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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

Cancer
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ImmunoTox

Bioinformatics/
Machine Learning

computational

HTS 
-omics

in vitro testing

$Thousands

+

EPAs Contribution:  The ToxCast Research Program



Office of Research and Development
National Center for Computational Toxicology
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Slide courtesy of Dr. Ann Richard (modified) 



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
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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-vivoFor eachIn-vitro vs. In-vivoprofile (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
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Comparison of ExternalPrediction 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
Property 
Relationships
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QFAR modeling using hybrid chemical-biological descriptors
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%
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
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% 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
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*Low et al. Predicting Drug-induced Hepatotoxicity Using QSAR and Toxicogenomics Approaches.
Chem. Res. Toxicol., 2011, 24(8):1251-62.
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Gene expression data used: taken from rats treated 
with the highest dose after 24h. 

%
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http://toxico.nibio.go.jp/
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Pairwise distance in chemical space

chemmat

D
en

si
ty

0 2 4 6 8 10 12

0.
00

0.
05

0.
10

0.
15

0.
20

0.
25

0
.3

0

����,�������


1 1 0 0 0 1

Key:
Yobs Ypred,gene Ypred,chem

/�K�

�3����
���������������4���������������������, �������

�



�+� �
��
*��� �������� 	
������
0��8� ���
���7��������4�
��������4���*������� /18/ ����
3��3/ <����

*�,����.��
�
��7
�� 01�; ����
53�56 �������������������
� 015� ����
8��;� ���
��������������������� 01/� ����
8����/ �4�
���
��������<��������� 01/0 ����
80�;� ����������������
���� 010� ����
5/�50 4��
�����
���
�*�4���7��� 0103 ����
�;���/ ����

��������4��
� 0108 ����
30�3; ������������������

�
����� 0106 ����
6�;; ���4�4�����
�4�
�������������������� 018� ����
�/�0/ �4����
����4���
��7��� 018/ ����
/��03 ���

������������������� 018/ ����
8�6� ���4
�����������
��
��� 0188 ����
������8 ����7
������4�
������
�� 01;� ����
//�85 ���4���7
������4���*�
� 81�� ����
00�83 ��*��

������
����������� 81�� ����
68���5 �*�����������
��������� 8153 ����
��58 ��
���7�����4�
����7��� 8135 ����
/;�05 ������������������� 8130 ����
0����/ �4�
����4����
����������
��� 81/; ����
38�6; �
�*������������
�� 810; ����
�8���0 ���
�*���
���,���
����� 8185 ����
33�0; ���4���������
*�
������ 81;/ ����
�6��� ����

*����
�������7���� 81;/ ����
0���� ��

�����������7�
���
�� 816� ����
3����3 ���4������
����
����������4���
�� 816� ����
2 2 2
5���� ����
��������4�
����������
��
������ ;1/0 ���
2 2 2
;8���5 �*����������4�
������ ��136 ���

0 0 1 0 0 0

0 0 1 0 0 0

0 0 0 0 0 0

Key:
Yobs Ypred,gene Ypred,chem

1 1 1 1 1 0

Pairwise distance in genetic space

D
en

si
ty

5 10 15 20 25

0.
00

0
.0

5
0.

10
0.

15

55K�

�3����
��������������<������������
���������� ������,�������

�



���
,����
�����*��.))�����
��49��������<�
�
��
���������4���������� �
���
<��
�������<4�
���&.A/'

phenytoin

pemoline
phenylbutazone

phenobarbital

adapin

flutamide

ethambutol
ethinylestradiol

methimazole

terbinafine

carbamazepine

ethinylestradiol

methyltestosterone
quinidine

tamoxifen

papaverine

ticlopidine

acetaminophen
nimesulide

thioacetamide

methapyrilene

danazol

nitrofurantoin

nifedipine
puromycin aminonucleoside
enalapril

monocrotaline

phenacetin

thioacetamide
ticlopidine

nimesulide

acetaminophen

nitrofurazone

quinidine

cephalothin
ranitidine

diltiazem

sulpiride

carbamazepine

ethambutol
terbinafine

clofibrate

diltiazem

omeprazole

colchicine

quinidine
tamoxifen

bendazac

adapin

disopyramide

methotrexate
mexiletine

naphthyl isothiocyanate

penicillamine

papaverine

mefenamic acid

ibuprofen
phenobarbital

acetamidofluorene

nifedipine

methapyrilene

carbamazepine
fenofibrate

disulfiram

gemfibrozil

phenylanthranilic acid

phenylbutazone

carbamazepine
phenobarbital

pemoline

acetamidofluorene

phenobarbital

sulfasalazine
propylthiouracil

hydroxyzine

tolbutamide

phenytoin

quinidine

amiodarone
papaverine

enalapril

adapin

penicillamine

ajmaline
naphthyl isothiocyanate

disopyramide

mexiletine

tamoxifen

coumarin

valproic acid
ibuprofen

nicotinic acid

gemfibrozil

tolbutamide

metformin
phenytoin

sulfasalazine

promethazine

aspirin

benzbromarone

amiodarone
ethinylestradiol

methyltestosterone

simvastatin

clofibrate

phenobarbital
propylthiouracil

trimethadione

simvastatin

benziodarone

pemoline

diclofenac
mexiletine

acetaminophen

lomustine

penicillamine

methotrexate
captopril

enalapril

nicotinic acid

cyclophosphamide

acetamidofluorene

lomustine
phenytoin

chlorpheniramine

clomipramine

propylthiouracil

phenobarbital
griseofulvin

phenytoin

naphthyl isothiocyanate

diazepam

methyltestosterone

danazol
benziodarone

vitamin A

simvastatin

methimazole

ethambutol
flutamide

chloramphenicol

carbamazepine

ethinylestradiol

ibuprofen

vitamin A
simvastatin

benziodarone

benzbromarone

clofibrate

carbamazepine
terbinafine

chloramphenicol

methyltestosterone

gemfibrozil

bromobenzene

methimazole
trimethadione

aspirin

tacrine

naphthyl isothiocyanate

tolbutamide
methotrexate

hydroxyzine

allyl alcohol

hexachlorobenzene

diazepam

phenobarbital
phenytoin

chloramphenicol

phenylanthranilic acid

iproniazid

nicotinic acid
ethanol

diclofenac

enalapril

lomustine

ethionamide

promethazine
tacrine

methapyrilene

propylthiouracil

mexiletine

papaverine
methotrexate

captopril

disopyramide

naphthyl isothiocyanate

methapyrilene

chlorpromazine
thioridazine

imipramine

perhexiline

metformin

ajmaline
naphthyl isothiocyanate

methyldopa

tamoxifen

promethazine

ethinylestradiol

simvastatin
gemfibrozil

ibuprofen

methyltestosterone

disopyramide

methotrexate
penicillamine

enalapril

monocrotaline

vitamin A • ���4��
��������.����
���<4�
��&�
�9��4������E�

• �
��
�9�	=�'
• 	4���
����������������<4�
���

�4���
�<����������<
����
�
��
�4����������
��4���
����1

• )
��
�����������.�����
	
���������������

• ���4��
��������.����
���<4�
��&�
�9��4������E�

• �
��
�9�	=�'
• 	4���
����������������<4�
���

�4���
�<����������<
����
�
��
�4����������
��4���
����1

• )
��
�����������.�����
	
���������������



�
�����*��,�1�@��������������
���.))��

���'()�	� ����� $�*���$ )+ , ���� ���� ��-

�(�����.  
���'()�	� ��.+

5�3����<
������ 8 �1/0 �10/ �1/6

&�����'������ 
���'()�	� ��.+

;/������������ / �18/ �186 �183

/+)	�$ ���'()�	� 5�3����<
������
;/�������������
	�=�	@�"

0 �106 �188 �18�

�(�����. 
���'()�	� 0 
������'������ 
���'()�	�

5�3����<
�������
;/�������������
%�(�"�	�:L

/ �180 �1;� ��%�

"��*�����
����/�

��������!
/�

��������!�*�����
��������
�������.



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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