Chapter 12

A Quantitative High-Throughput Screening Data Analysis
Pipeline for Activity Profiling

Ruili Huang

Abstract

The US Tox21 program has developed in vitro assays to test large collections of environmental chemicals
in a quantitative high-throughput screening (qHTS) format, using triplicate 15-dose titrations to generate
over 50 million data points to date. Counter screens are also employed to minimize interferences from
non-target-specific assay artifacts, such as compound auto fluorescence and cytotoxicity. New data analysis
approaches are needed to integrate these data and characterize the activities observed from these assays.
Here, we describe a complete analysis pipeline that evaluates these qHTS data for technical quality in terms
of signal reproducibility. We integrate signals from repeated assay runs, primary readouts, and counter
screens to produce a final call on on-target compound activity.
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1 Introduction

The US Tox21 program [1—4], a collaboration among the National
Institute of Environmental Health Sciences (NIEHS)/National
Toxicology Program (NTP), the US Environmental Protection
Agency’s (EPA) National Center for Computational Toxicology
(NCCT), the National Institutes of Health (NIH) National Center
for Advancing Translational Sciences (NCATS), and the US Food
and Drug Administration (FDA), is aimed at developing alternative
testing methods that can quickly and efficiently assess the toxic poten-
tial of tens of thousands of environmental chemicals. Working toward
this goal, the Tox21 program has successfully developed various cell-
based assays to serve as in vitro models for toxicity assessment [4—7].
These assays have been miniaturized and validated in a 1536-well
plate format at NCATS for quantitative high-throughput screening
(qHTS) [8]. These assays are currently being screened against a col-
lection of ~10,000 compounds (Tox21 10 K) composed of environ-
mental chemicals and approved drugs as triplicate 15-dose titrations,
generating over 50 million data points to date [9-11].
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The use of qHTS to produce high quality and biologically relevant
data is critical in correlation to in vivo activity, low dose extrapolation, and
risk assessment. However, as with any technology, these assays are not
immune to noise or artifacts that may interfere with the true biological
activity. When a signal is observed in an assay, it is important to be able to
distinguish a true biological effect from an artifact. In addition to “noise”
and experimental variations, common artifacts found with fluorescence or
luminescence-based reporter assays, such as those employed by Tox21,
include compound auto fluorescence [12], interference with the assay
reporter gene [13], and cytotoxicity [6]. Compound auto fluorescence
often interferes with agonist mode assays, in which an increase in signal
indicates activity. Compound interaction with the assay reporter gene itself
could be mistaken for either agonist activity, when the compound activates
the reporter gene, or antagonist activity, when the compound inhibits the
reporter gene. Luciferase and p-lactamase reporters are commonly used in
Tox21 and other HTS assays. Finally, cell-based antagonist mode assays are
often confounded with cytotoxicity interference because both cell death
and inhibition of the target of interest result in a decrease in assay signal.

To minimize compound or assay technology-dependent arti-
facts, all compounds in the Tox21 10 K library are tested for auto
fluorescence at wavelengths used for assay readouts and for luciferase
activity. In addition, each assay is multiplexed with cell viability mea-
surements to identify cytotoxicity interference. The challenge is then
to devise methods to (1) evaluate these qHTS data for technical qual-
ity, e.g., signal reproducibility, and (2) integrate signals from repeated
assay runs, primary readouts and counter screens to produce a final
call on on-target compound activity. Here, we describe a complete
qHTS data analysis pipeline developed at NCATS that begins with
plate level raw data processing, followed by concentration response
curve fitting and classification, data reproducibility evaluation, and
assignment of activity outcomes to compounds through integration
of data from multiple readouts and counter screens. This approach
has been applied to all the qHTS data generated from the Tox21
assay validation runs and 10 Kscreens, and can be adapted to analyze
other qHTS data generated in a similar fashion.

2 qHTS Data Pipeline

2.1 Plate Level Data
Processing, Curve
Fitting

and Classification

During the execution of the screen, quality metrics, such as CV,
S/B, and Z-factor [14], are calculated using raw fluorescence or
luminescence reads from each plate to monitor gross assay perfor-
mance. These metrics are recorded for each plate and examined.
“Failed plates,” identified by abnormally poor values, are inspected
visually and, if necessary, excluded from further data analysis. Upon
completion of an assay run, raw plate reads for each titration point
are first normalized relative to the positive control compound
(100% for agonist mode and -100% for antagonist mode assays)
and DMSO-only wells (0%) placed in the first four columns of
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Table 1

each plate as follows: % Activity=((Vcompound-Vpuso),/
(Vpos - Vpuso)) x 100, where Vcompound denotes the compound
well values, Vpos denotes the median value of the positive control
wells, and Vpuso denotes the median values of the DMSO-only
wells, and then corrected using compound-free control plates (i.e.,
DMSO-only plates) at the beginning and end of the compound
plate stack to remove background patterns and subtle abnormali-
ties such as tip effects or blotting from cell dispenses [15].
Corrected plate data are pivoted to form concentration—response
series, which are subsequently fit to a four-parameter Hill equation [16]
yielding concentrations of half-maximal activity (AC50) and maximal
response (efficacy) values [ 17]. Concentration-response curves are des-
ignated as Class 14 based on eflicacy, the number of data points
observed above background activity, and the quality of fit [18]. Curve
classes are heuristic measures of data confidence. The qHTS curve clas-
sification scheme has been recently amended to better suit the needs of
toxicology research (Table 1) [6]. The most problematic concentration
responses are automatically assigned curve class 5 based on consider-
ations like the direction of activity (observing alternately both increases
and decreases in signal over a short concentration range) and unusually
large signal at low sample concentrations (activity at zero concentration
is estimated to be >3SD of control) [6]. Class 5 curves and other cases
in which an inconsistency between the highest compound activity and
the curve class assigned is identified, such as assigning a compound with

Amended qHTS curve classification

Curve class Description Efficacy p-value? Asymptotes Inflection
1.1 Complete curve >6SDP <0.05 2 Yes
1.2 Complete curve <6SD; >3SD <0.05 2 Yes
1.3 Complete curve >6SD >0.05 2 Yes
14 Complete curve <6SD; >3SD >0.05 2 Yes
2.1 Incomplete curve >6SD <0.05 1 Yes
22) Incomplete curve <6SD; >3SD <0.05 1 Yes
2.3 Incomplete curve >6SD >0.05 1 Yes
2.4 Incomplete curve <6SD; >3SD >0.05 1 Yes
3 Single point activity >3SD NA 1 No
4 Inactive <3SD >0.05 0 No
5¢ Inconclusive NA NA NA NA

ap-value is derived from a F-test that measures the quality of curve fit

°SD is the standard deviation of sample activities at the lowest tested concentration and values of the DMSO control wells
Class 5 is a special class for samples with activity at zero concentration (zero activity; extrapolated) exceeding 6SD or
with zero activity > 3SD and the difference between the maximal change in activity observed in the tested concentration

range and zero activity is <3SD
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a positive response a negative curve class, are manually inspected to
correct the curve class, if necessary. Adjustment is normally done by
masking or by unmasking data points improperly masked by the auto-
mated curve fitting process to adjust the curve fit (Fig. 1). To facilitate
analysis and activity profiling, each curve class is further combined with
an efficacy cutoff and converted to a numerical curve rank such that
more potent and efficacious compounds with higher quality curves are
assigned a higher rank (Table 2). Curve ranks should be viewed as a
numerical measure of compound activity.
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Fig. 1 Example of outlier masking. Curves are manually inspected to mask or unmask data points improperly
masked by the automated curve fitting process to adjust the curve fit when necessary

Table 2

Definition of curve rank as a numeric measure of compound activity

Curve class Efficacy Curve rank Activity category
1.1 9 Agonist

1.2 >50% 8 Agonist

2.1 7 Agonist

1.2 <50% 6 Agonist

2.2 >50% 5 Agonist

2.2 <50% 4 Inconclusive
1.3 3 Inconclusive
1.4 3 Inconclusive
2.3 2 Inconclusive
2.4 2 Inconclusive
3 2 Inconclusive
5 1 Inconclusive

(continued)
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Table 2 (continued)

Curve class Efficacy Curve rank Activity category

4 0 Inactive

-2.3 -2 Inconclusive

-2.4 -2 Inconclusive

-3 -2 Inconclusive

-1.3 -3 Inconclusive

-14 -3 Inconclusive

-2.2 <50% -4 Inconclusive

=22 >50% -5 Antagonist

-1.2 <50% -6 Antagonist

-2.1 -7 Antagonist

-1.2 >50% -8 Antagonist

-1.1 -9 Antagonist
2.2 Assay After manual curation, the “clean” curve fitting results from the rep-
Performance licate assay runs are assessed for activity reproducibility to determine
Measured the final assay performance. Each sample curve is first assigned an
by Reproducibility activity outcome based on its curve class as follows: inactive (class 4),

2.3 Identification
of Auto Fluorescence
and Cytotoxicity
Artifacts

active agonist/antagonist (class 1.1, 2.1; class 5 due to super potency
(AC50<lowest test concentration)), agonist/antagonist (class 1.2,
2.2), inconclusive agonist/antagonist (all other non-5 classes), no
call (other cases of class 5). Each activity outcome category (exclud-
ing the “no call” category, which is treated as missing data) is then
assigned a score: active agonist (3), agonist (2), inconclusive agonist
(1), active antagonist (-3), antagonist (-2 ), inconclusive antagonist
(-1), inactive (0). The pair-wise activity outcome score differences
for all replicate curves of each sample are then averaged and the
% of inactive calls for the sample calculated to determine the final
reproducibility call of the sample: active match (average score dif-
ference <1.1, %inactive call <25%), inactive match (average score
difference <1.1, %inactive call >50%), mismatch (average score dif-
ference >2.5), inconclusive (all other cases). Each assay is assigned
a performance score as follows: reproducibility score =2 x %active
match + %inactive match - %inconclusive - 2 x %mismatch.

In fluorescence-based agonist mode assays, auto fluorescent com-
pounds can show the same phenotype as those of agonists. Two
approaches are used to identify potential auto fluorescent artifacts to
distinguish them from true agonists. One approach is using the auto
fluorescence detection counter screen [12] measured at the same
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2.4 Compound
Activity Assignment

wavelength as the assay readout (e.g., 460 nm for p-lactamase assays).
Any compound with the agonist phenotype in the assay signal channel
that also shows activation in the auto fluorescence counter screen with
an AC50 difference <3-fold is flagged as a potential auto fluorescent
false positive. The second approach is examining the activity of each
compound in all the assays screened having the same reporter (e.g.,
p-lactamase). Compounds with the agonist phenotype in the assay sig-
nal channel (e.g., the 460 nm channel of p-lactamase assays) that also
had an >4 average curve rank in the signal channel of all the assays with
the same reporter are considered promiscuously active in such reporter
gene assays and potentially auto fluorescent. The compounds identi-
fied by either approach are assigned the “inconclusive agonist (fluores-
cent)” activity outcome category. The auto fluorescence counter screen
data on the Tox21 10 K have been made publicly available in PubChem
[19] (assay IDs 720678, 720680, 720679, 720681, 720682, 720683,
720687, 720675, 720674, 720685, 720686, 720684). The same
methods could be applied to luciferase reporter gene assays to identify
compounds that are promiscuous luciferase stabilizers. Luciferase
counter screens are also currently underway as an auxiliary approach to
identity such compounds in the Tox21 10 K library.

In antagonist mode assays, cytotoxic compounds can show the
same inhibitory phenotype as those of antagonists that need to be
distinguished from true antagonists and flagged as cytotoxicity-related
false positive responses. For this reason, each antagonist mode assay
screened for Tox21 is accompanied with a cell viability readout that
serves as the counter screen. Any compound with the antagonist phe-
notype in the assay signal channel that also shows inhibition in the cell
viability counter screen with an AC50 difference <3-fold or p>0.05
(#test) is flagged as a potential cytotoxic false positive. As an alterna-
tive to the cell viability counter screen, the control channel in assays
with multiple channel readouts (e.g., the 530 nm readout of
B-lactamase assays) can be used to identify potential cytotoxic com-
pounds. Either activation or inhibition shown in this channel can be
an indication of cytotoxicity [ 6]. The effectiveness of using the control
readout to identify potential cytotoxicity artifacts has been compared
with the cell viability counter screen. The two approaches achieve
similar specificity in correctly distinguishing true antagonists from
cytotoxic artifacts, while filtering with the cell viability counter screen
results in better sensitivity compared to the control readout [11].

Compounds are assigned one of the following activity outcome
categories: active agonist, inconclusive agonist (due to poor curve
quality), inconclusive agonist (due to auto fluorescence), active
antagonist, inconclusive antagonist (due to poor curve quality),
inconclusive antagonist (due to cytotoxicity), inconclusive (activity
direction cannot be determined), or inactive. The antagonist
outcome labels in agonist mode assays are for compounds that
show inhibition, which does not necessarily reflect true antagonism
but rather might reflect increased cytotoxicity or promiscuous
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reporter gene inhibition. The agonist outcome labels in antagonist
mode assays are for compounds that show activation, which does
not necessarily reflect true agonism but rather may reflect com-
pound auto fluorescence or promiscuous reporter gene activation.
To generate these assignments, curve ranks from all replicates of a
compound are first averaged for each of the assay readouts, and the
activity outcome of the compound in the assay readout is assigned
based on the compound’s average curve rank and reproducibility
call as shown in Table 3. For luminescence assays with a single
readout that is run in agonist mode, such as the estrogen receptor
alpha luciferase reporter gene assay (BG1-ER-luc) [11], this activ-
ity outcome is assigned as the final activity outcome for a com-
pound. For the same assay run in antagonist mode in complex with
a cell viability counter screen, an activity outcome is assigned to
both the antagonist mode readout and the cell viability readout
first, and the final assay activity outcome for a compound is deter-
mined according to Table 4 (c). For fluorescence-based assays with
multiple channel readouts (signal, control and ratio), such as the
estrogen receptor alpha f-lactamase reporter gene assay (ER-bla)
[11] or the mitochondrial membrane potential assay [9], the final
activity outcome of a compound is determined based on its multi-
channel activity as shown in Tables 4 (a) and (b). For antagonist
mode assays, the cell viability counter screen data are used to flag
potential cytotoxic artifacts. For agonist mode assays, potential
artifacts produced by compounds that auto fluoresce in the signal
channel (e.g., 460 nm readout in the ER-bla assay) are flagged

Table 3
Compound single channel activity outcome assignments based on curve
rank and reproducibility

Curve rank Reproducibility call Activity outcome

> -1 and <1 Inactive match Inactive

> -1 and <1 Inconclusive Inconclusive

>1 Mismatch Inconclusive agonist
>1 Active match Active agonist

>4 Inconclusive Active agonist

>1 and <4 Inconclusive Inconclusive agonist
<-1 Mismatch Inconclusive antagonist
<-1 Active match Active antagonist

<-4 Inconclusive Active antagonist

> -4 and <-1 Inconclusive inconclusive antagonist
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Table 4

Compound activity outcome assignments based on multi-channel assay readouts (a) multi-channel
fluorescence agonist mode assay (b) multi-channel fluorescence antagonist mode assay (c)
luminescence antagonist mode assay with cytotoxicity counter screen

(a)
Ratio outcome? Signal channel Same reporter Auto fluorescence Activity outcome
outcome assay promiscuity outcome
Inactive N/A N/A N/A Inactive
Inconclusive N/A N/A N/A Inconclusive
Active agonist ~ Agonist Average curve Inactive or AC50 Active agonist
rank <4 fluor/AC50 signal
>3
Inconclusive Agonist Average curve Inactive or AC50 Inconclusive agonist
agonist rank <4 fluor/AC50 signal
>3
Agonist Agonist Average curve Agonist and AC50 Inconclusive agonist
rank >4 fluor /AC50 signal (fluorescent)
<3
Active Antagonist N/A N/A Active antagonist
antagonist
Inconclusive Antagonist N/A N/A Inconclusive
antagonist antagonist

*Ratio =signal channel /control channel
Abbreviations: AC50 fluor=AC50 in the auto fluorescence assay, AC50 signal=AC50 in the ratio channel

(b)

Ratio outcome® Signal channel Cell viability Other conditions Activity outcome
outcome outcome

Inactive N/A N/A N/A Inactive

Inconclusive N/A N/A N/A Inconclusive

Active agonist  Agonist Inactive or N/A Active agonist

agonist
Active agonist  Agonist Antagonist AC50 viability /AC50 Active agonist
signal >3 (p<0.05)
Inconclusive Agonist N/A N/A Inconclusive agonist
agonist

(continued)
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Table 4
(continued)
(b)
Agonist Agonist Antagonist AC50 viability /AC50 Inconclusive agonist
signal <3 or p>0.05 (cytotoxic)
Active Antagonist Inactive or N/A Active antagonist
antagonist agonist
Active Antagonist Antagonist AC50 viability /AC50 Active antagonist
antagonist signal >3 (p<0.05)
Inconclusive Antagonist N/A N/A Inconclusive
antagonist antagonist
Antagonist Antagonist Antagonist AC50 viability /AC50 Inconclusive
signal <3 or p>0.05 antagonist
(cytotoxic)

“Ratio = signal channel /control channel
Abbreviations: AC50 viability= AC50 in the cell viability assay, AC50 signal=AC50 in the ratio channel

(c)

Signal channel Cell viability Other conditions Activity outcome
outcome outcome

Inactive N/A N/A Inactive
Inconclusive N/A N/A Inconclusive

Active agonist

Active agonist

INCONCLUSIVE
agonist

Agonist

Active antagonist

Active antagonist

Inconclusive
antagonist

Antagonist

Inactive or agonist N/A

Antagonist AC50 viability /AC50 signal
>3 (p<0.05)

N/A N/A

Antagonist AC50 viability /AC50 signal

<3 or p>0.05

Inactive or agonist N/A

antagonist AC50 viability /AC50 signal
>3 (p<0.05)

N/A N/A

antagonist AC50 viability /AC50 signal

<3 or p>0.05

Active agonist

Active agonist

inconclusive agonist

Inconclusive agonist
(cytotoxic)

Active antagonist

Active antagonist

Inconclusive antagonist

Inconclusive antagonist
(cytotoxic)

Abbrevations: AC50 viability= AC50 in the cell viability assay, AC50 signal=AC50 in the antagonist mode assay
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Fig. 2 Compound activity assignment process. This flowchart shows the process of assigning a final assay
activity outcome to a compound based on its qHTS data from replicate assay runs, multiple readouts, and

counter screens

using both the compound auto fluorescence profiling data and the
promiscuous compound activity shown in the signal readout of all
the assays screened in Tox21 that have the same reporter (e.g.,
B-lactamase). The complete activity assignment process is illus-
trated in Fig. 2.

3 Data Sharing

As soon as the initial data parsing and assessment at the NCATS are
complete, the concentration response data, curve fitting results, the
raw plate reads, the assay conditions, and the sample mapping infor-
mation are shared with the Tox21 partners through a suite of data-
bases and software tools custom built by the NCATS for the Tox21
program (http://tripod.nih.gov/tox/). Within the first 6 months
of data generation, the assay data are only made available to the
Tox21 partners through the aforementioned controlled-access site
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in which the data are further scrutinized for quality and utility. The
data are then released to the public domain in a number of public
databases including PubChem (http://pubchem.ncbi.nlm.nih.
gov/), CEBS (http:/ /tools.niehs.nih.gov/cebs3 /ui/) and ACToR
(http://actor.epa.gov). The high-quality concentration response
data generated on a wide spectrum of pathways and phenotypic
toxicity endpoints provide a valuable resource for predictive toxicity
modeling. These data can not only serve as in vitro signatures that
can be used to predict in vivo toxicity endpoints [20, 21] and to
prioritize chemicals for more in depth toxicity testing [22] that
helps fulfill the goals of the Tox21 program, but also provide rich
training data sets for the QSAR (quantitative structure—activity rela-
tionship) modeling community to build more robust models [23,
24 ] such as the ones in the recent Tox21 Data Challenge hosted by
NCATS in 2014 (https://tripod.nih.gov/tox21 /challenge /) [25].

References

1.

Collins ES, Gray GM, Bucher JR (2008) Toxicology.
Transforming environmental health protection.
Science  319(5865):906-907. doi:10.1126/sci-
ence.1154619, 319,/5865 /906 [pii]

. Kavlock RJ, Austin CP, Tice RR (2009)

Toxicity testing in the 21st century: implica-
tions for human health risk assessment. Risk
Anal 29(4):485-487. doi:10.1111/j.1539-
6924.2008.01168.x, discussion  492-487
RISK1168 [pii]

. NRC (2007) Toxicity testing in the 21st cen-

tury: a vision and a strategy. The National
Academies Press, Washington, DC

. Tice RR, Austin CP, Kavlock RJ, Bucher JR

(2013) Improving the human hazard charac-
terization of chemicals: a Tox21 update.
Environ Health Perspect 121(7):756-765.
doi:10.1289 /¢hp.1205784

. Attene-Ramos MS, Huang R, Sakamuru S, Witt

KL, Beeson GC, Shou L, Schnellmann RG,
Beeson CC, Tice RR, Austin CP, Xia M (2013)
Systematic study of mitochondrial toxicity of
environmental chemicals using quantitative high

throughput screening. Chem Res Toxicol
26(9):1323-1332. doi:10.1021 /tx4001754

. Huang R, Xia M, Cho MH, Sakamuru S, Shinn

P, Houck KA, Dix DJ, Judson RS, Witt KL,
Kavlock RJ, Tice RR, Austin CP (2011)
Chemical genomics profiling of environmental
chemical modulation of human nuclear recep-
tors. Environ Health Perspect 119(8):1142—
1148. do0i:10.1289 /¢hp.1002952

. Shukla SJ, Huang R, Austin CP, Xia M (2010)

The future of toxicity testing: a focus on
in vitro methods using a quantitative high

10.

11.

12.

throughput screening platform. Drug Discov
Today 15(23-24):997-1007

. Attene-Ramos MS, Miller N, Huang R,

Michael S, Itkin M, Kavlock RJ, Austin CP,
Shinn P, Simeonov A, Tice RR, Xia M (2013)
The Tox21 robotic platform for the assessment
of environmental chemicals — from vision to
reality. Drug Discov Today 18(15-16):716-
723. doi:10.1016/j.drudis.2013.05.015,
$1359-6446(13)00161-X [pii]

. Attene-Ramos MS, Huang R, Michael S, Witt

KL, Richard A, Tice RR, Simeonov A, Austin
CP, Xia M (2015) Profiling of the Tox21
chemical collection for mitochondrial function
to identify compounds that acutely decrease
mitochondrial membrane potential. Environ
Health Perspect 123(1):49-56. doi:10.1289/
chp.1408642

Hsu CW, Zhao J, Huang R, Hsich JH, Hamm
J, Chang X, Houck K, Xia M (2014)
Quantitative high-throughput profiling of
environmental chemicals and drugs that modu-
late farnesoid X receptor. Sci Rep. doi:10.1038 /
srep06437

Huang R, Sakamuru S, Martin MT, Reif DM,
Judson RS, Houck KA, Casey W, Hsich JH,
Shockley KR, Ceger P, Fostel J, Witt KL, Tong
W, Rotroft DM, Zhao T, Shinn P, Simeonov A,
Dix DJ, Austin CP, Kavlock R]J, Tice RR, Xia M
(2014) Profiling of the Tox21 10K compound
library for agonists and antagonists of the estro-
gen receptor alpha signaling pathway. Sci Rep.
doi:10.1038 /srep05664, srep05664 [pii]
Simeonov A, Jadhav A, Thomas CJ, Wang Y,
Huang R, Southall NT, Shinn P, Smith J,


http://pubchem.ncbi.nlm.nih.gov/
http://pubchem.ncbi.nlm.nih.gov/
http://tools.niehs.nih.gov/cebs3/ui/
http://actor.epa.gov/
https://tripod.nih.gov/tox21/challenge/
http://dx.doi.org/10.1126/science.1154619
http://dx.doi.org/10.1126/science.1154619
http://dx.doi.org/10.1111/j.1539-6924.2008.01168.x
http://dx.doi.org/10.1111/j.1539-6924.2008.01168.x
http://dx.doi.org/10.1289/ehp.1205784
http://dx.doi.org/10.1021/tx4001754
http://dx.doi.org/10.1289/ehp.1002952
http://dx.doi.org/10.1016/j.drudis.2013.05.015
http://dx.doi.org/10.1289/ehp.1408642
http://dx.doi.org/10.1289/ehp.1408642
http://dx.doi.org/10.1038/srep06437
http://dx.doi.org/10.1038/srep06437
http://dx.doi.org/10.1038/srep05664

122

13.

14.

15.

16.

17.

18.

19.

Ruili Huang

Austin  CP, Auld DS, Inglese ] (2008)
Fluorescence spectroscopic profiling of com-
pound libraries. ] Med Chem 51(8):2363-
2371. doi:10.1021/jm701301m

Thorne N, Auld DS, Inglese J (2010) Apparent
activity in high-throughput screening: origins
of compound-dependent assay interference.
Curr Opin Chem Biol 14(3):315-324.
doi:10.1016/j.cbpa.2010.03.020,
$1367-5931(10)00046-3 [pii]

Zhang JH, Chung TD, Oldenburg KR (1999)
A simple statistical parameter for use in evalua-
tion and validation of high throughput screen-
ing assays. ] Biomol Screen 4(2):67-73
Southall NT, Jadhav A, Huang R, Nguyen T,
Wang Y (2009) Enabling the large scale analy-
sis of quantitative high throughput screening
data. In: Seethala R, Zhang L (eds) Handbook
of drug screening, 2nd edn. Taylor and Francis,
New York, pp 442-463

Hill AV (1910) The possible effects of the
aggregation of the molecules of haemoglobin
on its dissociation curves. ] Physiol Lond
40:4-7

Wang Y, Jadhav A, Southal N, Huang R,
Nguyen DT (2011) A grid algorithm for high
throughput fitting of dose-response curve data.
Curr Chem Genomics 4:57-66.
doi:10.2174,/1875397301004010057

Inglese J, Auld DS, Jadhav A, Johnson RL,
Simeonov A, Yasgar A, Zheng W, Austin CP
(2006) Quantitative high-throughput screen-
ing: a titration-based approach that efficiently
identifies biological activities in large chemical
libraries. Proc Natl Acad Sci U S A 103(31):
11473-11478.d0i:10.1073 /pnas.0604348103,
0604348103 [pii]

PubChem (2013) Tox21 phase II data. http://
www.ncbi.nlm.nih.gov/pcassay?term=tox21.
Accessed 16 Nov 2013

20.

21.

22.

23.

24.

25.

Martin MT, Knudsen TB, Reif DM, Houck
KA, Judson RS, Kavlock RJ, Dix DJ (2011)
Predictive model of rat reproductive toxicity
from ToxCast high throughput screening. Biol
Reprod 85(2):327-339. doi:10.1095 /biolre-
prod.111.090977, biolreprod.111.090977
[pii]

Sipes NS, Martin MT, Reif DM, Kleinstreuer
NC, Judson RS, Singh AV, Chandler KJ, Dix
DJ, Kavlock RJ, Knudsen TB (2011) Predictive
models of prenatal developmental toxicity from
ToxCast high-throughput screening data.
Toxicol Sci 124(1):109-127. doi:10.1093/
toxsci/kfr220, kfr220 [pii]

Judson RS, Houck KA, Kavlock RJ, Knudsen
TB, Martin MT, Mortensen HM, Reif DM,
Rotroff DM, Shah I, Richard AM, Dix DJ
(2010) In vitro screening of environmental
chemicals for targeted testing prioritization:
the ToxCast project. Environ Health Perspect
118(4):485-492. d0i:10.1289 /¢hp.0901392

Huang R, Southall N, Xia M, Cho MH, Jadhav
A, Nguyen DT, Inglese J, Tice RR, Austin CP
(2009) Weighted feature significance: a simple,
interpretable model of compound toxicity
based on the statistical enrichment of structural
features.  Toxicol Sci  112(2):385-393.
doi:10.1093 /toxsci/kfp231, kfp231 [pii]

Sun H, Xia M, Austin CP, Huang R (2012)
Paradigm shift in toxicity testing and model-
ing. AAPS ] 14(3):473-480. doi:10.1208/
$12248-012-9358-1

Huang R, Xia M, Nguyen D-T, Zhao T,
Sakamuru S, Zhao J, Shahane SA, Rossoshek
A, Simeonov A (2016) Tox21 challenge to
build predictive models of nuclear receptor and
stress response pathways as mediated by expo-
sure to environmental chemicals and drugs.
Front Environ Sci 3:85. doi:10.3389/
fenvs.2015.00085


http://dx.doi.org/10.1021/jm701301m
http://dx.doi.org/10.1016/j.cbpa.2010.03.020
http://dx.doi.org/10.2174/1875397301004010057
http://dx.doi.org/10.1073/pnas.0604348103
http://www.ncbi.nlm.nih.gov/pcassay?term=tox21
http://www.ncbi.nlm.nih.gov/pcassay?term=tox21
http://dx.doi.org/10.1095/biolreprod.111.090977
http://dx.doi.org/10.1095/biolreprod.111.090977
http://dx.doi.org/10.1093/toxsci/kfr220
http://dx.doi.org/10.1093/toxsci/kfr220
http://dx.doi.org/10.1289/ehp.0901392
http://dx.doi.org/10.1093/toxsci/kfp231
http://dx.doi.org/10.1208/s12248-012-9358-1
http://dx.doi.org/10.1208/s12248-012-9358-1
http://dx.doi.org/10.3389/fenvs.2015.00085
http://dx.doi.org/10.3389/fenvs.2015.00085

	Chapter 12: A Quantitative High-Throughput Screening Data Analysis Pipeline for Activity Profiling
	1 Introduction
	2 qHTS Data Pipeline
	2.1 Plate Level Data Processing, Curve Fitting and Classification
	2.2 Assay Performance Measured by Reproducibility
	2.3 Identification of Auto Fluorescence and Cytotoxicity Artifacts
	2.4 Compound Activity Assignment

	3 Data Sharing
	References


