," Yo
t Xo-X2  Xi %o
MeOx a Yl("o'xz)*‘)’:(xrxn)
(X, ¥1) Yoo X)Xz
()'|- Yu) MeOx
(X ¥p)
(xn x"}
Yo ¥2) McOx ,
{_xg- Y:)
(X X)
(X)
B _
=m- (xo-x) +
(Y)‘ yU I )'l
Ay YUY,
m=— = ——=t
AX X -Xx3
McOx |
(X, Vo)
Ay =Y, -, MeOx
(X1, ¥1)
AX = X,—X,
MeOx ,
(X2, ¥2)

Gajewicz A, Environ

. Sci.: Nano, 2017, 4, 346



Imilarity?

What is S

Sizex

B R et B

| s T PN

e

i

1

PC

input vectar

https://towardsdatascience.com/self-organizing-maps-1b7d2a84e065

https://towardsdatascience.com/feature-extraction-using-principal-component-analysis-a-simplified-visual-demo-e5592ced100a

SOM

PCA
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QSAR (Quantitative Structure-Activity Relationship)

UQSAR deals with development of predictive models correlating biological
activity (including therapeutic and toxic) of chemicals
(drugs/toxicants/environmental pollutants) with descriptors representative of
molecular structure and/or property by application of statistical tools.

dBA = f (chemical structure or property)
= f (descriptors)

Y — aO _I_ aIXI _I_ a2X2 _I_ a3X3 _I_ ........

Yang G F, Huang X, Curr Pharm Des, 2006, 12, 4601-4612
v=009964x+ 0.1736

1
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DTC
+AB - Metrics for judging quality of QSAR models

J Determination coefficient

O Explained variance

U Variance ratio

(] Standard error of estimate

26-05-2022 10
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~AE  Validation of QSAR models

O Internal validatiop,  ~° ;
Leave-one-ot

-1, Leave-ma ny-out

/ ‘ Z ( Pred

¥ > (= Y)
U Bootstrapping
;- L_.I External validation
.’ Ryl 2 pred (Test) — y-:fe:r.‘:)‘:
Y T igesry — ¥ raining)°
M Y-randomization

26-05-2022 11
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Steps In QSAR model development

; Data
preparation

; Data
| processing

NP Data
prediction and
validation

_ Data
|interpretation

26-05-202-

:4

— =

j Data set of chemicals with a definite end point

'

Logarithmic conversion of the response values .

e

Drawing of chemical structures ]

Computation of descriptors l
Formation of the QSAR table | 7

| Data pretreatment (removal of intercorrelated variables, if any) \

Model development: Feature
|_selection using chemometric tools |

NO |

Prediction of response
_ Validation of results
;___Ql_nlilyxylidltiou paramcicrs
-_ lnlm_'nal v_:lid.alion metrics

External validation metrics
" Other metrics (if any) V
R

YES '_D| Interpretation of results ]

Design guideline for new chemicals I 7
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Why Read-across instead of QSAR?

QSAR is not suitable for small datasets
Read-across is not a statistical fitting process

Calculation is comparatively easier than QSAR
Alternative tool for hazard assessment, aimed at filling data gaps

For nano-toxicity, the data sets are usually small; thus, application
quantitative read-across is more suitable than statistical fitting approaches

of
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Chemical read-across predictions of Nanotoxicity data

» To develop an easier and efficient method for quantitative read-across
predictions

» Quantitative toxicity prediction of various small datasets (specifically, toxicity
of metal oxide nano-particles) using a new method

» Comparison of the results with the previous methods

» Development of an application for Read-across predictions.

Chatterjee et al., Environ. Sci.: Nano, 2022, 9, 189-203
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Descriptors

%Tataset

Dataset 1 pLC., of metal Mulliken Electro negativity of the cluster (x¢), and
Environ. Sci.:  |NPs against a the enthalpy of formation of a metal oxide nano- 18
Nano, 2017, 4, |[human ketatinocyte cluster representing a fragment of the surface
1389 (HaCaT) cell line. (AHE)).
The enthalpy of formation of gaseous cations
Dataset 2 . . :
Environ. Sci - PEC., of metal having the same oxidation state as those in the
Nano 2617 4 NPs against bacteria metal oxide structure (AH,,..), and the charge of 17
i389 "' |Escherichia coli. the metal cation corresponding to a given oxide
(Me+).
Dataset 3 pLC., of metal Enthalpy of formation of gaseous cations
_ _ NPs against bacteria having the same oxidation state as those in the
Environ. Sci.: . . :
Nano. 2017. 4 Escherichia coli metal oxide structure (AH,,..), and the absolute 16
1’ 389 "' |under dark electro negativity of the metal oxide
condition. (LZELEHHO).

26-05-2022
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Training set
(Source
< compounds)

Dataset
N<20

Test set

(Target
compounds)

26-05-2022

Schematic representation of the proposed methodology

Similarity calculation
among source compounds

,, and target compound by:

1. Gaussian kernel

function

2. Laplacian kernel

function

3. Euclidean distance

based similarity

Computation of toxicity by
Weighted average

prediction (WAP)
];red — ZKXPVI/ZW:

7 Sorting the

training
compounds in
descending order
and select upto
10 most similar
training
compounds

16



DI~
LA

Gaussian Kernel function similarity estimation

The function Gaussian kernel is a variant on the radial basis function kernel
defined as:

f =exp((—IIX=YII1"2)/26?)

Where X, Y are the input vectors and [|IX—Y| is the Euclidean distance between
two vectors.

Say X and Y are two vectors each of length n

X={1X1, X, Xy oo Xll; Y21, Yo Vo, o Y

d (X, Y) = IX=YIl = sqri((X,—Y ) +H(X,-Y )™ . +(X Y )9)

¢ IS a variable number. We have predicted the toxicity
using different values of 6 (0.25, 0.5, 0.75, 1.0, 1.5, 2.0)



LAB Laplacian Kernel function similarity estimation

The function Laplacian kernel is a variant on the radial basis function kernel defined as:
K (X, Y) =exp((-YIIX-YIl,)
Where X, Y are the input vectors and [|X—Yl, Is the Manhattan distance between two

vectors.
Say X and Y are two vectors each of length n
X=X, Xpy Xgoevor X || Y|V, Yy, Yo, o0, Yl w ' \

41 (X, Y) = IX=YI,= (XY )+ (XY )+ (Xg-Y o)+ oo+ (XY

Y Is a variable number. We have predicted the toxicity
using different values of Y (0.25, 0.5, 0.75, 1.0, 1.5, 2.0)



Euclidean distance based similarity estimation

26-05-2022

Dataset

Training set Test set
compounds compounds

PRIOR SCALING OF DESCRIPTOR VALUES
*Scaled descriptor value = (Original Descriptor value —
Mean of training set descriptor valies)/St. Dev. of training
set descriptor values

¥

) 4

CONVERSION OF CALCULATED ED into 0 to 1 scale
*Scaled ED = (Calculated ED — Min ED)/(Max ED — Min ED)

s cucinon

19
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Quantitative validation metrics

Z (Yobs(test) _ Ypred(test) ) ?

Q12?1 2 =1-—
i Z(Yobs(test) - Ytraining)z

_ Z(Yobs(test) _ Yp'red(test))2

Q72 Qz, =1 —
i Z(Yobs(test) — Ytest)2

Root
oo e S(_]U?re Z(Yobs(test) —Y, red(test))2
error of prediction RMSE,, = p

(RMSEp) Ntest

Quantitative terms- Y pscesr): Observed activity of test set compounds; Y peqccesr): Predicted activity of test

set compounds;  Yirqining: Average observed activity of training set compounds; Y,.s: Average observed
activity of test set compounds; n;.s;= number of compounds in the test set.

26-05-2022 20
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Classification-based metrics

B . 0 Sensitivity = F
Sensitivity (%) ensitivity = oy
- - - O S . ] -t — TN
Specificity (%) pecificity = TN T FP
o Procision — TP
Precision (%0) recision = o0
o 4 B TP +TN
Accuracy (%) Y = TP Y FN + TN + FP
F-measure (%) 2
. — 04 —
(harmonic mean of F —measure(%) T 1
recall) Precision ° Sensitivity
G-means (geometric G —means = \/SpecificityXSensitivity
mean)
(TP + TN)
Pr(a) =
(TP + FP + TN + FN)
, P(e) = {(TP + FP)X(TP + FN)} + {(TN + FP)X(TN + FN)}
Cohen’s kappa (K) el = (TP + FN + FP + TN)?

Pr(a) - Pr(e)
1- Pr(e)

Cohen's K =

Matthews correlation
coefficiehit’ (MCC)

~ (TPXTN) — (FPXFN)
~ /(TP + FP)X(TP + FN)X(TN + FP)X (TN + FN)

MCC

Classification-based \ te#)
TP: True positive; TN: True
negative; FP: False positive;
FN: False negative; P,.(a):
relative observed agreement
between the predicted
classification of the model and
the  known classification:;
P..(e):hypothetical probability
ofchance agreement.

21



LAB
Software:

Quantitative

Read

ACross

for

Nanotoxicity
https://sites.gooqgle.com/jadavpuruniversity.in/dtc-lab-software/home

*A java based application has been developed.

It needs training set and test set data as input in *.xlsx format.

Prediction

*User has to provide o value, Y value, number of similar training compounds, distance threshold, and
similarity threshold as input information.

*The program generates two output files namely Biological activity (predicted response), and sorted

experimental response with respect to distance and similarity.

26-05-2022

Input files:

TS0 0N n s wN =

A

Serial No.

2
4
14
13
16
15
3
18
1

Train.xlsx
B C

AHfc [Kcal xc [eV]
-600 3.44
-378.5 4,21
-266.6 4,57
-96.3 5
-157.7 6.45
-786.8 7.44
-638.1 4,95
-449.4 8.33
-1492 4,91

D
pLC50
1.85
2.05
2.67
2.64
2.87
2.83
2.02
3.32
1.76

R —_
T o0 oNOwm A WwN =

A

Serial No.

17
5
6

10
3

11

12
7
9

Test.xlsx

B C

AHfc [Kcal xc [eV]

-52.1 6.78
-618.3 3.81
-135.3 3.35
638 4.47
-235.3 4.36
-148.5 5.34
-715.4 6.73
-136.5 3.24
-206.7 4.46

D
pLC50

2.92

2.12

2.21

2.49

2.3

2.5

2.56

2.24

2.31

22


https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home
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Welcome

pTc

Read-Across-v2.0

Input X | Input X
B Enter file name for training set (Eg: TRAIN) Enter file name for test set (Eg: TEST)
TRAIN } TEST] |
(o] omen] o] Comen
Input X | Input X

Enter gamma value for Laplacian kernel(default value is 1)=
\

El ‘

Cancel ‘

Enter sigma value for Gaussian kernel(default value is 1)=
\

1 |

P —
Cancel |

Input

Enter threshold value for similarity:

X | Input

Enter the number of similar training compounds for calculation=

X | Input

Enter threshold value for distance:

0

J G

=

| 1

[ ok ][ cancel |

Snapshot of the developed program “Read-Across-v2.0”.

23



DIC

LAB

Program Output

A B C D E F G H i J K L M
1
2 Euc(17) 0 0.243333 0.313656 0.351599 0.446018 0.446573 0.450183 0.652891 1
Sort'XISX 3 Y 2.87 2.64 3.32 2.67 2.83 2.05 2.02 1.85 1.76
4 G.K.(17)  0.910808 0.327193 0.197234 0.144334 0.058905 0.058567 0.056401 0.004564 9.98E-06
5 Y 2.87 2.64 3.32 2.67 2.83 2.05 2.02 1.85 1.76
6 LK.(17)  0.633502 0.295032 0.150654 0.14795 0.116471 0.092277 0.079468 0.033733 0.010302
7 Y 2.87 2.64 2.67 3.32 2.83 2.05 2.02 1.85 1.76
8 Euc(s) 0 0.146096 0.18291 0.274926 0.459077 0.664515 0.738991 0.790012 1
9 Y 1.85 2.05 2.02 2.67 2.64 2.87 1.76 2.83 3.32
10 G.K.(5) 0.95169 0.710785 0.633676 0.442229 0.157608 0.03052 0.014812 0.008679 0.000687
11 Y 1.85 2.05 2.02 2.67 2.64 2.87 1.76 2.83 3.32
12 LK.(5)  0.759368 0.466885 0.441522 0.270436 0.133094 0.068939 0.064313 0.06364 0.039416
13 Y 1.85 2.02 2.05 2.67 2.64 2.83 2.87 1.76 3.32
14 Euc(6) 0 0.014604 0.097765 0.12149 0.299164 0.451091 0.859341 0.944557 1
15 Y 2.05 2.67 2.64 1.85 2.02 2.87 2.83 3.32 1.76
16 G.K.(6)  0.575719 0.545612 0.383202 0.34136 0.116506 0.034678 0.000351 0.000105 4.6E-05
17 Y 2.05 2.67 2.64 1.85 2.02 2.87 2.83 3.32 1.76
18 LK.(6)  0.341183 0.328235 0.324049 0.31518 0.135754 0.111743 0.020959  0.0165 0.015231
19 Y 2.67 2.05 2.64 1.85 2.87 2.02 3.32 2.83 1.76
20 Euc(10) 0 0.088553 0.174711 0.263751 0.371802 0.37496 0.690806 0.702028 1
21 Y 2.64 2.67 2.05 2.87 2.02 1.85 3.32 2.83 1.76
22 G.K.(10)  0.792794 0.571628 0.363022 0.197258 0.07765 0.075324 0.001449 0.001218 5.3E-06
23 Y 2.64 2.67 2.05 2.87 2.02 1.85 3.32 2.83 1.76
24 LK.(10)  0.486446 0.425951 0.29576 0.169482 0.139506 0.10812 0.026166 0.020599 0.019016
25 Y 2.64 2.67 2.05 2.87 2.02 1.85 3.32 2.83 1.76
M4 ]| sort AFI A 0 M
A B C D E F G H | J K L M N
1]
2 1D Yeuc(Test)Ygk(Test) Ylk(Test) Sigma valtNo.of simiGamma vi Compoun Compouni Compoun: Dist.thresiSim.threshold
3 17 2.616411 2.802684 2.732053 0.75 8 1 9 9 9 1 0
4 5 2.241289 2.112821 2.125365 9 9 9
5 6 2.352527 2.311045 2.355685 9 9 9
1 1 1941 6 10 2.470007 2.515935 2.476761 9 9 9
Biological Activity.xlsx
7 8 2.406442 2.36825 2.416297 9 9 9
8 11 2.506966 2.532618 2.5518 9 9 9
9 12 2.684332 2.720766 2.633566 9 9 9
10 7 2.343017 2.296827 2.354544 9 9 9
11 9 2.423507 2.394448 2.443175 9 9 9
12
13 Q2fl= 0.634219 0.863029 0.775445
14 Q2f2= 0.62306 0.85885 0.768595
15 RMSEP=  0.140603 0.08604 0.110166
16
26-05-2022 17 Compouni<2 signifies  only one or zercompouncin the Threshold value 24
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DT_O Results and Discussion
LAB

Toxicity prediction by Euclidean distance-based similarity estimation

No. of

compounds in
training set

Dataset 1 9 0.63 0.62 0.14

Dataset 2 8 0.45 0.45 0.42

Dataset 3 8 0.77 0.69 0.60

26-05-2022

25



DTC Toxicity prediction by Gaussian kernel function similarity estimation

LAB

Sigma (o) optimisation
GAUSSIAN KERNEL Dataset 1 Dataset 2
Sigma value Q2F1 Q2F2 RMSEP Q2F1 Q2F2 RMSEP
c=0.25 0.41 0.39 0.18 0.89 0.89 0.19
o =0.50 0.71 0.70 0.12 0.91 0.91 0.17
0=0.75 0.87 0.86 0.08 0.90 0.90 0.18
c=1.00 0.85 0.85 0.09 0.86 0.86 0.21
c=1.50 0.65 0.64 0.14 0.64 0.64 0.34
c=2.00 0.46 0.45 0.17 0.46 0.46 0.42

Dataset 3
Q2F1 Q2F2 RMSEP
0.85 0.80 0.48
0.92 0.89 0.36
0.92 0.90 0.35
0.87 0.83 0.45
0.70 0.59 0.69
0.52 0.35 0.87

0.9 -
0.8 -
0.7 -
0.6 -
0.5 -
0.4 -
0.3 -
0.2 -
0.1 -

Sigma (o) optimization chart (Dataset 1)

26-05-202423F1 mQr2

T T T T
0.25 0.5 0.7 1 1.8 2
Sigma (¢) Value

RMSEP

Sigma (o) optimization chart (Dataset 2)

0.9 -
0.8
0.7 1
0.6 -
0.5
0.4 1
0.3
0.2
0.1

0 I 1 I I
0.25 W 0.75 1 1.5 2

Sigma (o) value

EQ2F1 mQ2F2 RMSEP

0.9 -
0.8 -
0.7 -
0.6 -
0.5
0.4 -
0.3
0.2 -
0.1 -

Sigma (o) optimization chart (Dataset 3)

0.5 0.75 1 1.5 2

Sigma (o) value

HQ2F1 mQ2F2 ® RMSEP 26
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LAPLACIAN KERNEL
Gamma value

y=0.25 0.36
y =0.50 0.60
vy=0.75 0.73
y=1.00 0.79
y=1.50 0.79
y=2.00 0.73

Gamma (y) optimisation

Dataset 1 Dataset 2
Q2F1 Q2F2 RMSEP Q2F1 Q2F2 RMSEP
0.34 0.19 0.40 0.40 0.44
0.59 0.15 0.67 0.67 0.33
0.72 0.12 0.81 0.81 0.25
0.79 0.11 0.87 0.87 0.21
0.79 0.11 0.90 0.90 0.18
0.72 0.12 091 091 0.17

Toxicity prediction by Laplacian kernel similarity estimation

Dataset 3
Q2F1 Q2F2 RMSEP
0.42 0.22 0.95
0.67 0.56 0.72
0.81 0.74 0.55
0.87 0.83 0.45
0.91 0.88 0.38
0.91 0.87 0.38

0.00

0.80 -
0.70 -
0.60 -
0.50 -
0.40 -
0.30 -
0.20 -
0.10 -

Gamma (y) optimization chart (Dataset 1)

P

T T T T
0.25 0.5 0.75 V 1.5 2

Gamma (y) Value

HQ2F2 RMSEP

26-05-20211

Gamma (y) optimization chart (Dataset 2)

1 -
0.9
0.8 -
0.7 -
0.6
0.5
0.4
0.3
0.2
0.1
0 T . T . T
1 1.5 \2/

0.25 0.5 0.75

Gamma (y) Value

EQ2F1 EQ2F2 RMSEP

1 >
0.9 -
0.8 -
0.7 -
0.6 -
0.5 -
0.4 -
0.3 -
0.2 -
0.1 -

0

Gamma(y) optimization chart (Dataset 3)

0.25 0.5 0.75 1 W 2

Gamma (y) Value

EQ2F1 EQ2F2 RMSEP

27




%gfects of number of close training compounds on the toxicity prediction in ne

algorithm
| Ds1 Q2F
No.of C.T.C No.of CT.C  EUC LK No.of C.T.C
2 3 2
5 5 5
7 7 0.72 0.85 0.8C 7
9 9 .86 .79 9
, bs2
' No.of C.T.C No. of C.T.C No. of C.T.C
2 2 2
a 4 4
5 5 5
8 8 8
. Dbs3
No.of C.T.C No. of C.T.C No. of C.T.C
2 2 2
4 4 4
5 5 5
8 8 8

26-05-2022 28
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Q2_F1 for variable close training
compounds- Dataset 1

Q2_F2 for variable close training
compounds- Dataset 1

RMSEP for variable close training
compounds- Dataset 1

CTC-2

26-05-2022 H Euclidean Dist.
= Laplacian Kernel

CTC4 CICS CTC-8

B Gaussian Kernel

CTC-S CTC-8

B Gaussian Kernel

CTC-2 CTCH4
H Euclidean Dist.

= Laplacian Kernel

Lo 1.0 0.20
0.8 0.8 0.16
0.6 0.6 0.12
0.4 04 0.08
0.2 0.2 0.04 I
0.0 0.0 0.00
CTIC-2 CTIC5 CIC-7 CTC-9 CTC-2 CTCS CTC-7 CTCO CTC2 CTCS CTIC7 CTCY
H Euclidean Dist. ® Gaussian Kernel H Euclidean Dist. ® Gaussian Kernel H Euclidean Dist. ® Gaussian Kernel
u Laplacian Kernel u Laplacian Kernel u Laplacian Kernel
Q2_F1 for variable close training Q2_F2 for variable close training RMSEP for variable close training
compounds- Dataset 2 10 compounds- Dataset 2 0.5 compounds- Dataset 2
1.0
0.8 0.4
0.8
0.6 0.6 0.3
0.4 0.4 0.2
0.0 0.0 0.0
CTC-2 CTC-H4 CTC-5 CTC-8 CTC-2 CTC4 CTCS CTC-38 CTC-2 CTC4 CTCS CTC-8
® Fuclidean Dist. = Gaussian Kernel B Euclidean Dist. B Gaussian Kernel B Euclidean Dist. ® Gaussian Kernel
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Figure. a) Bar
representing the
number of close training

compounds on the metric values
of Dataset 1; b) Bar diagram
representing the effect of
number of close training
compounds on the metric values
of Dataset 2; c) Bar diagram
representing the effect of
number of close training
compounds on the metric values
of Dataset 3.
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Distance and similarity threshold optimization for the new

LAB e _
similarity based read-across algorithm

Dataset 1 Q2F1 Q2F2 RMSEP

Threshold EUC GK LK EUC GK LK EUC GK LK
D=0.4, 5=0.0 0.96 0.87 0.79 0.96 0.86 0.79 0.05 0.08 0.11
D=0.4, $=0.05 0.96 0.87 0.83 0.96 0.86 0.82 0.05 0.09 0.10
D=0.4, S=0.1 0.96 0.85 0.82 0.96 0.85 0.82 0.05 0.09 0.10
D=0.5, S=0.0 0.71 0.87 0.79 0.70 0.86 0.79 0.13 0.08 0.11
D=0.5, $S=0.05 0.71 0.87 0.83 0.70 0.86 0.82 0.13 0.09 0.10
D=0.5, S=0.1 0.71 0.85 0.82 0.70 0.85 0.82 0.13 0.09 0.10
D=0.6, S=0.0 0.71 0.87 0.79 0.70 0.86 0.79 0.13 0.08 0.11
D=0.6, S=0.05 0.71 0.87 0.83 0.70 0.86 0.82 0.13 0.09 0.10
D=0.6, S=0.1 0.71 0.85 0.82 0.70 0.85 0.82 0.13 0.09 0.10

Dataset 2 Q2F1 Q2F2 RMSEP

Threshold EUC GK LK EUC GK LK EUC GK LK

D=0.5, S=0 0.59 0.91 0.91 0.59 0.91 0.91 0.37 0.17 0.17

D=0.6, S=0 0.47 0.91 0.91 0.47 0.91 0.91 0.42 0.17 0.17

D=0.7, 5=0 0.45 0.91 0.91 0.45 0.91 0.91 0.43 0.17 0.17

D=0.8, S=0 0.45 0.91 0.91 0.45 0.91 0.91 0.42 0.17 0.17

D=0.9, S=0 0.45 0.91 0.91 0.45 0.91 0.91 0.42 0.17 0.17

D=1, S=0 0.45 0.91 0.91 0.45 0.91 0.91 0.42 0.17 0.17
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. Dataset3

Ea bR

D=0.4, $=0.0
D=0.4, S=0.1
D=0.5, S=0.0
D=0.5, S=0.1
D=0.6, S=0.0
D=0.6, S=0.1
D=0.7,5=0.0
D=0.7,5=0.1

Dataset 2 — Q2_F1
(Distance and Similarity Threshold
determination)

Dataset 3- Q2 _F1
(Distance and Similarity Threshold
determination)

Dataset 1 — Q2_F1
(Distance and Similarity Threshold
determination)
—Euclidean Dist.

—Gaussian Kernel
—Laplacian Kernel

—FEuclidean Dist.
—Gaussian Kernel
—Laplacian Kernel

D=0.5,

—Euclidean Dist.
—Gaussian Kernel
—Laplacian Kernel

D=04,

D=0.6, D=0.7, . D=0.4,
. D=0.6, $=0.1 ‘ $=0.1
D=0.6,
S=0.05 D=0.7, D=0.5,
$=0.0 $=0.0
D=0.7,
D=0.6, =0
$=0.0 D=0.6, D=0.5,
$=0.1 S=0.1
D=0.5, D=0.5,
S=0.1 S=0.05 D=0.6,
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Dataset 1 - Q2_F2
(Distance and Similarity Threshold
determination)

—Euclidean Dist.
——Gaussian Kernel
~——Laplacian Kernel

Dataset 2 - Q2_F2
(Distance and Similarity Threshold
determination)

——FEuclidean Dist.
—Gaussian Kernel

——Laplacian Kernel

D=0.5,
S=0

D=0.6,
S=

D=0.7,

D=0.8,
S=

Dataset 3 — Q2_F2
(Distance and Similarity Threshold
determination)
—Euclidean Dist.
——Gaussian Kernel

—Laplacian Kernel

D=0.4,
S=0.0

D=0.6,
$=0.0

Dataset 1 - RMSEP
(Distance and Similarity Threshold
determination)
—Euclidean Dist.

—Gaussian Kernel
—Laplacian Kernel

D=0.4,

D=0.6, D=0.4,
$=0.05

D=0.4,
S=0.1
D=0.5,
$=0.0
D=0.5, D=0.5,
S=0.1 $=0.05

Dataset 2 — RMSEP
(Distance and Similarity Threshold
determination)

—ZEuclidean Dist.
——Gaussian Kernel
—Laplacian Kernel
D=0.5,
S=0

D=1, D=0.6,
$=0 $=0
D=0.9, D=0.7,
S= S=

D=0.8,
S=

Dataset 3 - RMSEP
(Distance and Similarity Threshold
determination)

—Euclidean Dist.
—Gaussian Kernel
—Laplacian Kernel

D=0.4,
$=0.0
0.60
D=0.7, D=0.4,
S=0.1 0.40 §=0.1
D=0.7, D=0.5,
$=0.0 $=0.0
D=0.6, D=0.5,
$=0.1 §=0.1
D=0.6,
$=0.0
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TAB Evaluation of similarity-based read-across algorithm by
classification-based metrics

Classification based Dataset 1 Dataset 2 Dataset 3
meftrics Euc (D=0.4) GK and LK (S=0.0) Euc (D=0.4)

TP 3 5 1

FN 0 0 0

FP 1 0 0

TN 5 4 7
Sensitivity (%) 75 100 100
Specificity (%) 100 100 100
Accuracy (%) 84.62 100 100
Precision (%) 100 100 100
F-measure (%) 85.71 100 100

G-means 0.87 | 1

Kohen’s x 0.68 1 1

MCC 0.79 1 1

TP: true positive, FN: false negative, FP: false positive, TN: true negative, Euc: Euclidean distance based read-across,
GK: Gaussian kernel read-across, LK: Laplacian kernel read-across, D: distance threshold, S: similarity threshold,
MCC: Matthews correlation coefficient.
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DIC Comparison of performance of new similarity-based

algorithm with previously published in silico models

Test Set (Target compounds)

Ref. Q2F2 RBISEP n*
Dataset 1
Fuct(D=0.4) 0.96 0.05 9
GK® ($=0.05) 0.86 0.09 9
LK® (S=0.05) 0.82 0.10 9
QRApc ! 0.74 0.20 11
Nano-QSAR 2 0.83 0.13 8
Dataset 2
Fuc? (D=0.5) 0.59 0.37 9
GKP® (S=0.0) 0.91 0.17 9
LKe (S=0.0) 0.91 0.17 9
QRApc! 0.80 0.19 10
Nano-QSAR’ 0.83 0.19 7
Dataset 3
Fuc® (D=0.4) 0.95 0.23 8
GK® (S=0.0) 0.90 0.35 8
LK< (S=0.0) 0.88 0.38 8
QRApc! 0.91 33 7
Nano-QSAR* -0.20 0.53 4

Euc? : Euclidean distance-based similarity: GK® : Gaussian kernel function similarity: LK : Laplacian
kemel function similarity; D : distance threshold: S : similarity threshold: n* : no. of compounds in test
set: The most efficient algorithms/models for the prediction of toxicity are indicated in bold

1. A. Gajewicz, Environ. Sci. Nano, 2017, 4, 1389-1403.
A. Gajewicz, N. Schaeublin, B. Rasulev, S. Hussain, D. Leszczynska, T. Puzyn and J. Leszczynski, Nanotoxicology, 2015, 9, 313-325.
2% 05- %'E)%Azyn B. Rasulev, A. Gajewicz, X. Hu, T. P. Dasari, A. Michalkova, H.-M. Hwang, A. Toropov, D. Leszczynska and J. Leszczynski, Nat. Nanotechnol., 2011, 6, 175— 1783
thakoti, M. J. Huang, J. D. Watts, X. He and H. M. Hwang, J. Photochem. Photobiol. B Biol., 2014, 130, 234-240.



DIC Comparison of performance of new similarity-based

LA algorithm with previously published in silico models
Comparison of validation metrics with Comparisqn of validation metrics with
. previous report (Dataset 1) §1.2 ) previous report (Dataset 2)
212 —— o 0.91| [0.91
£ 1029 o8 0.82 0.83 < 08 0%
=08 - w Eu.s 1052 QR | :
< e ——Q2_F2 E“'ﬁ 1037 -8~ RMSEP Flgur?' ]
= oe 0l —=RMsEP|  £04 1 m [77] [0.17] 0.19 0.19 Graphical representation of
- ey 2 -5 —f—I{ . . :
202 - uwf’* =" external validation metrics
o o S O S R R (Q%, RMSE,) obtained
= 8§ B E 2 S 2 5 g from the new similarity
o~ D‘ |
5 “o E based methods  and
previously published
Comparison of validation metrics with method RA nd
previous report (Dataset 3) ethods (Q PC a
£ 12 o Nano-QSAR)
E 1023 09 o088 091
E — N —
o 0.8 - v
= 0.53
€ 06 035 038 33 k2
= 0.4 -0.23 ' -#-RMSEP
T 02 =
Z 0 . .
= N
g2 8 § 3 E 2302
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"LAB Summary of Nano-read-across studies
* A new quantitative read-across algorithm based on various similarity estimation techniques
Introduced.

¢ Euclidean distance, Gaussian kernel function, and Laplacian kernel function — used for similarity
estimation.

¢ Optimization of sigma and gamma values of Gaussian and Laplacian kernel function, respectively.

s Assessment of effect of number of close training compounds to the prediction quality was
performed—-> 2-5 close training compounds can efficiently predict the toxicity of query compounds.

¢ A distance threshold for the Euclidean distance similarity estimation and a similarity threshold for the
Gaussian and Laplacian kernel function similarity estimations— better results. Suitable distance
threshold = 0.4 to 0.5; suitable similarity threshold = 0.00 to 0.05.

A simple java based computer program has also been developed (available at:
https.//sites.google.com/jadavpuruniversity.in/dtc-lab-software/home).

*» The new similarity-based read-across algorithm and the designed software are easy to use, efficient,
and an expert independent alternative method for the toxicity prediction of MeOx nanoparticles.


https://sites.google.com/jadavpuruniversity.in/dtc-lab-software/home

WO R KF LOW Read across prediction of soil ecotoxicity against Folsomia candida

C N
Endpoint:

Training set pEC50

Training and test

Sub-Training | Validation sets are split based

(34 compounds) == (11 compounds) : against
75 % 25 % D.otn Euc'ﬂe;? d Folsomia
(26 compounds) (8 compounds) g R candida
75 % 25 %
o v % % o v o V % %
1. ini i i 3. After optimization, this
0.25 025 8 onTE'LiELaJZLnﬁiZf:,:iZT,'LT:f 0.25 025 8 setting is applied on the fal  0-25  0.25 5
0.50 0.50 7 into Sub-training set and 0.50 0.50 7 training set and testsetfor 050 0.50 4
Calibration set predictions.
0.75 0.75 6 0.75 0.75 6 0.75 0.75 3
1.00 1.00 5 OPTIMIZATION 1.00 1.00 5 Final Setting for 1.00 1.00 2
125 125 4 125 125 4 Prediction 125 1.25
1.50 1.50 3 2. Sub-training set and 1.50 1.50 3 - 1.50 1.50
Calibration set are used to 4. The no. of similar training
175 175 2 optimice the hyperparameters  1.75  1.75 2 compound was then tweakedto 1,75 1,75
of the similarity functions. The .get _better pr_edlctlons and
2.0 2.0 function with best validation 2.0 2.0 validation metrics. Bestonewas | 2 () 2.0

deemed as final setting.

statistics was noted.

- Values selected Pal et al, unpublished work ** - Number of similar training compounds
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“APResults

* At the final setting

Ygk(Test) | Ylk(Test)

c=2.00 QZ 0.7613 0.7747 0.7393
F1
v=1.25
Qz 0.7007 0.7174 0.6731
F2

No. of similar
Training RMSEP 0.7668 0.7449 0.8012

Compounds =3

Gaussian kernel based
function was found to be
best here



DTG Read across prediction of androgen receptor binding affinity

Chemical Read-
Across

Optimization 2
Training

1) Ewclidean distance-based
2) Gaussian Kernel-based
I J) Laplacean Kernel-based

r “
Validation
Dataset Metrics
147 compounds .
RBA-Rfceploc B'l.dn;:ﬁnm' of Chemical Read- D'l‘c
EDCs at Androgen Receptor Across TAB
GK-based prediction

Banerjee et al. unpublished work Worktlow
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LAB
Results for Chemical Read-Across
~
lII
Validation Metries: QF_F1 :00635  (F_F2 :0.635
(for Gaussian Kernel-based similarity consideration)
f}i‘Emﬂ 1.'HI_I.IIE': 1 1 | ﬂp’i’nizm
AMIA A e Hyper-parameters
No. of similar training compounds: 100 | IPETP
Distance Threshold: 1
Similarity Threshold: O




DTG Read across prediction of FDA approved drugs against SARS CoV 2 |

Prediction ofanti | ¢ CalGuiation of Similarity to Source e N
SARS CoV 2 activity compounds for prediction of i '
: target/query compounds Sub-training set ]' :
» Largerduery comp . P i De et al, unpublished work
D Euclidean distance based I v .2 |
Source/training : - I Hvoerparameter
Compounds (33 == )| - p— ] S yperparam
: dXx,Y) = Z(Xi—Y,-)2 : I = optimisation
compounds) ) L 1| S B
i= : [77)

_||Xi—Yi||2 """"""""""

: I
: : 1
. \ el : 1
: : 1 . . v
SRS Gaussian kernel function IQ Validation set ] i
: . ) Similarity (X V) = f | ! HYPERPARAMETERS

= e 202

N
> g _ « Sigma value
Sl 'g . i _ -  Gamma value
9 o 3 - * Weightage based on similarity «  Number of close
< =) .- - . . i imi
< § & | K-Medoids : Laplacian kernel function Sellzeien gf 10? most d§|m||a; training set
) P :
B3 g division »” k(X,Y) = eC7IX-YiD Sl el e (Gl e S  Distance threshold
f: = ' » Similarity threshold
r : ) ( .
Weighted average Read-across prediction

prediction (WAP) using different validation

[ Target/test

Compounds n — > 9 9
n (W, xY; , ,
(11 compounds) Ypreq = Ogl ) metrics (Qf4, QFz, RMSEP
| i—o Wi MAE) p

’ \
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The antiviral dataset consists of 44 compounds
LAB .. : :
* Training set is composed of 33 compounds, test set is composed of 11 compounds \
* Four combination of features (as described by M1, M2, M3 and M4) were used for read across predict

MODEL FEATURES HYPERPARAMETER OPTIMISATION
Combination ( FEATURES Combination|.. . (Gamma tNr(;.il(iif:lose Distance  [Similarity
No. No. & alue g threshold (threshold
compounds
M1 nROR, FO6[C-CI], NsNHZ, - e e 10 e 0
VE1sign_Dz(p)
M2 nROR, FO6[C-CI], NsNH2, nRCOOR M2 1 1 10 0.6 0
M3 nROR, FO6[C-CI], NsNH2, VE1_B(e) M3 0.75 L5 10 0.5 0
M4 nROR, FO6[C-Cl], NsNH2, VE1_H2 i 0.75 175 10 0.6 0

 READ ACROSS PREDICTION RESULTS

Validation

metrics Pred Pred Pred Pred Pred Pred Pred Pred Pred Pred
Yeue Yo Y Yeuc Yex Y Yeue Yex Yix Yeuc Yex Yik
leb‘l 0.879 0.893 0.909 0.870 0.912 0911 0.862 0.912 0.892 0.722 0.931 0.932
QIZ"Z 0.878 0.893 0.909 0.870 0912 0911 0.862 0912 0.892 0.722 0.931 0.932
RMSEP 0.152 0.143 0.132 0.157 0.129 0.131 0.162 0.130 0.144 0.230 0.115 0.114

MAE

0.127 0.121 0.118 0.135 0.124 0.119 0.142 0.114 0.132 0.163 0.100  0.104
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LAB

Reliability of Quantitative Read-Across Predictions

Abs(MaxPos-MaxNeg)

Confidence
measures

|

Average similarity

95% confidence interval of read — across predictions = weighted average + tgsy, X

Concordance

measure (Q) — > SD_activity

g=1—2x|PosFrac—1/2|

Sweighted

Vn
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Reliability of Quantitative Read-Across Predictions

c) Combined Analysis Results

SD_activity, 97

/i CV_activity, 20

Average similarity, 31

f
- 4

SD_similarity, 22

Banerjee A, Chatterjee M, De P, Roy K, 2022 (Submitted)
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