QSPR I

Pokrocila chemoinformatika



PARAMETRIZACE



Parametrizace neboli uceni modelu

* linearni, logisticka, zobecnéna regrese

 MLR (Multiple Linear Regression)

e KNN (K-Nearest Neighbors)

* Decision Tree

 ASNN (ASsociative Neural Networks)
* Naive Bayes



Linearni regrese

e proménné X ay, hledame takové a a b, které
nejlépe popise vzajemny linearni vztah

y=ax+b

12.0

* Pouzivame metodu
nejmensich Ctvercu pro
minimalizaci vysledné
sumy vzdalenosti bodu
od primky
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MLR - princip
multilinearni regrese

coefficients

Y

ACTiViTy = bo + bix1 + boxo + baxs + ... + bpXn




MLR - duvod
multilinearni regrese

bad model

good model

model

log 1/C€ = 0.009 Es + 3.411

log 1/C = -0.626 o + 3.314

log 1/C = -0.078 logP + 3.432

log 1/C = -0.210 logP - 2.214 & + 3.154

log 1/C = 0.21 Es - 0.238 logP - 3.81 ¢ + 3.046




MLR — maticovy zapis

multilinearni regrese

Y = b1X1 + bzXz + b3X3 6y o mem + e

m
Y = E ijj + e
J=1

Matrix notation: VY=x'b + e



MLR — hledame b |
multilinearni regrese




MLR — hledame b Il
multilinearni regrese

The transposed of the original
descriptors matrix. A transposed The 2 (" indicates

matrix replaces columns with ot iAversion

rows and vice versa. S

I

I

The unknown vector The original The known vector
of coefficients descriptors matrix of activities




KNN (K-Nearest Neighbors)

o/

Algoritmus k-nejblizsich sousedu
patfi mezi nejjednodussi “machine lerning”
algoritmy
muze slouzit ke klasifikaci nebo predikci
pokud budeme klasifikovat zelené kolecko
podle 3-KK (bereme v Uvahu 3 sousedy)

bude patfit do trojuhelnika, 5 4.
v 5-KK do ¢tvercl )

\'& 4 \'4 - |"Il- \‘\\n
v pripade regrese se hodnota ;
bude pocitat na zakladé

nejblizSich sousedu a vzdalenosti




Decision Tree

Rozhodovaci stromy

* muze slouzit ke klasifikaci (classification trees)
nebo predikci (regression trees)

e V téchto stromovych strukturach predstavuji
listy (leafs) tridy a vetve

E is sex male? n

predstavuji spojky mezi / i
tndam' is age > 9.57 surwved'
\ 0.73 36%
\died, is sibsp > 2.5?

0.17 61%
Zdroj: wiki | A tree showing survival of passengers on the i ‘_\
died

Titanic ("sibsp" is the number of spouses or siblings aboard). (o
The figures under the leaves show the probability of survival —t

. : 0.05 2% 0.89 2%
and the percentage of observations in the leaf.




Decission tree — priklad
predikce mutagenity

32 polycyclic aromatic

hydrocarbons (PAH)
< 0.3325 ‘Gs >0.3325
< 0.2045 Gs >0.2045
<0.015 Rom+ >0.015

Gs: G total symmetry index/weighted by atomic electrotopological states (3D-WHIM descriptor)
R5m+: R maximal autocorrelation of lag 5/weighted by atomic masses (3D-GETAWAY descriptor)

Zdroj: P. Gramatica, E. Papa, A. Marrocchi, L. Minuti, A. Taticchi, Ecotoxicology and
Environmental Safety 2007, 66(3), 353-361.



ASNN (ASsociative Neural Networks)

 Statistické metody pouzivaji informace a
“uceni”.

* Mozek ale nepotrebuje zadné statistickeé
metody pro uceni.

* Neuronove sité simuluji nervovy systém za
pouziti algoritmu a matematickych modeld.



NN — black box?
\\ |/

A black box ?

/N

output



NN — black box? NE!

NN\

funkcni
jednotky
NEURONY

/N

output



Biologicky neuron

Dendrites

Axon terminal

Adapted from Wikipadia

Cell body

The human nervous system has ca. 101> neurons.
Transmission of an electric signal between dendrites
and axons occurs through the transport of ions.



Biologicky
neuron

Neurons in the superficial layers of the visual cortex in

the brain of a mice.
PLoS Biology Vol. 4, No. 2, e29 DOI: 10.1371/journal.pbio.0040029



Co je dulezité pro neurony?



SIT (NETWORK)

Co je dulezité pro neurony?



Prenos signalu

Signal s received from a
previous neuron

W Synapse with weight w

Signal p arriving at the neuron

P=WS " atter crossing a synapse

|

In artificial neurons, the synaptic strength is called weight.



Synapse a uceni

* Uceni a pameét jsou povazovany za vysledek
dlouhodobych zmén synaptickeé sily.

* V umélych neuronovych sitich dochazi k
uceni opravou vahy.



Neuronové site

Input data ‘

Input layer

Hidden layer \

Output layer ‘

Output values |




KVALITA MODELU



Kvalita QSPR modelu |

e kvalitu modelu muzeme posuzovat podle dvou
kritérii
@kvalitu modelu na tréninkove sade dat
— reprodukce
— data byla pouzita pro nauceni modelu
— jak moc dobré modely jsme pripravili?
@kvalitu modelu na testovaci sade dat
— predikce (na novych datech)
— data nebyla pouzita na parametrizaci modelu
— jaka je predikcni sada molekul?



Kvalita QSPR modelu Il

nekvalitni model | kvalitni model

na tréninkové na tréninkové sadé

sade dat dat
nekvalitni Spatné rozdélené
model na sady, “overfiting”
testovaci — neboli preuceni =
sade dat pouzito prilis moc

deskriptoru
kvalitni
model na )
, - KVALITNI MODEL

testovaci

sadé dat




Kvalita QSPR modelu Il

equation tailored
Predictibility e to training set
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Kvallta QSPR modelu IV

na zakladé chyb modelu
* =residua, nevysvétlitelna cast

modelu S
pexp Ppealce orTor — PETP - Ppealce
pK P | pK cale error
10.0 10.1 —0.1

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



Pearsonuv korelacni koeficient |

N
> ((Pgate — pealey . (PSP — pewp))
R — =1

N _ _
(Picalc _ Pcalc)Z , Z (Piexp _ Pe:vp)Z
—1 1—=1

\.

Pecle primérna vypocitand hodnota,
PP prumérna experimentalni hodnota

Nabyva hodnot od -1 do 1.



Pearsonuv korelacni koeficient Il

p=-1 -1< p <0

0< p <+1 p=+1 p=0

1 0.8 | 0.4 0 -0.4 | -0.8 -1
Y A . . RN

1 1 1 -1 -1 -1

e ,/' — — - ~ AN

0 0 0 0 0 0 0
oo PN W
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Koeficient determinace R?|

e LeZivintervalu <0;1> a udava jaky podil
rozptylu v pozorovani zavislé proménné se
podarilo regresi vysvetlit (vetsi hodnoty
Zznamenaji vetsi uspesnost).

* Moznd interpretace koeficientu R? je z kolika
procent vysvetluji regresory (deskriptory)
hodnotu zavisle proménné (predikované
vlastnosti).



Koeficient determinace R? ||

Residual sum of squares:
RSS =SV error? = Y, (Peole — perP)2

(2 (

Total sum of squares: T'SS = Z,ﬁil(Pfxp — perp)?
Explained sum of squares: ESS = (Pfole — peale)?

.~ ESS . RSS
- TSS TSS

N calc Dcalc N calc ex
R2 _ Z’L:l(P’L l _P l)2 — 1 Zz:l(P?, l _PZ p)2

R2

Y (P = Pear)? i (P = P’

1= ( 1



Korigovany koeficient determinace
adjR?

* pokud do modelu pridame deskriptor,
hodnota R2 nemuze klesnout, proto se nékdy
pouziva tzv. korigovany koeficient
determinace (adjusted coefficient of
determination), ktery zohlednuje pocet
deskriptoru

) N —1
R?=1—(1- R?
( )N—k—l

kde N je velikost sady, k& pocet deskriptoru



RMSE
root mean square error (deviation)

(Pcalc . nga: ) 2

™M=

|
—

2
RMSE = \/mean(errorz) = \/ZQZOT — \ t



MAE
mean absolute error

N
Z |Picalc . P§p$|

M AE = mean(abs(error)) = 2 lerror] _ =

N N



Test vyznamnosti modelu F

p N-k+1RSS-TSS N —-k+1 R?

k TSS k 1 — R?



Kvalita QSPR modelu V

Kvalitni model by mél splnovat tato kritéria:
— vysoké hodnoty R?(>0.8) a F
— nizké hodnoty RMSE a MAE

2 » Train/Verify
+ Test
15 - ——Linear (Test)
Train/Verify Set
N = 25509
10 A RMSE = 0.475
MAE = 0.345
y=1.007x - 0.044
R*2=0.975
5
0 - p . Test Set
y : N = 8131
o RMSE = 0.479
s ‘ MAE = 0.339
-5 4 Y <3 y = 1.004x - 0.027
* e R*2=0.974
-10

-10 -5 0 5 10 15 20



Krizova validace
Cross validation
e v pripade mensi sady molekul

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

compounds
1-10
compounds
11-20
compounds
21-30
compounds
31-40
compounds
41-50
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