QMRF identifier (JRC Inventory): To be entered by JRC

QMREF Title: Thyroperoxidase Inhibitory Activity

TS
NF

Printing Date: Apr 1, 2020

.f\/' A .J'_I, :: ,L

1.QSAR identifier

1.1. QSAR identifier (title):

Thyroperoxidase Inhibitory Activity (OBERON) (version 1.0.1)
1.2. Other related models:
1.2. Software coding the model:

VEGA (https://www.vegahub.eu/)

The VEGA software provides QSAR models to predict tox, ecotox, environ, phys-chem and toxicokinetic
properties of chemical substances.

emilio.benfenati@marionegri.it

2.General information

2.1. Date of QMRF:
03/07/2023
2.2. QMRF author(s) and contact details:

Marco Marzo IRCCS-Istituto di Ricerche Farmacologiche Mario Negri Via La Masa 19, 20156 Milano, Italy
marco.marzo@marionegri.it https://www.marionegri.it/

Emilio Benfenati IRCCS-Istituto di Ricerche Farmacologiche Mario Negri Via La Masa 19, 20156 Milano, Italy
emilio.benfenati@marionegri.it https://www.marionegri.it/

2.3. Date of QMRF update(s):
NA
2.4. QMRF update(s):
NA
2.5. Model developer(s) and contact details:

Domenico Gadaleta IRCCS-Istituto di Ricerche Farmacologiche Mario Negri Via La Masa 19, 20156 Milano, Italy
Domenico.gadaleta @marionegri.it https://www.marionegri.it/
2.6. Date of model development and/or publication:
12 August 2021
2.7.Reference(s) to main scientific papers and/or software package:
[1] Gadaleta D, d’Alessandro L, Marzo M, Benfenati E and Roncaglioni A (2021) Quantitative Structure-

Activity Relationship Modeling of the Amplex Ultrared Assay to Predict Thyroperoxidase Inhibitory Activity.
Front. Pharmacol. 12:713037. doi: 10.3389/fphar.2021.713037

2.8.Availability of information about the model:
Prediction interface and validation results available at https://www.vegahub.eu.
2.9.Availability of another QMRF for exactly the same model:

3.Defining the endpoint - OECD Principle 1

3.1.Species:

Homo sapiens

3.2.Endpoint:

Thyroperoxidase Inhibitory Activity


mailto:emilio.benfenati@marionegri.it
https://www.marionegri.it/
https://www.marionegri.it/
https://www.vegahub.eu/

3.3.

Comment on endpoint:

Thyroperoxidase Inhibitory Activity classification is calculated starting from in vitro data Amplex UltraRed-
thyroperoxidase (AUR-TPO) assay

3.4.

Endpoint units:

Active/lInactive prediction (classification)

3.5.

Dependent variable:

Thyroperoxidase Inhibitory Activity

3.6.

NA

3.7.

Experimental protocol:

Endpoint data quality and variability:

TPO inhibition data were retrieved from Paul-Friedman et al. (2014) [2] and (2016) [3] and from Rosenberg et al.
(2017) [4]. Data are related to the Amplex UltraRed-thyroperoxidase (AUR-TPQO) assay.

SMILES were curated by means of a semiautomated

in-house procedure described by Gadaleta et al. (2018a) [5].

4.Defining the algorithm - OECD Principle 2

41.

Type of model:

Classification model

4.2,

Explicit algorithm:

k-NN based on descriptors classification model

43.

Descriptors in the model:

Descriptors are calculated with DRAGON v7.0.8 software (Kode, 2017) [6]

4.4,

Descriptor selection:

Descriptors were selected with different techniques: missing value filter, High correlation filter, and variable
importance, for detailed description see the paper

4.5.

4.6.

Algorithm and descriptor generation:
DRAGON v7.0.8 software (Kode, 2017) [6]
Software name and version for descriptor generation:

DRAGON v7.0.8 software (Kode, 2017) [6]

4.7.

Chemicals/Descriptors ratio:
NA

5.Defining the applicability domain - OECD Principle 3

5.1.

Description of the applicability domain of the model:

The AD is assessed using the original algorithm implemented within VEGA. An overall AD index is calculated,
based on a number of parameters, which relate to the results obtained on similar chemicals within the training
and test sets (c.f. below section 5.2 where it is described how the ADI is calculated for this model)

ADI is defined in this way for this QSAR model’s predictions:

If 1 2 AD index > 0.9, the predicted substance is regarded in the Applicability Domain of the model. It
corresponds to “good reliability” of prediction.

If 0.9 = AD index > 0.65, the predicted substance could be out of the Applicability Domain of the model. It
corresponds to “moderate reliability” of prediction.

If AD index < 0.65, the predicted substance is regarded out of the Applicability Domain of the model. It
corresponds to “low reliability” of prediction.

Indices are calculated on the first k = 2 most similar molecules, each having Sk similarity value with the
target molecule. For the purpose of classification statistics, all different active (toxicant) classes are mapped
into a unique active class, versus the single non-toxicant class.

Similarity index (/dxSimilarity) is calculated as:




2 Sk
k

x (1 — Diam?)

where Diam is the difference in similarity values between the most similar molecule and the k-th molecule.
Accuracy index (/dxAccuracy) is calculated as:

Yclog(1+5,)
Yrlog(1+Sy,)

where the molecules with ¢ index are the subset of the k molecules where the prediction of the model
matches with the experimental value of the molecule.

Concordance index (/dxConcordance) is calculated as:

dclog(1+5,)
Yrlog (1 +Sy)

where the molecules with ¢ index are the subset of the kK molecules where the experimental value of the
molecule matches with the prediction made for the target molecule.

ACF contribution (/dxACF) index is calculated as
ACF = rare X missing

where: rare is calculated on the number of fragments found in the molecule and found in the training set in
less than 3 occurences as following: if the number is O, rare is set to 1.0; if the number is 1, rare is set to
0.6; otherwise rare is setto 0.4

missing is calculated on the number of fragments found in the molecule and never found in the training set
as following: if the number is 0, missing is set to 1.0; if the number is 1, missing is set to 0.6; otherwise
missing is setto 0.4

AD final index is calculated as following:

ADI = (IdxSimilarity®> x IdxAccuracy®?® x IdxConcordance®?®) x IdxACF

5.2. Method used to assess the applicability domain:

The chemical similarity is measured with the algorithm developed for VEGA. Full details in the VEGA website
(www.vegahub.eu), including the open access paper describing it [1]. The AD also evaluates the correctness
of the prediction on similar compounds (accuracy), the consistency between the predicted value for the target
compound and the experimental values of the similar compounds, the range of the descriptors, and the
presence of unusual fragments, using atom centred fragments.

These indices are defined in this way for this QSAR model:

Similar molecules with known experimental value:

This index takes into account how similar are the first two most similar compounds found. Values near 1
mean that the predicted compound is well represented in the dataset used to build the model, otherwise the
prediction could be an extrapolation. Defined intervals are:

If 1 2 index > 0.85, strongly similar compounds with known experimental value in the training set have been
found

If 0.85 = index > 0.75, only moderately similar compounds with known experimental value in the training set
have been found

If index < 0.75, no similar compounds with known experimental value in the training set have been found



Accuracy (average error) of prediction for similar molecules:

This index takes into account the classification accuracy in prediction for the two most similar compounds
found. Values near 1 mean that the predicted compounds fall in an area of the model's space where the
model gives reliable predictions (no misclassifications), otherwise the lower is the value, the worse the model
behaves. Defined intervals are:

If index < 0.5, accuracy of prediction for similar molecules found in the training set is good

If 0.85 > index 20.5, accuracy of prediction for similar molecules found in the training set is not optimal

If index = 0.85, accuracy of prediction for similar molecules found in the training set is not adequate

Concordance for similar molecules:

This index takes into account the difference between the predicted value and the experimental values of the
two most similar compounds. Values near 0 mean that the prediction made disagrees with the values found
in the model's space, thus the prediction could be unreliable. Defined intervals are:

If index < 0.5, molecules found in the training set have experimental values that agree with the target
compound predicted value

If 0.85 > index = 0.5, similar molecules found in the training set have experimental values that slightly disagree
with the target compound predicted value

If index = 0.85, similar molecules found in the training set have experimental values that completely disagree
with the target compound predicted value

Atom Centered Fragments similarity check:

This index takes into account the presence of one or more fragments that aren't found in the training set, or
that are rare fragments. First order atom centered fragments from all molecules in the training set are
calculated, then compared with the first order atom centered fragments from the predicted compound; then
the index is calculated as following

If index = 1, all atom centered fragment of the compound have been found in the compounds of the training
set

If 1 >index = 0.7, some atom centered fragment of the compound have not been found in the compounds of
the training set or are rare fragments

If index < 0.7, a prominent number of atom centered fragments of the compound have not been found in the
compounds of the training set or are rare fragments

5.3. Software name and version for applicability domain assessment:
VEGA (www.vegahub.eu)
5.4. Limits of applicability:

VEGA provides a quantitative value for the prediction of each substance. This helps the user to identify
potential critical aspects, which are indicated. Similar compounds are shown.

6.Internal validation - OECD Principle 4




6.1. Availability of the training set:
Yes
6.2. Available information for the training set:
CAS RN: No
Chemical Name: No
Smiles: Yes
Formula: No
INChI: No
MOL file: No
NanoMaterial: No
6.3. Data for each descriptor variable for the training set:
All
6.4. Data for the dependent variable for the training set:
All
6.5. Other information about the training set:
The dataset was composed of 1073 substances
6.6. Pre-processing of data before modelling:

data were randomly split into a training (TrS) and a testing set (TeS) with the train_test_split method of the
SciKit-learn’s model selection library [66].

6.7. Statistics for goodness-of-fit:
Sensitivity 0.87, Specificity 0.85, Balanced Accuracy 0.86, MCC 0.6

6.8. Robustness - Statistics obtained by leave-one-out cross-validation:
NA

6.9. Robustness - Statistics obtained by leave-many-out cross-validation:
NA

6.10. Robustness - Statistics obtained by Y-scrambling:
NA

6.11. Robustness - Statistics obtained by bootstrap:
NA

6.12. Robustness - Statistics obtained by other methods:
NA

7.External validation - OECD Principle 4

7.1. Availability of the external validation set:
Yes
7.2. Available information for the external validation set:
CAS RN: No
Chemical Name: No
Smiles: Yes
Formula: No
INChI: No
MOL file: No
NanoMaterial: No
7.3. Data for each descriptor variable for the external validation set:
All



7.4. Data for the dependent variable for the external validation set:
All
7.5. Other information about the external validation set:
The dataset was composed of 631 substances
7.6. Experimental design of test set:
NA
7.7. Predictivity - Statistics obtained by external validation:
Sensitivity 0.68, Specificity 0.88, Balanced Accuracy 0.78, MCC 0.49
7.8. Predictivity - Assessment of the external validation set:
NA
7.9. Comments on the external validation of the model:
NA

8.Providing a mechanistic interpretation - OECD Principle 5

8.1. Mechanistic basis of the model:
The model is based on similarity of descriptors.
8.2.A priori or a posteriori mechanistic interpretation:
8.3. Other information about the mechanistic interpretation:

9.Miscellaneous information

9.1. Comments:
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9.3. Supporting information:

Training set(s)Test set(s)Supporting information:
All available datasets are present in the model inside the VEGA software
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