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In silico methods of toxicity assessment
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The effect of hazardous chemicals and pollutants on the 

ecosystem is a matter of great concern.

Since 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. 

Thus, it is necessary to develop quantitative models that 

will accurately and readily predict environmental behaviour

of large sets of chemicals.



In silico methods of toxicity assessment
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What is 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

Vink, S.R. et al., Regul Toxicol Pharmacol. 2010, 58, 64–71
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What is Similarity?
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https://chemintelligence.com/blog/machine-learning-descriptors-molecules



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

https://towardsdatascience.com/feature-extraction-using-principal-component-analysis-a-simplified-visual-demo-e5592ced100a https://towardsdatascience.com/self-organizing-maps-1b7d2a84e065



QSAR (Quantitative Structure-Activity Relationship)

QSAR 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.

BA = f (chemical structure or property) 

= f (descriptors) 

Yang G F, Huang X, Curr Pharm Des, 2006, 12, 4601-4612
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Metrics for judging quality of QSAR models
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Validation of QSAR models
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Steps in QSAR model development
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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 of
quantitative read-across is more suitable than statistical fitting approaches
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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.

1426-05-2022

Chatterjee et al., Environ. Sci.: Nano, 2022, 9, 189-203
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Dataset Endpoint Descriptors Data points

Dataset 1

Environ. Sci.: 

Nano, 2017, 4, 

1389

pLC50 of metal

NPs against a

human ketatinocyte

(HaCaT) cell line.

Mulliken Electro negativity of the cluster (χc), and 

the enthalpy of formation of a metal oxide nano-

cluster representing a fragment of the surface 

(ΔHc
f).

18

Dataset 2

Environ. Sci.: 

Nano, 2017, 4, 

1389

pEC50 of metal 

NPs against bacteria 

Escherichia coli.

The enthalpy of formation of gaseous cations 

having the same oxidation state as those in the 

metal oxide structure (ΔHMe+), and the charge of 

the metal cation corresponding to a given oxide 

(Me+).

17

Dataset 3

Environ. Sci.: 

Nano, 2017, 4, 

1389

pLC50 of metal 

NPs against bacteria 

Escherichia coli

under dark 

condition.

Enthalpy of formation of gaseous cations

having the same oxidation state as those in the 

metal oxide structure (ΔHMe+), and the absolute 

electro negativity of the metal oxide 

(LZELEHHO).

16
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Schematic representation of the proposed methodology
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Gaussian Kernel function similarity estimation

The function Gaussian kernel is a variant on the radial basis function kernel 

defined as:  

f =exp((−∥X−Y∥^2)/2σ2) 

Where X, Y are the input vectors and ∥𝑋−𝑌∥ is the Euclidean distance between 

two vectors.

Say X and Y are two vectors each of length n 

𝑋=||𝑋1, 𝑋2, 𝑋3 ,…, 𝑋𝑛||;  𝑌=||𝑌1, 𝑌2, 𝑌3, …, 𝑌𝑛|| 

d (X, Y) = ∥𝑋−𝑌∥ = sqrt((𝑋1−𝑌1)
2+(𝑋2−𝑌2)

2+ …+(Xn-Yn)
2)

σ is a variable number. We have predicted the toxicity 

using different values of σ (0.25, 0.5, 0.75, 1.0, 1.5, 2.0)
1726-05-2022



Laplacian Kernel function similarity estimation

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

κ (X, Y) =exp((−ϒ∥X−Y∥1) 

Where X, Y are the input vectors and ∥𝑋−𝑌∥1 is the Manhattan distance between two 

vectors.

Say X and Y are two vectors each of length n 

𝑋=||𝑋1, 𝑋2, 𝑋3 ,…, 𝑋𝑛|| 𝑌=||𝑌1, 𝑌2, 𝑌3, …, 𝑌𝑛|| 

d1 (X, Y) = ∥𝑋−𝑌∥1= (X1-Y1)+(X2-Y2)+ (X3-Y3)+ …. + (Xn-Yn)

ϒ is a variable number. We have predicted the toxicity 

using different values of ϒ (0.25, 0.5, 0.75, 1.0, 1.5, 2.0)

1826-05-2022



Euclidean distance based similarity estimation
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Validation metrics

Quantitative terms- 𝒀𝒐𝒃𝒔 𝒕𝒆𝒔𝒕 : Observed activity of test set compounds; 𝒀𝒑𝒓𝒆𝒅(𝒕𝒆𝒔𝒕): Predicted activity of test

set compounds; 𝒀𝒕𝒓𝒂𝒊𝒏𝒊𝒏𝒈: Average observed activity of training set compounds; 𝒀𝒕𝒆𝒔𝒕: Average observed

activity of test set compounds; 𝒏𝒕𝒆𝒔𝒕= number of compounds in the test set.

Quantitative validation metrics

𝐐𝐅𝟏
𝟐

𝑄𝐹1
2 = 1 −

∑(𝑌𝑜𝑏𝑠 𝑡𝑒𝑠𝑡 − 𝑌𝑝𝑟𝑒𝑑(𝑡𝑒𝑠𝑡))
2

∑(𝑌𝑜𝑏𝑠 𝑡𝑒𝑠𝑡 − 𝑌𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔)
2

𝐐𝐅𝟐
𝟐

𝑄𝐹2
2 = 1 −

∑(𝑌𝑜𝑏𝑠 𝑡𝑒𝑠𝑡 − 𝑌𝑝𝑟𝑒𝑑(𝑡𝑒𝑠𝑡))
2

∑(𝑌𝑜𝑏𝑠 𝑡𝑒𝑠𝑡 − 𝑌𝑡𝑒𝑠𝑡)
2

Root mean square 

error of prediction 

(𝐑𝐌𝐒𝐄𝐩)
𝑅𝑀𝑆𝐸𝑝 =

∑(𝑌𝑜𝑏𝑠 𝑡𝑒𝑠𝑡 − 𝑌𝑝𝑟𝑒𝑑(𝑡𝑒𝑠𝑡))
2

𝑛𝑡𝑒𝑠𝑡

26-05-2022 20



Classification-based metrics

Sensitivity (%) 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁

Specificity (%) 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃

Precision (%) 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃

Accuracy (%) 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑁 + 𝑇𝑁 + 𝐹𝑃

F-measure (%) 

(harmonic mean of 

recall)

𝐹 −𝑚𝑒𝑎𝑠𝑢𝑟𝑒 % =
2

1
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

+
1

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

G-means (geometric 

mean)
𝐺 −𝑚𝑒𝑎𝑛𝑠 = 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦𝑋𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

Cohen’s kappa (K)

𝑃𝑟 𝑎 =
(𝑇𝑃 + 𝑇𝑁)

(𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁)

𝑃𝑟 𝑒 =
𝑇𝑃 + 𝐹𝑃 𝑋 𝑇𝑃 + 𝐹𝑁 + { 𝑇𝑁 + 𝐹𝑃 𝑋 𝑇𝑁 + 𝐹𝑁 }

(𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃 + 𝑇𝑁)2

𝐶𝑜ℎ𝑒𝑛′𝑠 𝐾 =
𝑃𝑟 𝑎 − 𝑃𝑟(𝑒)

1 − 𝑃𝑟(𝑒)

Matthews correlation 

coefficient (MCC)
𝑀𝐶𝐶 =

𝑇𝑃𝑋𝑇𝑁 − (𝐹𝑃𝑋𝐹𝑁)

𝑇𝑃 + 𝐹𝑃 𝑋 𝑇𝑃 + 𝐹𝑁 𝑋 𝑇𝑁 + 𝐹𝑃 𝑋 (𝑇𝑁 + 𝐹𝑁)

Classification-based terms-

𝑻𝑷: True positive; 𝑻𝑵: True

negative; 𝑭𝑷: False positive;

𝑭𝑵 : False negative; 𝑷𝒓 𝒂 :

relative observed agreement

between the predicted

classification of the model and

the known classification;

𝑷𝒓 𝒆 :hypothetical probability

ofchance agreement.

26-05-2022 21
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Software Development – A Java based application for quantitative read across

•A java based application has been developed.

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

•User has to provide σ value, ϒ 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.

Input files: Train.xlsx Test.xlsx

Software: Quantitative Read Across for Nanotoxicity Prediction available at

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

26-05-2022

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


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

Sort.xlsx

Biological Activity.xlsx

26-05-2022



Results and Discussion

Toxicity prediction by Euclidean distance-based similarity estimation

Dataset

No. of 

compounds in 

training set

𝑸𝑭𝟏
𝟐 𝑸𝑭𝟐

𝟐 𝑹𝑴𝑺𝑬𝒑

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
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Toxicity prediction by Gaussian kernel function similarity estimation

Sigma (σ) optimisation

GAUSSIAN KERNEL

Sigma value Q2F1 Q2F2 RMSEP Q2F1 Q2F2 RMSEP Q2F1 Q2F2 RMSEP

σ = 0.25 0.41 0.39 0.18 0.89 0.89 0.19 0.85 0.80 0.48

σ = 0.50 0.71 0.70 0.12 0.91 0.91 0.17 0.92 0.89 0.36

σ = 0.75 0.87 0.86 0.08 0.90 0.90 0.18 0.92 0.90 0.35

σ = 1.00 0.85 0.85 0.09 0.86 0.86 0.21 0.87 0.83 0.45

σ = 1.50 0.65 0.64 0.14 0.64 0.64 0.34 0.70 0.59 0.69

σ = 2.00 0.46 0.45 0.17 0.46 0.46 0.42 0.52 0.35 0.87

Dataset 1 Dataset 2 Dataset 3
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Toxicity prediction by Laplacian kernel similarity estimation

Gamma (γ) optimisation

LAPLACIAN KERNEL

Gamma value Q2F1 Q2F2 RMSEP Q2F1 Q2F2 RMSEP Q2F1 Q2F2 RMSEP

γ = 0.25 0.36 0.34 0.19 0.40 0.40 0.44 0.42 0.22 0.95

γ = 0.50 0.60 0.59 0.15 0.67 0.67 0.33 0.67 0.56 0.72

γ = 0.75 0.73 0.72 0.12 0.81 0.81 0.25 0.81 0.74 0.55

γ = 1.00 0.79 0.79 0.11 0.87 0.87 0.21 0.87 0.83 0.45

γ = 1.50 0.79 0.79 0.11 0.90 0.90 0.18 0.91 0.88 0.38

γ = 2.00 0.73 0.72 0.12 0.91 0.91 0.17 0.91 0.87 0.38

Dataset 1 Dataset 2 Dataset 3
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Effects of number of close training compounds on the toxicity prediction in new 

algorithm
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Figure. a) Bar diagram

representing the effect of

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.

26-05-2022 29



Distance and similarity threshold optimization for the new 

similarity based read-across algorithm

Dataset 1

Threshold EUC GK LK EUC GK LK EUC GK LK

D=0.4, S=0.0 0.96 0.87 0.79 0.96 0.86 0.79 0.05 0.08 0.11

D=0.4, S=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

Q2F1 Q2F2 RMSEP

Dataset 2

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, S=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

Q2F1 Q2F2 RMSEP
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Dataset 3

Threshold EUC GK LK EUC GK LK EUC GK LK

D=0.4, S=0.0 0.96 0.92 0.91 0.95 0.90 0.88 0.23 0.35 0.38

D=0.4, S=0.1 0.96 0.92 0.90 0.95 0.89 0.86 0.23 0.35 0.40

D=0.5, S=0.0 0.95 0.92 0.91 0.93 0.90 0.88 0.28 0.35 0.38

D=0.5, S=0.1 0.95 0.92 0.90 0.93 0.89 0.86 0.28 0.35 0.40

D=0.6, S=0.0 0.83 0.92 0.91 0.77 0.90 0.88 0.51 0.35 0.38

D=0.6, S=0.1 0.83 0.92 0.90 0.77 0.89 0.86 0.51 0.35 0.40

D=0.7, S=0.0 0.82 0.92 0.91 0.76 0.90 0.88 0.53 0.35 0.38

D=0.7, S=0.1 0.82 0.92 0.90 0.76 0.89 0.86 0.53 0.35 0.40

Q2F1 Q2F2 RMSEP

𝑸𝑭𝟏
𝟐
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𝑸𝑭𝟐
𝟐

𝑹𝑴𝑺𝑬𝒑
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Evaluation of similarity-based read-across algorithm by 

classification-based metrics
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Comparison of performance of new similarity-based 

algorithm with previously published in silico models

1. A. Gajewicz, Environ. Sci. Nano, 2017, 4, 1389–1403.

2. A. Gajewicz, N. Schaeublin, B. Rasulev, S. Hussain, D. Leszczynska, T. Puzyn and J. Leszczynski, Nanotoxicology, 2015, 9, 313–325.

3. T. Puzyn, 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, 175–178.

4. K. Pathakoti, M. J. Huang, J. D. Watts, X. He and H. M. Hwang, J. Photochem. Photobiol. B Biol., 2014, 130, 234–240.
26-05-2022 34



Comparison of performance of new similarity-based 

algorithm with previously published in silico models

Figure:

Graphical representation of

external validation metrics

(Q2
F2, RMSEP) obtained

from the new similarity

based methods and

previously published

methods (QRAPC and

Nano-QSAR)
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Summary of Nano-read-across studies
 A new quantitative read-across algorithm based on various similarity estimation techniques was

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.

 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.

26-05-2022 36
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WORKFLOW
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OPTIMIZATION
Final Setting for 

Prediction

Test Set

** - Number of similar training compounds

Training set

Sub-Training
Set

Validation
set

1. The training set is split based 

on Euclidean distance method , 
into Sub-training set and 

Calibration set

2. Sub-training set and 
Calibration set are used to 

optimize the hyperparameters 
of the similarity functions. The 
function with best validation 

statistics was noted.

3. After optimization, this 
setting is applied on the full 
training set and test set for 

predictions.

4. The no. of similar training 
compound was then tweaked to 

get better predictions and 
validation metrics. Best one was 

deemed as final setting.

(11 compounds)(34 compounds)

(8 compounds)(26 compounds)

Training and test 
sets are split based 

on Euclidean 
Distance Method

Endpoint:
pEC50

against 
Folsomia
candida

- Values selected

75 % 25 %

75 % 25 %

Read across prediction of soil ecotoxicity against Folsomia candida

Pal et al, unpublished work



Results
• At the final setting

Yeuc(Test) Ygk(Test) Ylk(Test)

Q2
F1

0.7613 0.7747 0.7393

Q2
F2

0.7007 0.7174 0.6731

RMSEP
0.7668 0.7449 0.8012

Gaussian kernel based 
function was found to be 

best here

σ = 2.00
γ = 1.25

No. of similar
Training
Compounds = 3
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Hyperparameter 
optimisation

• Sigma value
• Gamma value
• Number of close 

training set
• Distance threshold
• Similarity threshold 

HYPERPARAMETERS

Target/test 
Compounds

(11 compounds)

Read-across prediction
using different validation 

metrics (𝑸𝑭𝟏
𝟐 , 𝑸𝑭𝟐
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• The antiviral dataset consists of 44 compounds
• 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 prediction

Combination 
No.

FEATURES

M1 nROR, F06[C-Cl], NsNH2, 
VE1sign_Dz(p)

M2 nROR, F06[C-Cl], NsNH2, nRCOOR

M3 nROR, F06[C-Cl], NsNH2, VE1_B(e)

M4 nROR, F06[C-Cl], NsNH2, VE1_H2

HYPERPARAMETER OPTIMISATION

Combination 
No.

Sigma value
Gamma 
value

No. of close 
training 
compounds

Distance 
threshold

Similarity 
threshold

M1 1.5 1.5 10 0.5 0

M2 1 1 10 0.6 0

M3 0.75 1.5 10 0.5 0

M4 0.75 1.75 10 0.6 0

• READ ACROSS PREDICTION RESULTS

Validation 

metrics

M1 M2 M3 M4

Pred 

Yeuc

Pred 

Ygk

Pred 

Ylk

Pred 

Yeuc

Pred 

Ygk

Pred 

Ylk

Pred 

Yeuc

Pred 

Ygk

Pred 

Ylk

Pred 

Yeuc

Pred 

Ygk

Pred 

Ylk

𝑸𝑭𝟏
𝟐

0.879 0.893 0.909 0.870 0.912 0.911 0.862 0.912 0.892 0.722 0.931 0.932

𝑸𝑭𝟐
𝟐

0.878 0.893 0.909 0.870 0.912 0.911 0.862 0.912 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

MODEL FEATURES



Reliability of Quantitative Read-Across Predictions

Confidence 

measures
SD_activity

Concordance 

measure (g)

Abs(MaxPos-MaxNeg)

Average similarity

𝟗𝟓% 𝒄𝒐𝒏𝒇𝒊𝒅𝒆𝒏𝒄𝒆 𝒊𝒏𝒕𝒆𝒓𝒗𝒂𝒍 𝒐𝒇 𝒓𝒆𝒂𝒅 − 𝒂𝒄𝒓𝒐𝒔𝒔 𝒑𝒓𝒆𝒅𝒊𝒄𝒕𝒊𝒐𝒏𝒔 = 𝒘𝒆𝒊𝒈𝒉𝒕𝒆𝒅 𝒂𝒗𝒆𝒓𝒂𝒈𝒆 + 𝒕𝟗𝟓% ×
𝒔𝒘𝒆𝒊𝒈𝒉𝒕𝒆𝒅

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