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QSAR a QSPR modely — zakladni principy
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Ukazka QSAR — predikce toxicity

(Q)SAR

(Quantitative) Structure-Activity
Relationship

IN SILICO



QSAR Modeling of Rat Acute Toxicity by Oral Exposure

Hao Zhu''¥, Todd M. Martin$, Lin Yet¥, Alexander Sedykh?, Douglas M. Young$, and
Alexander TropshaT’:I:’

TCarolina Environmental Bioinformatics Research Center

HLaboratory for Molecular Modeling, Division of Medicinal Chemistry and Natural Products, School
of Pharmacy

SSustainable Technology Division, National Risk Management Research Laboratory, Office of
Research and Development, United States Environmental Protection Agency

Abstract

Few Quantitative Structure-Activity Relationship (QSAR) studies have successfully modeled large,
diverse rodent toxicity endpoints. In this study, a comprehensive dataset of 7,385 compounds with
their most conservative lethal dose (LDsg) values has been compiled. A combinatorial QSAR
approach has been employed to develop robust and predictive models of acute toxicity in rats caused
by oral exposure to chemicals. To enable fair comparison between the predictive power of models
generated in this study versus a commercial toxicity predictor, TOPKAT (Toxicity Prediction by
Komputer Assisted Technology), a modeling subset of the entire dataset was selected that included
all 3,472 compounds used in the TOPKAT’s training set. The remaining 3,913 compounds, which
were not present in the TOPKAT training set, were used as the external validation set. QSAR models
of five different types were developed for the modeling set. The prediction accuracy for the external
validation set was estimated by determination coefficient R of linear regression between actual and
predicted LD5q values. The use of the applicability domain threshold implemented in most models
generally improved the external prediction accuracy but expectedly led to the decrease in chemical
space coverage; depending on the applicability domain threshold, R? ranged from 0.24 to 0.70.
Ultimately, several consensus models were developed by averaging the predicted LDs( for every
compound using all 5 models. The consensus models afforded higher prediction accuracy for the
external validation dataset with the higher coverage as compared to individual constituent models.
The validated consensus LDy models developed in this study can be used as reliable computational
predictors of in vivo acute toxicity.

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2796713/
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Abstract

Both qualitative and quantitative modeling methods relating
chemical structure to biological activity, called structure-
activity relationship analyses or SAR, are applied to the
prediction and characterization of chemical toxicity. This
minireview will discuss some generic issues and modeling
approaches that are tailored to problems in toxicology. Different
approaches to, and some facets and limitations of the practice
and science of, SAR as they pertain to current toxicology
analyses, and the basic elements of SAR and SAR-model
development and prediction systems are discussed. Other topics
include application of 3-D SAR to understanding of the
propensity of chemicals to cause endocrine disruption, and the
use of models to analyze biological activity of metal ions in
toxicology. An example of integration of knowledge pertaining
to mechanisms into an expert system for prediction of skin

https://academic.oup.com/toxsci/article/56/1/8/164604 1/The-Practice-of-Structure-Activity-Relationships
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Ukazka QSPR — predikce disociacni konstanty

QSPR

Quantitative Structure-Property
Relationship
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Predicting pK, values from EEM atomic
charges

Radka Svobodové Varekovd', Stanislav Geidl', Crina-Maria lonescu’, Ondtej Skfehota,
Tomés Bouchal', David Sehnal!, Ruben Abagyan? and Jaroslav Ko¢a'”

Abstract

The acid dissociation constant pK; is a very important molecular property, and there is a strong interest in the
development of reliable and fast methods for pK; prediction. We have evaluated the pK, prediction capabilities of
QSPR models based on empirical atomic charges calculated by the Electronegativity Equalization Method (EEM).
Specifically, we collected 18 EEM parameter sets created for 8 different quantum mechanical (QM) charge calculation
schemes. Afterwards, we prepared a training set of 74 substituted phenols. Additionally, for each molecule we
generated its dissociated form by removing the phenolic hydrogen. For all the molecules in the training set, we then
calculated EEM charges using the 18 parameter sets, and the QM charges using the 8 above mentioned charge
calculation schemes. For each type of QM and EEM charges, we created one QSPR model employing charges from the
non-dissociated molecules (three descriptor QSPR models), and one QSPR model based on charges from both
dissociated and non-dissociated molecules (QSPR models with five descriptors). Afterwards, we calculated the quality
criteria and evaluated all the QSPR models obtained. We found that QSPR models employing the EEM charges proved
as a good approach for the prediction of pK, (63% of these models had R? > 0.9, while the best had R? = 0.924). As
expected, QM QSPR models provided more accurate pK;, predictions than the EEM QSPR models but the differences
were not significant. Furthermore, a big advantage of the EEM QSPR models is that their descriptors (i.e.,, EEM atomic
charges) can be calculated markedly faster than the QM charge descriptors. Moreover, we found that the EEM QSPR
models are not so strongly influenced by the selection of the charge calculation approach as the QM QSPR models.
The robustness of the EEM QSPR models was subsequently confirmed by cross-validation. The applicability of EEM
QSPR models for other chemical classes was illustrated by a case study focused on carboxylic acids. In summary, EEM
QSPR models constitute a fast and accurate pK; prediction approach that can be used in virtual screening.

Keywords: Dissociation constant, Quantitative structure-property relationship, QSPR, Partial atomic charges,
Electronegativity equalization method, EEM, Quantum mechanics, QM

https://jcheminf.springeropen.com/articles/10.1186/1758-2946-5-18
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Princip QSAR a QSPR modelu

Chemoinformaticky nastroj pro vypocet aktivity
nebo vlastnosti na zaklade struktury

Obecneé schéma:
éise|ny popis __ Aktivita (vlastnost) =

struktura — :
(deskriptory) funkce (deskriptory)

llustrativni priklad

v #E?
ze zivota: T ﬁ

BMI = vaha / vySka?
— BMI (Body Mass Index):
Podvaha: BMI < 18,5

8

Télo ¢lovéka Vys$ka a vaha Obezita: BMI > 30
Priklad realné off
aplikace: q% / —

< Qo1 Ch-du*+ a Cc1 jSOU
Co-do * parametry
3D struktura molekuly Naboje na atomech Cc1-er modelu




Molekula, jeji struktura, deskriptor a model

molekula a jeji struktura

matematicka, logicka nebo statisticka operace

deskriptory

100 4.6
8.2

black model
0]0) 4



Tvorba modelu - schématicky

tréeninkova testovaci
sada sada

tvorba modelN //alidace modelu

model



Tvorba modelu — best practicies

Studijni materialy > Clanky > QSAR_best_practices.pdf

Multiple

Splitinto
training, test

Onlyretain
models that

e pass both,
screening using internaland
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Experimental

http://onlinelibrary.wiley.com/doi/10.1002/minf.201000061/abstract
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Datova sada

molekuly a jejich experimentalni aktivita nebo vlastnost,
kterou hodlame predikovat

struktura molekuly (nejméne SMILES)
dalsi kriteria na datovou sadu:
sada je dostateCne rozsahla
molekuly jsou dostatecne chemicky ruznorodé

hodnoty vlastnosti nebo aktivity musi byt dostatecne
ruznorodé



Zakladni aspekty Cisteni datove sady

- kontola molekul

- odstraneni duplicitnich struktur

. odstraneni nadbytecnych informaci ze struktury

- validace struktur (vazebné délky, pocCet vazeb, ...)
- kontrola vlastnosti

- spravnost prirazeni, ...
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Cisteni datove sady

SOFTWARE

Removal of mixtures, inorganics ChemAxon - Standardizer

""E;l';a eventually organometallics) Openékye - Filter

Structural conversion

Cleaning/removal of salts
ChemAxon - Standardizer

LA AR R RN L L L L

Normalization of OpenBabel
specnﬂc chemotypes Molecular Networks -
CHECK.TAUTOMER
______ Treatment of
tautomeric forms

ISIDA - Duplicates

¥ SEsdeseRaraRrIRAIRERRAIRRS

CURATED DATASET

Analysis/removal of duplicates HiT QSAR
CCG - MOE

anual Inspection ISIDA - EJiISDF
Hyleos - ChemFileBrowser

OpenBabel

ChemAxon - MarwinView



Kriteria kvality modelu



Kvalita QSAR/QSPR modelu

. kvalitu modelu muzeme posuzovat podle dvou kritérii
(1) kvalitu modelu na tréninkove sadée dat

reprodukce — data byla pouzita pro nauceni
modelu

jak moc dobré modely jsme pripravili?
2 kvalitu modelu na testovaci sade dat

predikce (na novych datech) — data nebyla pouzita
na parametrizaci modelu

|aka je predikcni sada molekul?



Kvalita QSAR/QSPR modelu
reprodukce a predicke

nekvalitni model kvalitni model
na tréninkove na treninkové sadé
sade dat dat

kvalithi model
na testovaci
sade dat

— KVALITNI MODEL




Kvalita QSAR/QSPR modelu — pfeuceni

equation tailored
Predictibility o to training set
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Kvalita na zaklade chyb modelu

. chyby, rozdily mezi predikovanou a namerenou
hodnotou = residua, nevysvéetlitelna cast modelu

perp Pcalc error — PeTP _ Pcalc

pK ¢*P | pK cale error
10.0 10.1 —0.1

- vyjadfujeme pomoci R?, adjR?, RMSE, MAE a F



Pearsonuv korelacni koeficient — vzorec

N
> ((Pgete — Peate) - (PP — pear))

| S P P S (7 = P

1=1 1=1

Pecale priimérna vypoéitand hodnota,
PP prumérna experimentalni hodnota

Nabyva hodnot od -1 do 1.



Pearsonuv korelacni koeficient — ukazka

p=-1 -1< p <0
0< p <+1 p=+1 p=0
1 02 0.4 (] -0.4 | -0.8 -1
1 1l 1 -1 1 1



Koeficient determinace RZ - definice

.+ Lezi vintervalu <0;1> a udava jaky podil rozptylu v
pozorovani zavislé promenne se podarilo regresi
vysvetlit (vetSi hodnoty znamenaji vetsi uspesnost).

. Mozna interpretace koeficientu R? je z kolika procent
vysvetluji regresory (deskriptory) hodnotu zavisle
promenne (predikovaneé aktivity/vlastnosti).



Koeficient determinace R? - vzorec

Residual sum of Squares
RSS — S:i\f | errore — S:z 1(Pcalc - Peazp)Z

(

Total sum of squares: T'SS = S‘ (PP E)exp)Z
Explained sum of squares: ESS = (Pcalc — peale)?

N calc pcalc
RQZZZ':l(Pi l — P l)2

SLL(PFT =P S (P Py




Korigovany koeficient determinace adjR?

. pokud do modelu pfidame deskriptor, hodnota R?
nemuze klesnout, proto se nekdy pouziva tzv.
korigovany koeficient determinace (adjusted
coefficient of determination), ktery zohlednuje pocet

deskriptoru

) N —1
R°=1—(1—- R?
( )N—k—l

kde NV je velikost sady, k pocet deskriptoru



RMSE
root mean square error (deviation)

> error?

RMSE = \/mean(error?) = \/ ~ = \




MAE
mean absolute error

N
Pcalc . epx
> |error] ;:: ‘ B
MAFE = mean(abs(error)) =

N N



Test vyznamnosti modelu F

o N_k+1RSS-TSS N-k+1 R*

k TSS k 1 — R?



Predpokladané hodnoty pro kvalitni modely

Kvalitni model by mel splnovat tato kritéria:

vysoké hodnoty R?(>0.8)a F

) 4 1 4 20
nizke hodnoty RMSE a MAE anvert
« Test
15 | ——Linear (Test)
Train/Verify Set
N = 25509
10 - RMSE = 0.475
MAE = 0.345
y =1.007x - 0.044
R"2=0.975
5 -
0 - E . Test Set
. : N= 8131
o RMSE = 0.479
s MAE = 0.339
-5 - . agtens y =1.004x - 0.027
‘e . R*2=10.974
-10

-10 -5 0 5 10 15 20



Rozdeleni datove sady - terminologie

reprodukce predikce

tréeninkova testovaci

sada sada

tvorba modelu validace modelu

R? Q?




Krizova validace
Cross validation

.V pripade mensi sady molekul

. nejcasteji se pouziva tzv. k-fold cross validation; priklad
5-fold:
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