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In Vitro Assays 

Chemical Descriptors 

*Thomas	
  et	
  al.,	
  Toxicol	
  Sci.	
  2012	
  Aug;128(2):398-­‐417.	
  	
  

Poor	
  	
  structure	
  –	
  in	
  vivo	
  or	
  in	
  vitro-­‐in	
  
vivo	
  correla5ons	
  for	
  Toxcast	
  data	
  (ca.	
  80	
  

models	
  using	
  in	
  vitro	
  or	
  chemical	
  descriptors)*	
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A spectre is haunting Europe -- the spectre of 
[chemoinformatics]. [Chemoinformatics] is 
already acknowledged by all European powers 
to be itself a power. It is high time that 
[Chemoinformaticians] should openly, in the 
face of the whole world, publish their views, 
their aims, their tendencies, and meet this 
nursery tale of the spectre of 
[chemoinformatics] with a manifesto of the 
party itself.  



The importance of modeling is 
acknowledged and appreciated 

The newly-appointed President-Elect of the Royal Society of 
Chemistry today forecast the impact of advances in modelling and 
computational informatics on chemistry 
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QSAR	
  Modeling	
  Workflow:	
  the	
  Importance	
  of	
  Data	
  
Cura5on	
  and	
  of	
  Rigorous	
  Valida5on	
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courtesy	
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Internal	
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Model	
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An	
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QSAR	
  Models	
  

Modeling	
  set	
  

External	
  set	
  

D e s c r i p t o r s 	
  

Evalua5on	
  of	
  
external	
  performance	
  

9 

Tropsha, A. Best Practices for QSAR Model Development, Validation,  
and Exploitation Mol. Inf., 2010, 29, 476 – 488 

Fully implemented on CHEMBENCH.MML.UNC.EDU 

Virtual	
  screening	
  
(with	
  AD	
  threshold)	
  

Experimental	
  
confirmaNon	
  

Data	
  
curaNon	
  



Data dependency and data quality 
are critical issues in QSAR modeling 

Florian Prinz, Thomas Schlange and Khusru Asadullah. 
Nature Rev. Drug Disc. Sep 2011  

http://pipeline.corante.com/archives/2014/04/11/
biology_maybe_right_chemistry_ridiculously_wrong.
php 



Cheminforma5cs	
  Analysis	
  of	
  (inaccuracy	
  of)	
  qHTS	
  Data	
  

over 17,000 compounds screened against five major CYP isozymes using 
In Vitro bioluminescent qHTS assay 

 Sun et al., J. Chem. Inf. Model., 2011, 51:2474-81  
Veith et al., Nature Biotechnology, 2009, 27:1050-5 



Dataset	
  Cura5on	
  summary	
  	
  

Fourches D, et al. J Chem Inf Model. 2010 50(7):1189-204. 

17121	
  compounds	
  

17121	
  compounds	
  

17121	
  compounds	
  

17121	
  compounds	
  

16142	
  compounds	
  

16142	
  compounds	
  

17143	
  compounds	
  



Chemical	
  Duplicate	
  Analysis 
•  Carried out by ISIDA/Duplicates program 
•  1,280 duplicate couples were found 

–  406 had a complete matching profile 
–  874 had profile differences 
–  A total of 1,535 discrepancies were found in the 874 

duplicates couples CYP annotation:	


CYP2C19	
CYP2D6	
CYP3A4	
CYP1A2	
CYP2C9	


170	
422	
426	
363	
154	
#	
  of	
  
discrepancies	


PROBLEM:	
  CYP	
  bioprofiles	
  for	
  some	
  duplicates	
  are	
  	
  
drama5cally	
  different	
  
	
  	
  	
  	
  	
  	
  	
  	
  Need	
  biological	
  cura5on!	
  	
  	
  



2C19 2D6 3A4 1A2 2C9 Supplier SID Tocris-0740 

-4.5 -6.2 -4.6 -4.4 -4.6 Tocris 11113673 CID_6603937 

-5 -5.6 -8 INA -4.4 Sigma Aldrich 11111504 CID_6603937 

2C19 2D6 3A4 1A2 2C9 Supplier SID Tanimoto 
Similarity 

5 Nearest 
neighbors 

5.5- INA 4.5- INA INA Tocris 11114071 0.98 6604862 

INA INA 5.1- INA INA Sigma Aldrich 11112029 0.98 6604106 

INA INA INA INA INA Tocris 11114012 0.98 6604846 

INA 5.9- 4.8- INA INA Sigma Aldrich 11112054 0.95 6604136 

INA 4.5- 4.7- 4.4- INA Tocris 11113764 0.95 6604137 

6604862 

6604106 

6604846 

6604136 

6604137 

Likely incorrect! 

Cytochrome P450 

Cytochrome P450 

Neighborhood analysis helps to choose correct value  
Case	
  Study:	
  structural	
  duplicates	
  found	
  in	
  NCGC	
  CYP450	
  qHTS	
  data 



Original Set 

Identification and correction 
of mislabelled compounds 

1

Exclusion of unreliable 
 data sources 

Chemical Curation 

Analysis of intra- and inter-lab 
experimental variability 

Calculation and tuning of 
dataset modelability index 

Error 
Rate 

5

3

4

6

8

Consensus QSAR 
Predictions 7

Dataset Size 
(# of Records) Curated Set 

2 Duplicate Analysis 

Detection and Verification 
of Activity Cliffs 

Global	
  Cura5on	
  Workflow 



Notes on the importance of data curation 
The curation of chemical data is critical prior to any 
cheminformatics analysis and modeling. Difficult cases 
require human interventions and cannot be fully automated. 

Prediction outliers may be due to structural outliers, real activity 
cliffs or mislabeled compounds. Many of them can still be detected 
and removed prior to modeling studies boosting the reliability of 
QSAR model. 

Rigorously developed QSAR models can be even used to correct 
erroneous biological data associated with certain compounds. 



Integra5on	
  of	
  Diverse	
  Data	
  Streams	
  into	
  QSAR	
  
Modeling	
  to	
  Improve	
  Toxicity	
  Predic5on	
  

Toxicity 

Cheminformatics 
Over	
  many	
  
chemicals	
  

Chemical	
  descriptors	
  (in	
  silico):	
  
Molecular	
  weight,	
  
Connec5vity	
  indices	
  

Presence/absence	
  of	
  fragment,	
  
Hydrophobicity,	
  etc.	
  

Bioinformatics 
Over	
  many	
  
biological	
  

assays	
  

Short-­‐term	
  biological	
  assays	
  
Transcriptomics,	
  
Metabolomics,	
  
Cytotoxicity,	
  
Genotype,	
  etc	
  

Human	
  studies	
  
Medical	
  literature	
  
e-­‐health	
  records	
  
Insurance	
  claims	
  

Chemical-biological 
modeling 



The	
  Use	
  of	
  Biological	
  Screening	
  Data	
  as	
  Addi5onal	
  
Biological	
  Descriptors	
  Improves	
  the	
  Predic5on	
  Accuracy	
  

of	
  Conven5onal	
  QSAR	
  Models	
  of	
  Chemical	
  Toxicity	
  	
  

-    Zhu, H., et al. Use of cell viability assay data improves the prediction accuracy of 
conventional quantitative structure-activity relationship models of animal carcinogenicity. 
EHP, 2008, (116): 506-513 

-    Sedykh A, et al. Use of in vitro HTS-derived concentration-response data as biological 
descriptors improves the accuracy of QSAR models of in vivo toxicity. EHP, 2011, 119(3):
364-70. 

-  Low et al., Predicting drug-induced hepatotoxicity using QSAR and toxicogenomics 
approaches. Chem Res Toxicol. 2011 Aug 15;24(8):1251-62  

-   Rusyn et al, Predictive modeling of chemical hazard by integrating numerical descriptors of 
chemical structures and short-term toxicity assay data. Tox. Sci., 2012, 127(1):1-9 

-  Low Y, et al. Integrative chemical-biological read-across approach for chemical hazard 
classification. Chem Res Toxicol. 2013, 26(8):1199-208 

-  Low, Y, et al. Integrative Approaches for Predicting In Vivo Effects of Chemicals from their 
Structural Descriptors and the Results of Short-Term Biological Assays. Curr. Top. Med. 
Chem., 2014, 14(11):1356-64 
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Low et al,. Curr. Top. Med. Chem., 2014, 14:1356-64 

Approaches	
  to	
  Integra5ve	
  QSAR	
  Modeling	
  



ZEBET	
  Database*	
  and	
  Data	
  Prepara5on	
  

361 compounds 
cytotoxicity IC50 and both rat and/or 
mouse LD50  

291 compounds 
inorganics, mixtures and heavy metal 
salts are removed 

253 compounds 

230 compounds 
modeling set 

23 compounds 
validation set 

both in vitro IC50 values and rat 
LD50 results 

Random split 

*The ZEBET database was 
provided by Dr. Ann 
Richard (EPA) 

Hierarchical QSAR: Using in vitro IC50 data to 
develop improved QSAR models for in vivo Rat Oral 
LD50. 
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Zhu H, Ye L, Richard A, Golbraikh A, Rusyn I, Tropsha A. (2009) EHP 117:1257-1264. 

"    No obvious correlation 

"    Can we break the problem 
into regions of higher 
correlation? 
"   Can we use QSAR methods 
to define those regions based 
on chemical structure alone? 

Relatively poor correlation between in 
vitro IC50 data and in vivo Rat Oral LD50 
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Zhu H, Ye L, Richard A, Golbraikh A, Rusyn I, Tropsha A. (2009) EHP 117:1257-1264. 

"    Use “moving regression” to 
define regions of higher correlation 
  

"    Regions bear some 
commonalities to “baseline toxicity” 
representations 

"    Attempt to distinguish regions 
based on chemical structure alone 

Different regions of in vitro IC50 - in 
vivo Rat Oral LD50 relationships 
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Hierarchical QSAR modeling 

Class I 

Class 2 

Class 3 

Outliers? 

QSAR 2 

QSAR I 

Zhu H, Ye L, Richard A, Golbraikh A, Rusyn I, Tropsha A. (2009) EHP 117:1257-1264. 

"    Step 1:  Apply Classification QSAR to 
assign new chemical to Class 1 or Class 2 

"    Step 2:  Apply QSAR 1 or 2 to predict 
LD50 based on chemical structure alone 
 

"   Step 3:  Validate approach with external 
data 

Classification QSAR 

IC50 used to inform construction of 
QSARs, but not needed for prediction 



Predic5on	
  of	
  the	
  Rat	
  LD50	
  Values	
  for	
  the	
  
External	
  set	
  of	
  23	
  Compounds	
  

•  R2=0.79,	
  MAE=0.37,	
  Coverage=74%	
  (17	
  out	
  of	
  23)	
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Hybrid QSAR: In vitro dose-response data 
improve the predictive power of QSAR 

models of in vivo toxicity (rat LD50 ) 
 	
  

• 1408	
  substances	
  	
  
• 382	
  chemical	
  structure	
  descriptors	
  (Dragon	
  v5.5)	
  
• 	
  13	
  in	
  vitro	
  NCGC	
  cell	
  viability	
  assays	
  *	
  :	
  

¥  qHTS	
  (quan5ta5ve	
  HTS)	
  data	
  

¥  14	
  test	
  concentra5ons:	
  0.6nm	
  ..	
  92.2μm	
  
	
  
May	
  yield	
  up	
  to	
  13x14	
  =	
  182	
  in	
  vitro	
  qHTS	
  descriptors,	
  but	
  
the	
  issue	
  of	
  data	
  noise	
  becomes	
  important.	
  
	
  

*Inglese	
  J.,	
  Douglas	
  S.	
  A.	
  et	
  al.	
  PNAS,	
  2006,	
  v103(31),	
  p11473	
  



QSAR-like Table – qHTS descriptors 
ID Name Structure 3T3 

9.2mkM 
3T3 
21mkM … SHSY 

92mkM 
1 Acrolein	
   0	
   0	
   …	
   -­‐92	
  

2 2-­‐Amino-­‐4-­‐
nitrophenol	
  

 
 
 
 
 

0	
   -­‐22	
   …	
   0	
  

... ...	
   … …	
   …	
   …	
   …	
  

369 Tebuco-­‐
nazole	
  

 
 
 
 
 
 
 

-­‐21	
   -­‐24	
   …	
   -­‐18	
  

Descriptor #:      1            2           …    182 



SMOOTHING CONCENTRATION-
RESPONSE CURVES (NOISE 
SUPPRESSION). 

Sedykh A, Zhu H, Tang H, Zhang L, Richard A, Rusyn I, Tropsha A. EHP, 2011, 119(3):364-70 



Modeling Workflow 



Smoothing the concentration-
response data improves the 

prediction accuracy of hybrid models. 

% 
Chemical 

descriptors 
only 

Hybrid 
descriptors 
(Original) 

Hybrid 
descriptors 

(THR=15%) 

Sensitivity 68±8 63±9 76±5 

Specificity 85±4 86±4 87±2 

CCR 76 ±5 * 74 ±5 82 ±3 

Sensitivity 74±9 66±8 77±10 

Specificity 82±7 87±4 86±3 

CCR 78 ±4 * 77 ±5 82 ±5 

Shown	
  are	
  averaged	
  results	
  of	
  five-­‐fold	
  external	
  valida5on.	
  *Chemical	
  descriptors	
  only	
  models	
  were	
  significantly	
  
different	
  (p	
  <	
  0.05)	
  from	
  all	
  other	
  models	
  of	
  the	
  corresponding	
  group	
  by	
  the	
  permuta5on	
  test	
  (10,000	
  5mes).	
  

kNN	
  	
  
models	
  

Random	
  
Forest	
  	
  (RF)	
  
models	
  



Hybrid QSAR models have higher 
predictive power than commercial 

software TOPKAT  

% TOPKAT 

Chemical 
descriptors only 

Hybrid 
descriptors 
(Original) 

Hybrid descriptors 
(THR=15%) 

kNN RF kNN RF kNN RF 

Sensitivity 0.45 0.73 0.73 0.55 0.82 0.91 0.91 

Specificity 0.93 0.78 0.80 0.85 0.78 0.85 0.83 

CCR 0.69 * 0.75 0.77 0.70 0.80 0.88 0.87 

Results	
  are	
  shown	
  	
  for	
  52	
  compounds	
  in	
  our	
  external	
  valida5on	
  sets,	
  which	
  were	
  also	
  absent	
  in	
  
the	
  TOPKAT	
  training	
  set.	
  	
  
*TOPKAT	
  model	
  was	
  significantly	
  different	
  (p	
  <	
  0.05)	
  from	
  all	
  other	
  models	
  by	
  the	
  permuta5on	
  
test	
  (10,000	
  5mes).	
  



Hybrid	
  QSAR:	
  Predic5ng	
  subchronic	
  hepatotoxicity	
  using	
  
both	
  chemical	
  descriptors	
  and	
  24h	
  toxicogenomics	
  
profiles	
  

In	
  vivo	
  hepaNc	
  
gene	
  expression	
  
(24h,	
  high	
  dose	
  )	
  

Rats	
  in	
  triplicates	
  
6-­‐8	
  weeks	
  old	
  
Sprague	
  Dawley	
  

Data	
  source:	
  Japanese	
  toxicogenomics	
  project;	
  Open	
  TG-­‐GATEs	
  htp://toxico.nibio.go.jp/	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  

Liver	
  histopathology	
  

Clinical	
  chemistry	
  

Doses:	
  low,	
  med,	
  high	
  	
  

0	
  

10	
  

20	
  

30	
  

40	
  

50	
  

60	
  

70	
  

Nontoxic	
   Toxic	
  

42%	
  
toxic	
  

58%	
  
Non-­‐
toxic	
  

127	
  compounds	
  in	
  2	
  classes	
  

Assigned	
  by	
  
pathologists	
  

Subchronic	
  28-­‐day	
  
hepatotoxicity	
  

Predict	
  

Time	
  points:	
  	
  
3h,	
  6h,	
  9h,	
  24h,	
  	
  
3,	
  7,	
  14	
  and	
  28	
  days	
  	
  



Selec5on	
  of	
  chemical	
  descriptors	
  and	
  transcripts	
  for	
  
model	
  building	
  

31,042	
  	
  	
  
genes	
  

2,991	
  	
  	
  	
  	
  
genes	
  

For	
  toxicogenomic	
  
models	
  

For	
  QSAR	
  
models	
  

127	
  curated	
  
compounds	
  

2,030	
  Dragon	
  
descriptors	
  

304	
  Dragon	
  
descriptors	
  

185	
  MOE	
  
descriptors	
  

116	
  MOE	
  
descriptors	
  

Compare	
  with	
  
treated	
  control	
  

Removal	
  of	
  	
  low-­‐variance	
  and	
  highly	
  correlated	
  descriptors	
  

Top	
  4	
  genes	
  

Top	
  30	
  genes	
  

Top	
  100	
  genes	
  

Top	
  400	
  genes	
  

	
  2,923	
  genes	
  

Rank	
  by	
  significant	
  
difference	
  
between	
  toxic	
  and	
  
nontoxic	
  classes	
  

2,297	
  SiRMS	
  
descriptors	
  

271	
  SiRMS	
  
descriptors	
  

Chemistry-based modeling Toxicogenomics-based modeling 

Low	
  et	
  al.	
  Chem.	
  Res.	
  Toxicol.	
  24,1251-­‐1262	
  (2011)	
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  Sensi5vity)/2	
  



Model	
  interpreta5on	
  (biology):	
  Pathway	
  analysis	
  
shows	
  that	
  selected	
  genes	
  are	
  mechanis5cally	
  

relevant	
  
A B C 

Red	
  	
  	
  	
  =	
  up-­‐regulated	
  transcripts	
  	
  
Green	
  =	
  down-­‐regulated	
  transcripts	
  

Hnf4a	
  is	
  assoc.	
  with	
  
•  Morphological	
  and	
  

func5onal	
  
differen5a5on	
  of	
  
hepatocytes	
  

•  Liver	
  architecture	
  
•  ER	
  stress	
  	
  

Myc	
  is	
  assoc.	
  with	
  
•  Cell	
  prolifera5on	
  
•  Cell	
  differen5a5on	
  
•  Apoptosis	
  

Cellular	
  func5on-­‐	
  and	
  
maintenance-­‐related	
  

interactomes	
  

Networks	
  were	
  generated	
  by	
  IPA	
  (Ingenuity)	
  

(Parviz	
  2003,	
  Wat	
  2003,	
  Luebke-­‐Wheeler	
  2008)	
  

(Lin	
  2009)	
  



Model	
  Interpreta5on	
  (chemistry)	
  Significant	
  chemical	
  
descriptors	
  are	
  interpreted	
  in	
  the	
  form	
  of	
  structural	
  
alerts	
  

N-­‐hydroxylamines	
  
Nitroso	
  compounds	
  

Toxic	
  species	
  

sulfur	
  species	
  

Alkyl	
  radicals	
  

Epoxides	
  



Why	
  is	
  gene	
  expression	
  more	
  predic5ve	
  
than	
  chemical	
  descriptors?	
  

•  Small	
  and	
  chemically	
  diverse	
  data	
  set	
  
– Too	
  few	
  congeneric	
  compounds	
  	
  is	
  a	
  challenge	
  for	
  
QSAR	
  

•  Effect	
  of	
  ac5vity	
  cliffs	
  
– 50%	
  of	
  top	
  40	
  nearest	
  neighbor	
  pairs	
  in	
  chemistry	
  
space	
  are	
  ac5vity	
  cliffs	
  

– 33%	
  of	
  top	
  40	
  nearest	
  neighbor	
  pairs	
  in	
  biology	
  space	
  
are	
  ac5vity	
  cliffs	
  



In Vitro Assays 

Chemical Structure 

Dataset	
  Modelability:	
  does	
  it	
  make	
  
sense	
  to	
  model	
  any	
  SAR	
  data?	
  

Example:	
  Poor	
  	
  structure	
  –	
  in	
  vivo	
  or	
  in	
  vitro-­‐in	
  vivo	
  correla5ons	
  for	
  Toxcast	
  data*	
  

Toxicol	
  Sci.	
  2012	
  Aug;128(2):398-­‐417.	
  	
  



The Concept of Modelability 
•  We often fail to build a predictive QSAR model. 

However, it may be possible to evaluate 
modelability of the dataset prior to QSAR 
study. 

•  MODI-index: Balanced accuracy (BA) of a kNN 
model with K=1 (the activity class of each 
compound is predicted to be the same as that of 
its nearest chemical neighbor) 

 

      
CONFUSION MATRIX 

PREDICTED     OBSERVED 
CLASS 0 

OBSERVED 
CLASS 1 

TOTAL 

CLASS 0 N00 N10 N.0 
CLASS 1 N01 N11 N.1 
TOTAL N0.=N0 N1. =N1 N..=N 

SE = N00/N0 
SP = N11/N1 
 
BA = ½ (SE + SP) 



Prediction of Dataset 
Modelability 

44 diverse datasets 

60 ToxCast datasets 

Golbraikh A, et al. Data Set Modelability by QSAR. J Chem Inf Model. 2014, 54(1):1-4 



68- 75% BAcc 
Hybrid	
  models	
  

Chemical	
  descriptors	
  
	
  

QSAR	
  
models	
  

Data	
  source:	
  

Hepatotoxicity	
  
(28	
  day)	
  

127	
  drugs	
  

55-61% 
BAcc 

Toxicogenomics	
  
models	
  

Toxicogenomics	
  expression	
  
(24h)	
  

Top	
  400	
  genes	
  

Top	
  100	
  genes	
  

Top	
  30	
  genes	
  

Top	
  4	
  genes	
  

	
  2,923	
  genes	
  

Rank	
  by	
  
differen5al	
  
expression	
  

69-78% 
BAcc 

	
  	
   QSAR	
  	
  	
  	
  <	
  	
  	
  	
  	
  	
  	
  Hybrid	
  	
  	
  	
  <	
  	
  	
  	
  	
  Toxicogenomics	
  
	
  models	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  models	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  models	
  	
  

4	
  classifica5on	
  methods	
  
(RF,	
  SVM,	
  kNN,	
  DWD)	
  

Low	
  et	
  al.	
  (2011)	
  Chem.	
  Res.	
  Toxicol.	
  24,1251-­‐1262	
  



Conflicting Predictions by  
QSAR and Toxicogenomics Models 
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  chemical	
  neighbors	
  
=>	
  TGx	
  similarity	
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Improved 
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Learn from both 
sets of neighbors 
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ToxMatch,	
  EU	
  

QSAR	
  Toolbox,	
  OECD	
  

AIM,	
  US	
  EPA/OPPT	
  

Chemical Read-Across: Learning from 
Similar Compounds 



wrongly	
  predicted	
  
as	
  toxic	
  

Chemical-­‐biological	
  read-­‐across	
  (CBRA):	
  
learning	
  from	
  both	
  sets	
  of	
  neighbors	
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Bendazac 
Toxic 
0.790 

Phenytoin  
Non-toxic 

0.813 

Flutamide  
Toxic 
0.783 

Pemoline  
Non-toxic 

0.766 

Chloramphenicol  
Toxic 
0.776 

Phenylbutazone  
Non-toxic 

0.737 

Disulfiram  
Toxic 
0.770 

Phenobarbital  
Non-toxic 

0.721 

Phenylanthranilic acid 
Non-toxic 
0.767 
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CARBAMAZEPINE

0.9 

0.8 

0.7 

similarity = 0.6 

Biological	
  neighbors	
  
(nearest	
  on	
  top)	
  

Chemical	
  neighbors	
  

rightly	
  predict	
  	
  
as	
  nontoxic	
  

	
  	
  	
  

CARBAMAZEPINE 
Non-toxic 

OH2N

N

overall	
  correctly	
  predicted	
  as	
  nontoxic	
  

Apred=similarity-­‐weighted	
  average	
  of	
  toxicity	
  values	
  

Low	
  et	
  al,	
  Chem	
  Res	
  Toxicol.	
  2013,	
  26(8):1199-­‐208	
  



CBRA	
  outperforms	
  other	
  models	
  

•  Single	
  space	
  approaches	
  replicated	
  previous	
  results:	
  TGx	
  >	
  hybrid	
  >	
  QSAR	
  

•  Mul5-­‐space	
  kNN	
  read-­‐across,	
  using	
  both	
  chemical	
  and	
  toxicogenomic	
  
neighbors,	
  had	
  the	
  highest	
  predic5ve	
  power	
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Model	
   Specificity	
   SensiNvity	
  

Balanced	
  
accuracy	
  
(CCR)	
  

Chemical	
  
read-­‐across	
  

0.73	
  ±	
  0.07	
   0.34	
  ±	
  0.05	
   0.53	
  ±	
  0.04	
  

Biological	
  
read-­‐across	
  

0.85	
  ±	
  0.07	
   0.66	
  ±	
  0.04	
   0.76	
  ±	
  0.04	
  

Hybrid	
  
read-­‐across	
  

0.85	
  ±	
  0.07	
   0.58	
  ±	
  0.04	
   0.72	
  ±	
  0.04	
  

MulN-­‐space	
  
read-­‐across	
  

0.89	
  ±	
  0.07	
   0.66	
  ±	
  0.04	
   0.78	
  ±	
  0.04	
  

Results	
  of	
  5-­‐fold	
  external	
  cross-­‐valida5on	
  

Low	
  et	
  al,	
  Chem	
  Res	
  Toxicol.	
  2013,	
  26(8):1199-­‐208	
  



Balanced Accuracy Coverage

LD50

Ames

HepCarci

Heptox

0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

Balanced Accuracy 
0.0 0.2 0.4 0.6 0.8 1.0 

| | | | | | 

Rat Hepatotoxicity 
127 compounds 
85 genes 

Chemical 
Biological 

Hybrid 
Ensemble 

CBRA 

Rat Hepatocarcinogenicity 
132 compounds 
200 genes 

Chemical 
Biological 

Hybrid 
Ensemble 

CBRA 

Mutagenicity (Ames Test) 
185 compounds 
148 cytotoxicity assays 

Chemical 
Biological 

Hybrid 
Ensemble 

CBRA 

Rat Acute Toxicity (Oral LD50) 
122 compounds 
148 cytotoxicity assays 

Chemical 
Biological 

Hybrid 
Ensemble 

CBRA 

CBRA	
  Shows	
  Consistently	
  Top	
  Performance	
  for	
  
Four	
  Benchmark	
  Data	
  Sets	
  

Low	
  et	
  al,	
  Chem	
  Res	
  Toxicol.	
  2013,	
  26(8):1199-­‐208	
  



Radial	
  Plots	
  Visualize	
  both	
  Chemical	
  and	
  Biological	
  
Similarity	
  to	
  Help	
  Forming	
  the	
  Read-­‐across	
  Argument	
  

46 
Low	
  et	
  al,	
  Chem	
  Res	
  Toxicol.	
  2013,	
  26(8):1199-­‐208	
  



Conclusions	
  and	
  Outlook	
  
•  Rapid	
  accumula5on	
  of	
  large	
  biomolecular	
  datasets	
  
(especially,	
  in	
  public	
  domain):	
  
–  Strong	
  need	
  for	
  both	
  chemical	
  and	
  biological	
  data	
  cura5on	
  
–  Cheminforma5cs	
  approaches	
  support	
  biological	
  data	
  
cura5on	
  	
  

•  Novel	
  approaches	
  towards	
  Integra5on	
  of	
  inherent	
  
chemical	
  proper5es	
  with	
  short	
  term	
  biological	
  profiles	
  
(biological	
  descriptors	
  )	
  	
  
–  improve	
  the	
  outcome	
  of	
  structure	
  –	
  in	
  vitro	
  –	
  in	
  vivo	
  
extrapola5on	
  

•  Interpreta5on	
  of	
  significant	
  chemical	
  and	
  biological	
  
descriptors	
  emerging	
  from	
  externally	
  validated	
  models	
  	
  
–  inform	
  the	
  selec5on	
  or	
  design	
  of	
  effec5ve	
  and	
  safe	
  
chemicals	
  and	
  focus	
  the	
  selec5on	
  of	
  assays	
  

•  Tool	
  and	
  data	
  sharing	
  
–  Pubic	
  web	
  portals	
  (e.g.,	
  Chembench,	
  OCHEM)	
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http://chembench.mml.unc.edu 
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