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ChemBench web portal (chembench.mml.unc.edu)
A Cheminformatics Workbench for Data Exploration,

Model Building and Toxicity Evaluation

Novel workflows for hybrid and integrative QFAR 
Modeling (with examples of applications):
-Hierarchical modeling based on in vitro – in vivo 
Correlations

- Hybrid chemical-biological descriptors
- Consensus between chemical and biological neighbors

Introductory notes on QSAR and modern data streams:
Chemical Structure – in vitro – in vivo data continuum1

2

3

OUTLINE

Conclusions and outlook: QSAR modeling 
workflows and the use of QSAR for decision 
support



QSAR modeling progression

• Experimental Data

– Structure

– Activity

• Validated models of data

– Descriptors

– Statistical/machine learning techniques

• Data inputation and experimental 
confirmation

• Reliable models to enable decision 
support (both in research and regulations)

= pain

= gain



Current Problems and Challenges 
in QSAR modeling

• (partially) solved problems:
– Descriptors

– Modeling techniques (statistical/machine learning)

– Model validation approaches

– Virtual screening and experimental validation of 
predictions (low bar)

• Challenges
– Chemical and biological data curation and correction

– New workflows integrating QSAR with available 
experimental data

– Utility of QSAR models outside of research labs 
(especially, regulatory acceptance)

– New application areas (e.g., materials informatics; 
nanotoxicology; integration with PK/PD modeling)



QSAR and Chemical Toxicity 
Testing in 21 Century
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EPAs Contribution:  The ToxCast Research Program
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In vivo toxicity 

models

Chemical    substances

Data collection and curation

Public toxicity data Structural data

ChemBench portal

Chemical 

descriptors

Biological 

descriptors

Combi-QSAR 

modeling

Data Continuum/Modeling workflow



The importance of DATA to enable
any informatics-dependent discipline: 
bioinformatics example

“Sequence data” vs. “bioinformatics 



“Chemical databases” vs “chemoinformatics” or
“cheminformatics 

The importance of DATA to enable
any informatics-dependent discipline: 
cheminformatics example



Cheminformaticians are at the mercy of data providers. Prediction 
performance of (Q)SAR models could depend strongly on the 
quality of input data (both structures and activities).

Both chemical and biological data in a dataset may be inaccurate 
and in need of thorough curation

The number of published QSAR models that were  poor or not too 
successful due to data quality issue is unknown but possibly large

Often considered trivial, the basic steps to curate a dataset of 
compounds are not so obvious especially for beginners. 

Data dependency and data quality 
are critical issues in QSAR modeling



242 chemical records + 1 binary activity

Looks clean …



Looks clean … but …
Calculation of Dragon molecular descriptors

All compounds are in fact incorrect
(presence of inorganics, salts, organometallics, 

duplicates; certain hydrogens are lacking; wrong 

standardization; etc.)

http://chembench.mml.unc.edu
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QSAR modeling with non-curated datasets

C

CH
3

CH
3

CH
3

N

O

H
3
C CH

2

CH
3

O

O–

Na+

Presence of SALTS

Presence of MIXTURES
OH

Presence of ERRONEOUS AND/OR
WRONG STRUCTURES

Presence of DUPLICATES

Presence of MISPRINTS
AND WRONG NAMES

Etc.

ERRORS in the calculation
of DESCRIPTORS



INITIAL LIST OF SMILES/STRUCTURES

(2D representation)

difficult cases

Fourches, 

Muratov, 

Tropsha. 

Trust but 

verify. JCIM, 

2010, 29, 476 –

488.



Procedures Software Availability

Inorganics 

Removal

ChemAxon/JChem

OpenEye/Filter

Free for Academia

Free for Academia

Structure 

Normalization
(fragment removal, 
structural curation, 
salt neutralization)

ChemAxon/Standardizer

OpenBabel

Molecular Networks/

CHECK,TAUTOMER

Free for Academia

Free

Commercial

Duplicate 

Removal

ISIDA/Duplicates

HiT QSAR

CCG/MOE

Free for Academia

Free for Academia

Commercial

SDF 

management/

viewer

File format 

converter

ISIDA/EdiSDF

Hyleos/ChemFileBrowser

OpenBabel

ChemAxon/MarwinView

CambridgeSoft/ChemOffice

Schrodinger/Canvas

ACD/ChemFolder

Symyx Cheminformatics

CCG/MOE

Accelrys/Accord

Tripos/Benchware Pantheon

Free

Free

Free

Free for Academia

Commercial

Commercial

Commercial

Commercial

Commercial

Commercial

Commercial

Summary of major 
procedures and 
corresponding 

relevant software 
for every step of 
the data curation 

process 



The effect of curation on dataset 
size.



Where:
TP – Tetrahymena pyriformis dataset, (NM) – modeling with various representations of nitro groups
R2 - determination coefficient, Q2 - cross validation determination coefficient
R2

EF- determination coefficient for external folds extracted from the modeling set
Sws - standard error of a prediction for work set
Scv - standard error of prediction for work set in cross validation terms
Sts - standard error of a prediction for external folds extracted from the modeling set
A - number of PLS latent variables, D - number of descriptors, M - number of molecules in the work set
R2

EVS - determination coefficient for external validation set
R2

EVS(NM) - determination coefficient for external validation set with shuffled nitro groups
AUC – Area Under Curve statistical parameter
RF – Random Forest, SVM – Supporting Vector Machine, GP – Gaussian Processes, * Prediction performances are reported for external validation set.

Statistical parameters of QSAR models before 
and after curation.



QSAR modeling of nitro-aromatic
toxicants 

-Case Study 1: 28 compounds tested in rats, 
log(LD50), mmol/kg.
-Case Study 2: 95 compounds tested against 
Tetrahymena pyriformis, log(IGC50), mmol/ml.

-Case Study 2: the presence of different nitro representations in external sets 
significantly modified the overall prediction accuracy obtained by models trained with 
standardized (R2

ext~0.5)  vs. non-standardized (R2
ext<0) compounds. 

Artemenko, Muratov et al. J. SAR QSAR 2011, Accepted.

Five different representations of nitro groups were 
identified and mixed within modeling and external sets. 
-Case Study 1:  external predictivity of PLS models  (using 2D 
SiRMS descriptors) dramatically increased from R2

ext~0.45 to 
R2

ext~0.9 after the normalization of nitro groups.

Results show that even small differences in structure representation 
can lead to significant errors, and even robust and inherently predictive 
models can fail on non-curated external validation sets. 

Data curation improves the true accuracy 

(up or down!) of QSAR models



Case Study  I:
A Two-step Hierarchical QSAR 

Modeling Workflow for Predicting 
in vivo Chemical Toxicity* 

*Zhu, Richard, Rusyn, Wright, et al, EHP, 2009, 117(8):1257-64



Focusing on a small subset of 
ToxCast™ data: Chronic Mouse 

Toxicity
• Continuity (overlaps with previous ToxRefDB data)

• Manageable (has only 7 in-vivo assays)

• 3 assays with the highest fraction of actives chosen 
for initial studies:

CHR_Mouse_LiverProliferativeLesions (87 actives)

CHR_Mouse_LiverTumors (68 actives)

CHR_Mouse_Tumorigen (88 actives)

• 1 composite endpoint:

CHR_Mouse_Liver_tox (110 actives)



Data partitioning based on in vitro-in vivo
correlations as part of the QSAR Modeling 
workflow

• Binary classification QSAR for “baseline” (II & III) vs. 
off-line  (I & IV) using chemical descriptors only

In-vitro

In-vivo
For each In-vitro vs. In-vivo profile (3 x 353 = 1059 combinations):
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Modeling Workflow for ~1400 in vitro – in vivo Series 

Using Various QSAR Approaches and Dragon descriptors



Toxic or 

non-toxic?
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Comparison of External Prediction Accuracy of 

conventional vs. hierarchical QSAR Models



Case Study 2. Hybrid chemical-biological 
(short-term assays) descriptors* 

Zhu et al, EHP, 2008, (116): 506-513
Sedykh A, Zhu H, Tang H, Zhang L, Richard A, Rusyn I, Tropsha A. 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. 



Quantitative
Structure
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QSAR TABLE – CHEMICAL 

DESCRIPTORS

ID Name Structure MW
arom.

atoms
… -C- sp2

1 Acrolein 56.0 0 … 1

2
2-Amino-4-

nitrophenol
154.0 6 … 6

... ... … … … … …

369
Tebuco-

nazole
307.1 11 … 5

Descriptor #:   1            2              … 201



IN VITRO DOSE-RESPONSE DATA 

IMPROVE THE PREDICTIVE POWER 

OF QSAR MODELS
Case Study: prediction  of in vivo toxicity (rat LD50 )

•1408 substances 

•382 chemical structure descriptors (Dragon v5.5)

• 13 in vitro NCGC cell viability assays * :

� qHTS (quantitative HTS) data

� 14 test concentrations: 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



CHEMICAL AND BIOLOGICAL 

SIMILARITIES DO NOT 

CORRELATE!
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Pairwise distances of modeling compounds  in space of chemical (y-axis) and biological (x-axis) descriptors:

Between “toxic” compounds;     Between “non-toxic” compounds;     Between “toxic” and “non-toxic” compounds

Toxic

Non-toxic

CAS#101-96-2

CAS#793-24-8

Space of qHTS descriptors

CAS#79-43-6

CAS#92-52-4

Both non-toxic

CAS#141-44-4

CAS#116-06-3
Both toxic

Similar chemicals 
can be distant in 
biological space.

Similar chemicals 
can be distant in 
biological space.

Structurally different 
chemicals can be close 
in biological space.

Structurally different 
chemicals can be close 
in biological space.



EXAMPLES OF QHTS CONCENTRATION-

RESPONSE CURVES AND THEIR NOISE-

FILTERING TRANSFORMATIONS



MODELING WORKFLOW



NOISE-REDUCTION APPLIED TO 

CONCENTRATION-RESPONSE DATA IMPROVES 

PREDICTION ACCURACY  OF HYBRID MODELS.

%

Chemical 

descriptors

only

Hybrid 

descriptors 

(Original, 

binary)

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 validation. *Chemical descriptors.only models were
significantly different (p < 0.05) from all other models of the corresponding group by the permutation test 
(10,000 times).

kNN 
models

kNN 
models

Random 
Forest  (RF) 
models

Random 
Forest  (RF) 
models



BIOLOGICAL DESCRIPTOR 

ANALYSIS
Relative contribution of qHTS dose-response descriptors to QSAR models 

varies between cell-lines

Average frequency

Both high and low concentrations appear as significant descriptors



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 validation sets, which were also absent in 

the TOPKAT training set. 

*TOPKAT model was significantly different (p < 0.05) from all other models by the permutation 

test (10,000 times).



Case Study 3: QSAR + Toxicogenomics*

*Low et al. Predicting Drug-induced Hepatotoxicity Using QSAR and Toxicogenomics Approaches.
Chem. Res. Toxicol., 2011, 24(8):1251-62.



Data available from TGP

127 drugs

Hepatotoxicity 
(based on serum 

chemistry and 
histopathology)

Hepatotoxicity 
(based on serum 

chemistry and 
histopathology)

58%

Non-

toxic

42%

toxic

Gene expression data used: taken from rats treated 
with the highest dose after 24h. 

Source: Uehara 2010

http://toxico.nibio.go.jp/



Chemical curation and feature selection



Predicting hepatotoxicity from 

chemical descriptors and/or gene expression
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Correct 

Classification 

Rate (CCR)

5-fold external cross validation

Classification methods used:  

k nearest neighbour, 

Support vector machine

Random forests

up to 127 x 2923up to 127 x 304



CID Compounds Distance Toxicity

74,118 mefenamic acid, phenylanthranilic acid 0.54 0, 0

40,53 methyltestosterone, ethinylestradiol 1.66 1, 1

63,64 imipramine, amitriptyline 1.91 0, 0

20,110 benzbromarone, benziodarone 2.03 1, 1

83,84 theophylline, caffeine 2.21 1, 0

72,127 erythromycin ethylsuccinate, doxorubicin 2.30 0, 0

5,14 valproic acid, aspirin 2.39 0, 1

24,94 methapyrilene, promethazine 2.48 1, 1

11,25 phenylbutazone, phenytoin 2.50 0, 0

16,115 thioacetamide, ethanol 2.53 1, 0

116,117 phenacetin, bucetin 2.56 1, 1

30,66 gemfibrozil, ibuprofen 2.62 1, 0

52,67 tamoxifen, quinidine 2.63 0, 0

44,105 perhexiline, terbinafine 2.67 0, 1

17,49 carbamazepine, pemoline 2.75 0, 0

19,62 nitrofurantoin, nitrofurazone 2.80 0, 0

10,112 allyl alcohol, bromoethanamine 2.81 1, 0

8,46 rifampicin, tetracycline 2.87 0, 0

85,95 papaverine, colchicine 2.88 0, 1

77,103 chlorpheniramine, clomipramine 2.94 0, 1

99,111 simvastatin, etoposide 3.00 1, 0

38,122 adapin, acetamidofluorene 3.03 0, 1

2,60 isoniazid, iproniazid 3.03 0, 0

39,82 labetalol, enalapril 3.13 0, 0

104,123 trimethadione, nitrosodiethylamine 3.46 1, 1

58,90 tacrine, mexiletine 3.48 0, 1

9,113 naphthyl isothiocyanate, ethionamide 3.53 1, 1

56,78 monocrotaline, nifedipine 3.59 1, 0

69,107 fenofibrate, chlormadinone 3.65 1, 0

1,54 acetaminophen, methyldopa 3.69 1, 0

… … …

36,75 fluphenazine, famotidine 6.56 0,0

1 1 1 1 1 1

0 0 11 1 1

0 0 1 0 0 0

Activity cliff

Pairwise distance in chemical space
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50% of 40 closest pairs in chemical space are activity cliffs



CID Compounds Distance Toxicity

60,72 iproniazid, erythromycin ethylsuccinate 5.75 0, 0

42,45 griseofulvin, ketoconazole 6.18 0, 0

34,39 cimetidine, labetalol 6.30 0, 0

71,82 nicotinic acid, enalapril 6.50 0, 0

70,125 chlorpropamide, gentamicin 6.56 1, 0

76,81 ranitidine, captopril 6.62 0, 0

35,36 haloperidol, fluphenazine 6.64 0, 0

18,115 diclofenac, ethanol 6.67 0, 0

46,48 tetracycline, ciprofloxacin 6.69 0, 0

9,88 naphthyl isothiocyanate, triamterene 6.72 1, 0

25,65 phenytoin, hydroxyzine 6.75 0, 0

51,64 metformin, amitriptyline 6.75 0, 0

7,91 methotrexate, tiopronin 6.77 0, 0

102,107 triazolam, chlormadinone 6.81 0, 0

55,73 methimazole, ethambutol 7.00 0, 1

66,74 ibuprofen, mefenamic acid 7.20 0, 0

97,103 sulpiride, clomipramine 7.34 0, 1

2,37 isoniazid, thioridazine 7.43 0, 0

58,63 tacrine, imipramine 7.46 0, 0

61,105 chloramphenicol, terbinafine 7.58 1, 1

47,98 lomustine, acarbose 7.68 1, 0

27,126 allopurinol, vancomycin 7.73 0, 0

44,68 perhexiline, furosemide 7.85 0, 0

19,22 nitrofurantoin, diazepam 7.85 0, 1

6,110 clofibrate, benziodarone 7.91 0, 1

40,104 methyltestosterone, trimethadione 7.92 1, 1

… … …

3,120 carbon tetrachloride, cyclosporine A 8.56 1,1

… … …

87,113 sulindac, ethionamide 20.49 1,1

0 0 1 0 0 0

0 0 1 0 0 0

0 0 0 0 0 0

Key:
Yobs Ypred,gene Ypred,chem
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A novel consensus kNN approach: learning from 

nearest chemical and toxicogenomic neighbors (k=5)
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the longer its diagonal from 

the center to the corner.

• Nontoxic in black text

Toxic in red text



Consensus vs. Hybrid Descriptors kNN  

Neighbors Space defined by k Sens Spec CCR

Chemical  

neighbors only

304 Dragon desc 7 0.56 0.65 0.59

Toxicogenomic 

neighbors only

85 transcripts 5 0.75 0.79 0.74

Hybrid neighbors 304 Dragon desc

85 transcripts 

TOGETHER

6 0.69 0.77 0.71

Chemical 

neighbors & 

toxicogenomic 

neighbors

304 Dragon desc,

85 transcripts 

SEPARATELY

5 0.76 0.80 0.78

Results after 5-fold ext CV

5-fold ext CV used to select optimal k



Conclusions
• Methodology:

– Data curation is critical!

– consensus (collaborative!) prediction using all acceptable 
models

– outcome: decision support tools in selecting future 
experimental  screening sets

• The highest accuracy is achieved by models that 
employ both chemical and biological descriptors of 
compounds

– Integration of cheminformatcs and bioinformatics: predictive 
model s of selected endpoints using integrated short term 
biological profiles (biodescriptors ) and chemical descriptors  
for compound subsets

– New computational approaches (e.g., hybrid and 
hierarchical QSAR)

– Interpretation of significant chemical and biological 
descriptors



Cheminformatics for masses!

http://chembench.mml.unc.edu
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