
ADME, pharmacokinetics, druglikeness 



Pharmacodynamics	  steps	  

Site	  of	  ac*on	  

Therapeu*c	  
(or	  toxic)	  effect	  

Interac*on	  with	  
the	  therapeu*c	  target	  

(protein)	  	  

A Drug has to reach its therapeutic target 

Pharmacokine2c	  steps	  (ADME)	  
Excression	  

Distribu*on	  

Absorp*on	  

Ac*ve	  ingredient	  (AI)	  
in	  solu2on	  

	  

Route	  of	  
administra*on	  

Oral	  

Parenteral	  
	  (i.v.)	  

Libera*on	  

Pharmaceu2c	  steps	  

Metabolism	  

Bioavailability (F): % AI reaching the systemic circulation unchanged.   2 



•  Pharmacodynamics (PD) 
–  describes and quantifes the response of the organism when taking the 

drug, 
–  at clinical, biochemical or molecular level. 

•  The pharmacodynamic effect: « what the drug does to the body » 
  

Drug	  

	  
Body	  
Tissue	  
Organ	  

Receptor	  

	  

•  Activity 
•  Toxicity 

pharmacocynamics	  (PD)	  

Pharmacodynamics 
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•  Pharmacokinetics (PK) 
–  describes and quantifies the changes on the drug made by the body, 
–  includes moves and chemical transformation of the molecule. 

•  The pharmacokinetic effect: « what the body does to the drug » 
  
  

Drug	  

	  
Body	  
Tissu	  
Organ	  

Receptor	  

	  
Pharmacokine2cs	  (PK)	  

•  Absorption 
•  Distribution 
•  Metabolism 
•  Excretion 

Pharmacokinetics 
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Interdependance of PD and PK 

•  The pharmacodynamic and pharmacokinetic have mutual influence 
–  Absorption, distribution et excretion (PK) impact the potency and duration of a drug (PD). 
–  Metabolism (PK) transforms drug molecules in substances (metabolites), which can 

have a therapeutic or toxic effect (PD). 
–  A drug can affect a function in the organism (PD) and so its capacity to handle drug 

molecule (PK). 

  •  Activity 
•  Toxicity 

Drug	  
	  

Body	  
	  

Pharmacodynamics	  (PD)	  

Pharmacokine2cs	  (PK)	  
•  Absorption 
•  Distribution 
•  Metabolism 
•  Excretion 

•  Clinical development to 
define dose and therapeutic 
schemes: 

–  maximal curative effects 
–  minimal unwanted effects.  

•  Design drug candidates: 
–  potent 
–  secure (non-toxic) 
–  bioavaible (~oral) 
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Clinical impact of ADME 

In vitro: 
 dose à concentration à effect 

 
 
 
 
 
In vivo: 

 dose à ADME à concentration à effect 
 
 
 
 

dose	  (~	  concentra*on)	  

effect	  

effect	  

dose	  (~	  concentra*on)	  / 

•  To be effective a drug must be in sufficient concentration at the target 
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•  Variability in ADME (mainly metabolism) can have a dramatic 
impact on the efficacy and the toxicity of a drug. 

•  Schematic example, oral administration: 

Time	  

Bl
oo

d	  
co
nc
en

tr
a*

on
	  

Threshold	  for	  efficacy	  

Threshold	  for	  toxicity	  

Toxicity	  

Inefficacy	  

Therapeu2c	  Window	  

Clinical effect: efficacy vs toxicity 
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Target 
identification 
and validation 

Disease-
related 
genomics 

Hit  
finding 

Hit 
to 
lead 

Lead  
optimization 

Preclinical 
development 

Clinical 
development 

Structure 
based SwissParam	   SwissDock	   SwissSidechain	   SwissGrowing	  

✔	   ✔	   ✔	   ✔	  

Ligand 
based 

SwissSimilari*es	   SwissSAR	  

SwissBioisostere	  

SwissADME	  

SwissTargetPredic*on	  

✔	   :	  online	   ✔	   :	  in	  development	  

✔	   ✔	  

✔	  ✔
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✔	  

Discovery 

Computer-Aided Drug design (CADD) at SIB 



Estimation of ADME & PK: a need for Drug Discovery 

Hugo Kubinyi Lectures: http://www.kubinyi.de 

Preclinical Clinical 

•  PK in clinical failure tends to decrease because ADME accounted for at discovery phase. 
•  Promote molecules with good ADME properties and not necessarily most potent. 

•  The later in the drug development a compound is withdrawn, the more costly.  
•  At a very late stage, it may kill a department/site/company. 

è point out ADME/tox issues as soon as possible (hit-to-lead / optimization). 
è eliminate potentially problematic molecules at early stage. 
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Predictive ADME  
•  To estimate ADME behaviors and pharmacokinetic parameters for drug 

design, computational models should be: 
–  robust à reliable prediction 
–  fast à numerous structures to be handled (also some « virtual » molecules). 
–  Descriptive enough and easy to interpret in chemical terms à main 

objective: modify molecule to target specific properties. 

•  SwissADME web-based tools: access to multiple models for prediction of : 
–  Physicochemistry 

 (because ADME is directly related to the properties of the molecule) 
–  Some pharmacokinetic behaviors 

(also graphical output) 
–  Druglikeness 
–  ... and others. 

10 



SwissAMDE: Output 

One-panel-per-molecule 
for clear output and export 

Map of physchem properties 
for qualitative PK interpretation 
(e.g. Egan Egg1). 

1Egan, W.J., Merz, K.M. & Baldwin, J.J., 2000. J. Med. Chem, 43(21), pp.3867–3877. 
11 



SwissADME: Physicochemical description of the 
molecule 

•  Molecular description 
•  Simple counts of atoms/bonds 
•  Polar Surface Area (PSA, measure of 

apparent polarity) 

O NH

OH
49 Å2 Paracetamol 

* Ertl, P., Rohde, B. & Selzer, P., 2000. Journal of medicinal chemistry, 43(20), pp.3714–3717. 12 

Topological PSA (TPSA, fast 2D calculation). 
ADME Guideline:  TPSA < 140 Å2 good intestinal absorption. 

    TPSA <   70 Å2 good brain penetration.  



SwissADME: Lipophilicity 
•  Important physicochemical properties quantified by 

the partition coefficient log P between water and 
n-octanol (immiscible) 

logPo/w = log
Co

Cw

•  Best solvent system to mimic recognition of molecules with: 
–  phospholipic membranes  è ADME, pharmacokinetics, 
–  macromolecules (proteins) è Protein binding, pharmacodynamics. 

13 

Lipophilic molecules: 
•  well absorbed (A) 
•  access the brain (D) 
•  not released from albumin (D, blood) 
•  rapidly metabolized (M) 
•  less excreted by kidney (E). 
 hydrophilic molecules: 
•  not well absorbed (but suitable for injection) 
•  well distributed (except in the brain) 
•  metabolically stable but rapidly excreted. 

lipophilicity 

log P = 0 

Optimum of lipophilicity for an oral drug (druglikeness) 



SwissADME: Prediction of Lipophilicity 

* Daina, A., Michielin, O. & Zoete, V., 2014 J. Chem. inf. model. 54(12), pp.3284–3301. 

•  Classes of log P methods: 
–  Fragmental (ex. SLOGP, XLOGP) 
–  Topological (ex. MLOGP) 
–  3D Physics-based (iLOGP*) 

•  Multiple predictions by methods as different as possible 
•  Every method has strongpoint and weakness 
è Possibility of consensus prediction (by now: simple average). 
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Σ = iLOGP= 2.21 

Lipophilicity atomic contributions 

lipophilic 

hydrophilic 

ΔGsolv
oct = ΔGelec,solv

oct +ΔGnonpolar,solv
oct

ΔGsolv
wat = ΔGelec,solv

wat +ΔGnonpolar,solv
wat

Solva2on	  free	  energy	  in	  octanol	  

Solva2on	  free	  energy	  in	  water	  

difference 
~ 

iLOGP 



SwissADME: Water solubility 
•  Governs absorption and impacts many processes in formulation. 
•  Historical model (GSE, general solubility equation)1:  

 log S = 0.5 − 0.01 × (m.p. °C − 25) − log P 

49 Å2 

1 Ran, Y. et al., 2001. J. Chem. inf. model., 41(5), pp.1208-1217 
2 Ali, J. et al., 2012. J. Chem. inf. model., 52(2), pp.420–428. 

•  Ali2: replacement of melting point (difficult to predict) by TPSA: 
log S = − 1.0377 ×  log P − 0.0210 × TPSA + 0.4488 

•  SwissADME: 3 multiple linear models linking log S with physicochemical 
descriptors. è consensus approach. 

•  Quantitative classes, log S scale: 
insoluble < -10 < poorly < -6 < moderately < -4 < soluble < -2 < very < 0 < highly 

N=1256 
r2=0.816 
RMSE=0.719    

15 



SwissADME: Egan Egg for oral absorption1 

•  Simple, efficient and easily interpretable graphical model for oral absorption. 
•  Example: Mapping anti-cancer kinase inhibitors on the Egan Egg. 

1 Egan, WJ et al. (2002) Adv Drug Deliver Rev 54:273-28 
2 http://www.drugbank.ca 

S
LO

G
P 

TPSA 

99% probability well 
absorbed by GI 
(≥90% absorption) 

95% probability well 
absorbed by GI 
 (≥90% absorption) 

DrugBank2: «Absorption 
following oral administration of 
lapatinib is incomplete and 
variable. »  

S
O

O HN

O

N

N

NH

O

F

Cl

DrugBank2: «Maximum 
plasma concentrations 
(Cmax) of sunitinib are 
generally observed 
between 6 and 12 hours 
(Tmax) following oral 
administration.»  

N

HN O

HN

O

HN

F
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SwissADME: Egan Egg for oral absorption 

1Huang WS et al. (2009) J Med Chem 52:4743–4756 
2Huang WS et al. (2010) J Med Chem 53:4701–4719 

S
LO

G
P 

TPSA 

1 
2 

3 

1 2 3 

Correct 
absorption 

issue 

1.6 nM Ponatinib 8.6 nM 9 nM 
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•  Example: Lead optimization of Bcr-
Abl tyrosine kinase inhibitor leads to 
anti-cancer Ponatinib1,2. 

•  PD and PK optimization steps. 
è Can be an exercise for student. How 
to optimize absorption starting from a 
given molecule. 



SwissADME: Druglikeness 

•  Lipinski Rule-of-five (Pfizer Ro5)1: 
 (not more than 1 criteria failing) 
–  MW < 500 
–  CLOGP < 5 (MLOGP < 4.15)2 

–  # H-bond donors ≤ 5 
–  # H-bond donors ≤ 10 

•  Egan filter (Pharmacopia)3: 
–  SLOGP < 6 
–  TPSA < 132 Å2 

1Lipinski, C., et al., Adv. Drug Deliv. Rev., 1997, 23, 3. 
2Lipinski, C., et al. Adv. Drug Delivery Rev. 2001, 46, 3. 
3Egan, W.J., Merz, K.M., Baldwin, J.J., J. Med. Chem., 2000, 43, 3867. 

•  Druglikeness Rules: 
Qualitative estimation defined by 
ranges of specific physichochemical 
properties that make a molecule a 
possible oral drug. 

•  « Like a drug » from the PK (ADME) 
point of view (bioavailable, not 
necessarily bioactive). 

•  Druglike Filters: 
Ranges based on computed/
predicted properties derived from 
known oral drugs. 

•  Main use: 
Filtering large chemical librairies. 

•  SwissADME: 
Multiple filters for consensus 

18 



SwissADME: Medicinal Chemistry 

1Baell, J.B. & Holloway, G.A., 2010. J. Med. Chem., 53(7), pp.2719–2740. 
2Brenk, R. et al., 2008..ChemMedChem, 3(3), pp.435–444 
3Ertl, P. & Schauffenhauer, A., 2009. J Cheminf., 1(1), p.8. 

•  ALERTS: Recognition of problematic fragments2, known to be: 
–  toxic, unstable, reactive 
–  aggregator è false positive in biological screening 
–  dye è perturbation of assays 

•  Synthetic accessibility score3, estimation of the ease of chemical 
synthesis, combination of: 
–  Similarity with actually existing molecules in vendor catalogs 

(list of molecules immediately available). 
–  Objective estimation of the complexity (macrocycles, chiral 

centers, ...) 
19 

Is it worth to convince a chemist to synthesize the molecule ? 



Synthetic accessibility score (SAscore) 
•  Estimation of the ease of synthesis, based on: 

–  Similarity: Cut the molecule into fragments (fingerprints) and compare to: 
§  Fingerprints on “all-now” subset of ZINC (12,782,590 molecules). 
§  412,579 fragments were retrieved and ranked. 
§  Frequent fragments è positive contributions. 
§  Rare fragments è negative contributions.  

–  Complexity penalties: Count of specific chemical moieties. 
§  Fused rings: / spiros:  / macrocycles:  

§  Stereocenter:  

§  Number of atoms 

•  Finally normalized, so: 
1 (easy) ≤ SAscore ≤ 10 (difficult) 
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SAscore: performance 

21 

1	  

2	  

3	  

4	  

5	  

6	  

7	  

8	  

9	  

10	  

1	   2	   3	   4	   5	   6	   7	   8	   9	   10	  

SA
sc

or
e 

ChemistScore 

•  Comparison with estimation given by 9 chemists (ChemistScore) 
for 40 molecules1. 

•  Good linear correlation 
(R2=0.88) 

•  Good ranking correlation 
(Spearman’s r=0.94). 

1Ertl, P. & Schuffenhauer, A., 2009. J Cheminf., 1(1), p.8. 



« All models are wrong 
but some are useful. » 
     
 George E. P. Box, 1979 
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Prediction of Biological Target 
   



-  Side-effects 
-  Toxicity 
-  Drug repurposing 

Primary target 

Secondary 
targets 

Vast majority of biological targets are proteins (then DNA, RNA, ribosomes, 
physicochemical processes) 

10% of FDA approved drugs 
without known target 

Necessity to predict targets of small molecules 

24 

Primary and Secondary Targets 



Target 
identification 
and validation 

Disease-
related 
genomics 

Hit  
finding 

Hit 
to 
lead 

Lead  
optimization 

Preclinical 
development 

Clinical 
development 

Structure 
based SwissParam	   SwissDock	   SwissSidechain	   SwissGrowing	  

✔	   ✔	   ✔	   ✔	  

Ligand 
based 

SwissSimilari*es	   SwissSAR	  

SwissBioisostere	  

SwissADME	  

SwissTargetPredic*on	  

✔	   :	  online	   ✔	   :	  in	  development	  

✔	   ✔	  

✔	  ✔
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✔	  

Discovery 

Computer-Aided Drug design (CADD) at SIB 



‘Classical’	  Screening:	  

Library of molecules 
with unknown 
activities 

List of molecules 
possibly active on 
the same target 

Similarity Molecule with 
known activity 

‘Inverse’	  Screening	  (target	  predic*on):	  

List of possible 
activities 

Similarity Molecule with 
unknown activity Library of molecules 

with known 
activities 

26 

SwissTargetPrediction. Inverse screening based 
on molecular similarity 



Probability, for a pair of 
bioactive molecules 
showing a given similarity, 
to be active on a common 
target  

Calculated on 350,000 
small molecules on one 
among 1654 biological 
targets from the scientific 
literature 

       Shape similarity                     

Gfeller,	  D.;	  Michielin,	  O.;	  Zoete,	  V.	  Shaping	  the	  Interac*on	  Landscape	  of	  Bioac*ve	  
Molecules.	  Bioinforma)cs	  2013,	  29,	  3073–3079.	  
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Drug similarity and common biological target 



Shape 
comparison 

Chemical 
structure 
comparison 

Cyclin-dependent 
kinase 1

Hydroxycarboxylic 
acid receptor 2

Thrombin

Voltage-gated T-type 
calcium channel 
alpha-1H subunit

CHEMBL1240762

CHEMBL553397

CHEMBL1240763

CHEMBL1210441

CHEMBL45816

CHEMBL1210985

CHEMBL1771765

CHEMBL1771637

CHEMBL27246

CHEMBL1812012

CHEMBL200414

CHEMBL226669

5 (3)

168 (703)

909 (12993)

1 (1)

10 (5)

9 (35)

16 (13)

29 (65)

A

C

B

D

2 6} }

!

Mol. Rank: 1 
Target rank: 1 

Mol. Rank: 909 
Target rank: 12993 

User compound 
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1 0 0 1 1 0 1 0 0 1 0 1 0 … 1 1 0 0 0 1 0 1 0 1 1

2D - chemical similarity- fingerprints 

SwissTargetPrediction – 2D and 3D molecular similarity 

0 1 0 1 0 0 1 1 0 0 1 1 0 … 1 1 0 0 1 1 1 0 0 0 1

Molecule A  

Molecule B  

3D - shape similarity 



Cyclin-dependent 
kinase 1

Hydroxycarboxylic 
acid receptor 2

Thrombin

Voltage-gated T-type 
calcium channel 
alpha-1H subunit

CHEMBL1240762

CHEMBL553397

CHEMBL1240763

CHEMBL1210441

CHEMBL45816

CHEMBL1210985

CHEMBL1771765

CHEMBL1771637

CHEMBL27246

CHEMBL1812012

CHEMBL200414

CHEMBL226669

5 (3)

168 (703)

909 (12993)

1 (1)

10 (5)

9 (35)

16 (13)

29 (65)

A

C

B

D

2 6} }

!

Shape 
comparison 

Chemical 
structure 
comparison 

Mol. Rank: 3 
Target rank: 5 

Mol. Rank: 703 
Target rank: 168 

User compound 
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SwissTargetPrediction – 2D and 3D molecular similarity 



Gfeller,	  D.;	  Grosdidier,	  A.;	  Wirth,	  M.;	  Daina,	  A.;	  Michielin,	  O.;	  Zoete,	  V.	  SwissTargetPredic*on:	  a	  Web	  
Server	  for	  Target	  Predic*on	  of	  Bioac*ve	  Small	  Molecules.	  Nucleic	  Acids	  Res.	  2014.	  
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SwissTargetPrediction.ch – web interface 



Query: 
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SwissTargetPrediction.ch – output 



Olivier Michielin 
Vincent Zoete 
Christophe Bovigny 
Prasad Chaskar 
Michel Cuendet 
Antoine Daina 
David Gfeller  
Dennis Haake 
Melita Irving 
Justyna Iwaszkiewicz 
Maria Johansson 
Nahzli Dilek 
Somi Reddy Majjigapu 
Ute Röhrig  
Thierry Schuepbach 

Prasad 

Melita 

Somi 

Thierry 

Ute Justyna 

Michel 

Maria 

David 

Antoine 

Olivier Vincent 

Molecular Modeling Group 

Workshop : http://www.atelier-drug-design.ch 
All information : http://www.molecular-modelling.ch 
Complete list of CADD tools : http://www.click2drug.org 
Questions, comments, feedbacks :  antoine.daina@isb-sib.ch 

         vincent.zoete@isb-sib.ch 

Nahzli 

Dennis Christophe 



Empirical Log P method 1: Fragmental/Atomic. 

•  Drawbacks: 
–  Additive nature è overestimation with increased MW. 
–  Fragmental systems cannot cover the entire chemical space è dummy fragments. 
–  High dependence to training è narrow validity domain, overfitting. 

•  Molecules similar to those used to build the model è reliable prediction 
•  Molecules different to the one used to build the model è less reliable prediction 

Principle: 
1.  cutting molecule into 

fragments 
(evt atoms) 

2.  retrieving contributions 
in established fragmental 
system 

3.  Addition of fragmental 
values (evt corrective 
factors). 

-0 ,09

-0 ,00O
-0 ,14

NH
-0 ,22

0,02
0,33

0,33
0,02

OH
0,01

0,33

0,33

fragmental system: atomic contribution: 

Σ +/-
corrective 
factors 

Predicted	  log	  P	  =	  0.91	  
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Empirical Log P methods 2: Topological 
Principle: 
1.  Description of molecule according to descriptor related to topology 

(evt count of atoms). 
2.  Statistical model (MLR, Neural Network, PLS) è Prediction 

•  MANNHOLD = 0.11(NC-NHET) + 1.46
•  MLOGP =1.244(CX)0.6  - 1.017(NO)0.9 + 0.406(PRX) - 0.145(UB)0.8 + 0.511(HB) + 

0.268(POL) - 2.215(AMP) + 0.912(ALK) - 0.392(RNG) - 3.684(QN) + 0.474(NO2) + 
1.582(NCS) + 0.773(BLM) - 1.041

–  13 terms among, among which ambiguous ones... 
•  PRX, For each two atoms directly bonded to each other, add 2.0 and for each two atoms connected via a carbon, 

sulfur, or phosphorus atom, add 1.0 unless one of the two bonds connecting the two atoms is a double bond, in 
which case, according to some examples in the papers, you must add 2.0. In addition, for each carboxamide group, 
we add an extra 1.0 and for each sulfonamide group, we add 2.0. 

•  HB, a dummy variable if there are any structural features that will create an internal H-bond.  
•  POL, the number of heteroatoms connected to an aromatic ring by just one bond or the number of carbon atoms 

attached to two or more heteroatoms which are also attached to an aromatic ring by just one bond.

•  Drawbacks: 
–  Very high dependence to training è narrow validity domain, overfitting. 
–  Fitting parameters can lack physical or chemical meaning. 
–  Very low chemical interpretability è Drug Design. 
–  Low reproducibility of diverse implementations. 
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S
O OHN

R
OH

Medicinal Chemistry: Problematic fragments 

1Brenk, R. et al., 2008. ChemMedChem, 3(3), pp.435–444 

2Baell, J.B. & Holloway, G.A., 2010. J. Med. Chem., 53(7), pp.2719–2740. 

•  Toxic, chemically reactive, metabolically unstable, aggregator, dye or other perturbator of assays.  
•  2 complementary filters: 

•  Brenk1 (Structural alert): List knowledge-based of 150 unwanted fragments to design 
academic library for neglected diseases. 

•  PAINS2 (Pan Assay Interference compounds from Screening): Statistical analysis of 
frequent hitters (promiscuous compounds) and breakdown in 490 substructures.  

•  Real-life usefulness: 
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Promiscuous (PAINS) fragment 
if enrichment ≥ 30% 

S
O OHN

OH

R



SwissADME: PK Classification Models 
•  Support Vector Machine (SVM) 

Patterns recognition algorithm to perform: 
–  Classification: two (or more) groups of objects divided by a gap as wide 

as possible. 
–  Prediction: new objects mapped onto that same space and predicted to 

which group they belong. 

 

Linear SVM 
•  To define the optimal hyperplane 

showing the maximal margin with the 
support vectors ¢. 

•  In most case, not possible to separate 
all member of classes è permissivity 
by soft margin controlled by C. 

•  In most case, better to map objects in 
a transformed space. Every dots are 
replaced by eg. a Gaussian kernel 
function è non-linear SVM 
controlled by ϒ. 

 

¢ 

¢ ¢ 

¢ 
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Building SVM model for P-gp substrate 

•  SVM built with MLPy librairy1, RBF kernel (Gaussian). 
•  Objects / groups:  training set (130 P-gp substrates, 81 P-gp non-substrate [n=211])

     test set (74 P-gp substrates, 45 P-gp non-substrates [n=119]) 
•  Available descriptors: 35 SwissADME descriptors. 

1.  Albanese D et al. (2012) mlpy: Machine Learning Python. arXiv. 
2.  Bikadi Z et al. (2011). PLoS ONE 6:e25815. 
3.  Wang Z et al. (2011) J Chem Inf Model 51:1447–1456. 
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•  P-gp (Permeability glycoprotein-1) 
–  Active a variety of substrates 

across cellular membranes: 
–  impacts PK (îintestinal 

absorption, îCNS permeation) 

•  Best descriptors : #db_bonds, #atoms, #HB_acc, #HB_don, #rotors, mlogp. 
 

Model	   ACC(loo)	   MCC(loo)	   ACC(ext)	   MCC(ext)	  

SwissADME	   0.80	   0.57	   0.79	   0.54	  

Bikadi2	   0.80	   0.60	   0.76	   0.52	  

Wang3	   0.74	   0.54	   0.88	   0.73	  



SVM model for P-gp substrate: Preliminary results 

•  Best descriptors : #db_bonds, #atoms, #HB_acc, #HB_don, #rotors, mlogp. 

 
 
 
 
 
 

•  TP: #true positives / TN: #true positives / FP: #false positives / FN: #false negatives 

•  MCC (Matthew Correlation Coefficient): 
–  from: -1 (worst prediction) to +1 (perfect prediction). 
–  MCC > 0.4 for a 2-class to considered predictive. 

•  Model in development, to be refined... 

 
1.  Bikadi Z et al. (2011). PLoS ONE 6:e25815. 
2.  Wang Z et al. (2011) J Chem Inf Model 51:1447–1456. 

Model	   ACC(loo)	   MCC(loo)	   ACC(ext)	   MCC(ext)	  

SwissADME	   0.80	   0.57	   0.79	   0.54	  

Bikadi1	   0.80	   0.60	   0.76	   0.52	  

Wang2	   0.74	   0.54	   0.88	   0.73	  
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