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Interpretability vs predictivity of QSAR models
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Why Interpretation is important?

Found active/inactive patterns which can be used for
optimization of compound properties

Retrieve trends of stricturactivity relationships which
can be used for knowledgease model validation and
for better understanding of the studied erubint
(formulate hypothesis)

Reqgulatory purposes

OECD principles for the validation, for regulatory purposes, of (Q)SAR models

1) a defined endpoint

2) an unambiguous algorithm

3) a defined domain of applicability

4) appropriate measures of goodnesfcfit, robustness angbredictivity

5) a mechanistic interpretation, if possible .



Interpretation of QSAR models: principles and ISsue

Model should be predictive

Interpretation is valid within the applicability domain of
the model

Interpretation results are data set dependent



Local vs. global interpretation

Local interpretation
considers mutual influence of atoms (fragments) in a single

compound
O
sale

Global interpretation

summarizes interpretation results across studied compounds to
reveal general structuractivity relationship trends
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Learning and interpretation
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Machine learningspecific interpretation approaches
_Inear models (LR, PLS, OPLS, etc)

Decision tree

Random Forest

Neural nets

Support vector machine

Ruleextraction

Machine learningndependent interpretation approaches
Variable importance
Sensitivity analysis
Partial derivatives

10
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Hanschapproach

plant growth inhibition activity
of phenoxyaceti@cids

1/ C = i42..018& 2. 78u +

N/ |

rate of penetration of electronic factors
membranes in the plant cell

logPy 1T logP
U - Hammet constant
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Hansch C.; Maloney, P. P.; Fujita, T.; Muir, RNslture 1962,194, 178180



Free and Wilson approach

Inhibition activity of compounds againStaphylococcugaureus

'

X R
v OH Ris H or CHg;
O“‘ Xis Br, Cl, NO, and
NH; Y is NO,, NH,, NHC(=O)CH,
OH
OH O OH (@) O

Act = 7/5R, T 112Rpy; + 84X 1 16Xg T 26X\ 0, +
123Y 2 + 18Y\pc=oichs | 218Y o2

Free, S. M.; Wilson, J. \@burnalof Medicinal Chemistr§964,7, 395399 -



Interpretation of decision tree models

Solidphasefluorescence enhancement of(@iphenylacety)1,3-indandione
1-(p-(dimethylamingbenzaldazing

ANALYTICAL CHEMISTRY, VOL. 57, NO. 8, AUGUST 1985 « 1953
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Ashman, W.P., Lewis, J.FaziomekE.J., Analytical Chemistt@85 57(9): p. 1951955



SVM

Ruleextraction approaches
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Martens, D.BaesensB.,Geste] T.V., IEEE Transactions on Knowledge and Data

Engineering2009, 21(2): p. 178.91.



Ruleextraction approaches

predict reaction outcomes for the — . o
crystallization ofliaminetemplated Mean Pauling machine vs. human intuition
) i electronegativity 89% VS 78%
vanadiumselenites
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RaccugliaP., Elbert, K.C., Adler, P.D.F., Falkvénny M.B.,Mollo, A., Zeller, M.,
Friedler S.A.Schrier J.,Norquist A.J., Nature2016 533(7601): p. ~36.
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Interpretation of random forest models

Node id=0
0
Am&an
S.<3 | §>3 1 "
§ | 1) mean 7a AI
Node id=1 Node id=2 n ._,
1 2
AITIEEI'I Amean
1 1 0 2 2 0
LS51= Amean= A mean LS51= A mean—Amean 2 c _ C p
[ . ) LSI _Amean B Amean
ser | s T
MNode id=3 MNode jd=4 1 n
3 4 s
A hean 1 A mean 1 3) Skl - 7a, LS i
3 _pd 4 _ a4
LSSE-AmEEn_AmEEH LSSE_‘Amean_Amean T -

R s

S - contribution ofi-th descriptor in kth compound
T-number of trees

LS, - local contribution of-th descriptor where compound k fits the node

Y dzI QWE R6lishchukP.G.Artemenkq A.G.Andronati S.A., Molecular Informatics, .
2011, 30: p. 593%603.



Visualization of descriptor contributions

NH,
C-CN -3
C-CO+6

OH
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Interpretation of random forest models

347 agonists of BT, , receptor

/ \ Ar - substituted (hetero)aryls

\ / L - polymethylenechain

R- various (poly)cyclic residues

>

O O OO O O O e

PLSO084 018 003 -004 -006 -009 -011 -066 -0.73 -094 -0.96
RF 027 024 004 007 -002 011 004 -004 -055 -066 -0.66

>
- (CR)s- -(CH)s -(CH); (CR); -(CR);  -Ch-
PLS 08 071 08L 008 -004 0.6
RF 014 019 014 -001 -003  0.05

Y dzl QWE\ Bblishchuk P.G. Artemenkq A.G.Andronati S.A.,

Molecular Informatics2011, 30: p. 593%03. +



There are a lot of approaches which can be applied for
Interpretation of specific models

Interpretation results converge regardless machine learning
method and interpretation approach used
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Variable importance

Gives information about relative importance of descriptors used
for model building but not about the direction of their influence
(positive or negative)

A add noise to input variables (descriptdrs)
A permute variable valués

The more prediction accuracy Is dropped the more important
variable is.

1D e | N@E,&Physical Review Lettet990 64(24): p. 2952960.
2Breiman L., Machine Learning001, 45(1): p. 832.
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Variable importance

toxicity onTetrahymenayriformis

Descriptors Atom labeling Contributions

H-bonding
SIRMS. b Lipophilicity R Hydrophobicity31%
Polarizability " Polarizability29%

%dm

Partial charge

Polishchuk P.G.Muratoyv, E.N. Artemenkq A.G.Kolumbin O.G.Muratov, N.N.,
Y dzI QWB,,yournal of Chemical Information and ModeR@§9, 49(11): p. 248]2488



Sensitivity analysis

Explores the dependence of output values to systematic changes i
descriptor values while values of all other descriptors remain const

24



Sensitivity analysis

NH; inhibitors ofdihydrofolatereductase
(substituentsX are at 3, 4, and 5 positions)

AN Zd |
1O
) ‘ linear model
| previous | updated.
MR 11.79
MRs? 15.74
oo MR v e MR MR, 0.95 655
g*/-\/ fu MR, 0.89  0.89
i g > MR, 0.80 0.80
e PRyl e MR} 021  -0.21
s, o -, 158 158
i i Log{ *10°3+ 1) -1.77  -1.77
1 m i intercept 6.65 6.24
~ RMSE 0.093  0.074

MA4 "3
25

So, S.S., Richards, W.G., Journal of Medicinal Cherh@88/,35(17): p. 3208207.



Partial derivatives

Partial derivatives (or local sensitivity analysis) estimates
GNBINBaaA2y O2STFFAOASY(Gaég TNRO
data point (compounds) in a chemical space

f =ax + by +cC

1 f
- = a
L X
L f
- = b
LYy
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Partial derivatives

output layer

hidden layer

uy
_ —=a tily )rgiyH |
input layer UX, j

! R 13C NMR chemical shifts ekoandendo- nonbornanesandnonbornenes

2 (NN architecture 8.4-2)
5 3
exo -0.009] 0.088f 0.031 -0.1113y -0.107} 0.141 -0.213

endo 0.010; -0.088 -0.032f 0.110] 0.109] -0.141] 0.214

Aoyama, T., Ichikawa, H., Journal of Chemical Information and Computer Sciences

2
1992 32(5): p. 49500. !



Partial derivatives

Numerical solution

C = fix +u)- (forward difference)
u

C = fog - fix - u) (backward difference)

s

u

fx +U/ 2)f(x -0/ 2

C = (central difference)
u
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Hasegawa, KKeiya M., Funatsuy K., Molecular Informatic2010 29(11): p. 793800.

Er

O

-

28



Partial derivatives

+ regression/classification
+ linear, nonlinear, consensus
- k-NN models

- proper estimation of differentiation error

29
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All models regardless machine learning method used are interpret:

Limitation:
use of only interpretable descriptors

30
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Learning and interpretation
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Universal structural interpretation of QSAR models

Contribution(C)
f(A) =X f(B)=y W(C)=xy

PolishchukP. G.Kuz'min V. E.Artemenkq A. G.Muratoy, E. N.
Molecular Informatic2013,32, 843853
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1. Similarity maps

Riniker S.; Landrum, G. Similarity ma@svisualization strategy for molecular
fingerprints and machingearning methodsJournal ofCheminformatic2013,5,
43

2. Universal structural interpretation

PolishchukP. G.Kuz'min V. E.Artemenkq A. G.Muratov, E. N. Universal
Approach for Structural Interpretation of QSAR/QSPR MoN&l&ecular
Informatics2013,32, 843853

3. Computational matched molecular pairs

SushkoY.;Novotarskyj S.;Korner R.; Vogt, JAbdelazizA.;Tetka I. Prediction
driven matched molecular pairs to interpret QSARs and aid the molecular

optimization processlournal ofCheminformatic2014,6, 48



Similarity maps (per atom interpretation)

Dopamine D3 inhibitors
RF NB

+implemented iINRDKIit(http://rdKit.orq)
- Implementation supports only classification models built with
atom pairs, topological torsions or Morgan fingerprints

Riniker S., Landrum, G., Journal@fieminformatics2013 5(1): p. 43. »


http://rdkit.org/

Universal structural interpretation vs. Fr&®ilson

Comparison with FreVilson

Rs
c
8= Model
N—R = consensus
F( \ R1 :g 1 —=- gbm
e
adh v
R2 go_ - rf
© ~7- svm
§'1 7 Free-Wilson
R =H, CH z
R, = H, CK GH;;
R, = N(CH),,
{,‘/
N(GH;)., &
morpholing & P
Rs = H, phenyl; € &

R, = nothing,-CONH

Substituents

Polishchul®, TinkovO, KhristovaT, Ognichenkd., Kosinskaya\, VarnekA,Y dzl Q/Y A y
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Journal of Chemical Information and Model@lG 56, 145514609.



Universal structural interpretation (Ames)

5-fold external cross validation results

Descriptors Algorithm Balanced Accuracy
) RF 0.817
SiE SVM 0.800
Dragon RF 0.816
& SVM 0.793
1.0
c 0.5 models
S " I| | o Bl sirms+RF
s
el I ’ SIRMS+SVM
E 0.0 - ‘ I I I I .I .I - I .
S ' Dragon+RF
O Dragon+SVM
-0.5 Reduced mutagenicity
-
toxicophores detoxicophores
Oé\& > O V.@ .2V o>
NN Ig&&oﬁ\g *?"O\'e °'&\\°in \'éz\%orboo é‘lzéz\
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> ‘l“orﬁ > ,C)O ’OQ\
Fragments

PolishchukP. G.Kuz'min V. E.Artemenkq A. G.Muratov, E. N.
Molecular Informatic2013,32, 843853
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Universal structural interpretation

Acute oral toxicity on rats

—
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-
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?

Polishchul®, TinkovO, KhristovaT, Ognichenkd., Kosinskaya\, VarnekA,Y dzl Q/Y A y
Journal of Chemical Information and Model@lG 56, 145514609.
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