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Workflow

DATA DOWNLOAD
« Existing data

- Manufacturing
information
- Phys/chem properties WP43 N
- Analytic Chemistry ‘Omics,
- Existing toxicity data Uncertainty,

« High-content screening info . Integration
« Transcriptomic data
- Probe manifests
- Hash files

- Sequence files

J
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Workflow

Cat-App

Data Science : Workflow

DATA UPLOAD

« Sequence count matrices
 P-values

» Points of departure

* Uncertainty estimates

» Various checks and logs
* ToxPi results

‘Omics,
Uncertainty,

. Integration

/Ta\

/




Workflow

Cat-App

Data Science : Workflow

INTERFACE

Current version based on static

web pages and pulldown
(WP1)
Discussions of

automated/scripted pulldown

p”

WP4a
‘Omics,
Uncertainty,
Integration

J

Possible R APl Interface for

portions of data that have
common format
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Variability: the general concept for cell line studies O

True variation across cell types

Measurement variation
within a cell line

Observed data for
Complex Petroleum
Substance 1

/I\

Assay or POD

Cat-App | Data Science : Uncertainty and variability




Uncertainty

1 cell line, one substance
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Variation in cell sensitivity

Cat-App

Data Science : Uncertainty and variability



Cell line variability across substances

Substance 1 JZ\
Substance 3 Points-of-departure can be
made relative to the

“population” of cell types
examined

Substance 3

Attention to variability has the

Substan% potential to provide improved and

more convincing read-across
assessments

Cat-App | Data Science : Uncertainty and variability



Assessment of variability from limited data

Model Specification

Prior Distributions for Hyperparameters

» My my, s, , sdg, 5y, Opgien
~Norma 1 ; ;ormal (>0)

uo

Po I’H

mg,, sdg, ~N (mg,sd,) "‘N{ml,sﬂdlll

Y;\.. P
yleonc) = Pyhohnv.logngﬂﬂconc.}]re

0, =-100

€ ~ Student-t,(0,0,,1))
10*10% 107 10" 10° 10" 10°

Concentration (M)
Concentration-Response Data, Logistic Model,
Robust Errors

n cell lines
GMO06984
GMO06985
GMO06986
GM06991
GMO06993
GMO06994

3 -
8

b .-t _-4 I 1

MCMC
simulations

Model Evaluation

Conve

Mg,

my : ).,w.,i,,.w..,._.sum
oo, e
Model fits

¢ All gy < 10
* Visual confirmation

Central estimate of EC,, in

tested concentration range.

* Posterior uncertainty range
in each EC,, < 1000-fold.

Adequate
model for
individual
EC;,

Model Predictions

/

Individual EC,, estimates

* Directly calculated from
tested population using
individual 8, B, and B,
estimates.

* Toxicodynamic Variability
Factor (TDVF) = ratio of
median to 1* percentile
individual EC,;s can be
estimated for n >> 100.

AJLA

JL

Fig.

Cat-App

Data Science : Uncertainty and variability

i lati
predictions
* Unimodal , normal
distributions of B, and B,
* By and B, correlation < 0.5

Adequate \
model for

population

: . predicti07

}

1: Bayesian modeling, evaluation, and prediction workflow

Predicted population
distribution of ECyos

* Use estimated population
parameters m, , m,, sd,, and
sd, to generate predicted
population of B, and B, via
Monte Carlo sampling.

* Toxicodynamic Variability
Factor (TDVF) = ratio of
median to 1* percentile
sampled EC, s can be

estimated for any n,

L -

Chiu et al. ALTEX. 2016 Dec 13. doi: 10.14573/altex.160825

Used

only for

n=1086

| Used

for alln
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However, a new robust
bioinformatics pipeline is needed

tempOseq (BioSpyder)

Purified RNA or Cell Lysates

3 RNA . o
Detector Oligo Annealing
|
‘
Excess Oligo Removal — o . 5
Detector Oligo Ligation '
= Sl
+
PCR with Tagged Primers g f — ~ Sample Tag 1
mple Tag 2 S——
~2800 genes/sample for Cat-App a0 —
. i +
ngh SpeCIfICIty . Pool Library, Concentrate/Purify
No variance in product size :

Sequence

Less expensive than whole-
transcriptome RNA Sequencing

Read Structure
\\
Well Barcode : AD1 : RRASL-seq Prabe : AD2 : Plate Barcaode
8nt 17nt -40nt 17nt nt

Cat_App Data Science : ‘Omics pipe"ne http://biorxiv.org/content/earIy/2016/Ol/O7/O36061




Pipeline |. temposeqcount

FASTQ Files

BioSpyder Probe
Manifest

- Publicly available on github T

Generate probe fasta and

« Cleans/aligns demultiplexed reads pseudo gtf file
° Fast| Processes ¢
* Qutput — raw count matrix into rest Output index probe fasta file using |

— STAR aligner

of pipeline | ¢

Align the fastq files to
indexed probe file using

y

Count reads mapped to

Generate alignment
summary

Experimental Layout File (Hash) pseudo probe gtf files using
PlatelD FW Primer ID RV Primer ID Index Set /p positio Index Sequence 1 Index Sequence 2 Treatment 0 HEADER DoNotUse Replicate
AAD1 F801 R801 A 201 AAGACTCTT AAGGTGTTT MEDIAA 80 D ool s 00 R1001 1 *
CAO1 F801 R802 B 201 GCGATGATT AAGGTGTTT MEDIAA 2 0 o022 001 R1001 2 .
AAD2 F801 R803 A A02 TTGAGTTGT AAGGTGTTT MEDIAA 80 O 003 s 1001 R1001 3
CAQ2 F801 R84 B A02 GACTTCATT AAGGTGTTT MEDIAA 2 0 o044 001 RL001 s .
AAD3 F801 R805 A A0 AACACGTCT AAGGTGTTT MEDIAA 80 0  cosssl0nRLOOI 1 5 Merge and format count files
CA3 F801 R806 B A0 GTTTATACT AAGGTGTTT MEDIAA 2 D 006 S5 L001 R 001 6
AAD Fe0t R80T A 204 GTATTATTG AAGGTGTTT NOCELLS 80 D o077 1001 R1 001 1
CAD4 Fe0t R808 c 204 TAACGCGTC AAGGTGTTT NOCELLS 25 O 008 s 1001 R 001 2
AADS Fe0t R0 A A05 AACATACTG AAGGTGTTT pifinidone 80 10 003 s 1001 R1 001 1 *
CAO5 Fe0t R810 c A0S GCAGATGCA AAGGTGTTT Nifedipine 25 10 010 510 L001 RL 001 1 ;
AAOE Fe01 R811 A 206 AGATAGCCT AAGGTGTTT pifinidone 80 10 olLsilonipiom 1 Count Matrix
CAS Fe0t R812 c 06 GAACTGTAT AAGGTGTTT Nifedipine 25 10 o012 s12 Lo01 R 001
AADT F801 R813 A 07 GGGCAGATC AAGGTGTTT pirfinidone 80 100 013_513_L00LRL 001 1
AT F801 R814 c A7 TCCAGTATC AAGGTGTTT Azithromycin 2% 10 ows4l00LRLO 1 1
AADS F801 R815 A A8 TAAGGTAGC AAGGTGTTT pirfinidone 80 100 0155151001 RL 001 2 =/
CAOB F801 R816 c A8 TCCTCAGCC AAGGTGTTT Azithromycin 2% 10 016516 l00LRLO0I 1 2 @ '
AADS F801 R817 A 09 AAGGATACC AAGGTGTTT pirfinidone 80 1000 017 17 1001 RL 001 1 .
CAD F801 R818 c 09 GTTTGGCAC AAGGTGTTT Azithromycin 2% 100 018518 1001 RL 001 1 %
AATD F801 R819 A Al GGGTTGTTA AAGGTGTTT pirfinidone 80 1000 01913 1001 RL 001 2 S



Pipeline Il. Quality Control

R and DESeq?2

Cat-App

Low well counts

Other technical issues

Zero count features
Experiment-wide normalization

Data Science : ‘Omics pipeline

PC2 - 11.7% Variance

TOZETrxR-—

Vehicle Control Principal Components

_ ;0 09 7@ ® IndexB o Index C
- 5@ 3@ 100
S ® .
2
— 4@ 5@ 3@ 10’3.. 11..
S -
|
™ | @ 11®
? i
_4. 5.
w0
D. 1 | | 1 I I 1 1’
' -0.3 -01 00 01 02 0.3

PC1 - 23.9% Variance

Data: Rusyn Lab, TAMU




Are the expression data reproducible? O

Example data: cardiomyocyte control replicates

Pairwise Correlations of Log2(counts + 0.5) for Vehicle Controls
0 5 10 0 5 10 0 5 10 0510 0 5 10 0 5 10
L1 L1 L1 L1 | | | | L1 | I | | |

o 0.96]0967094709570.9510.9510.95]0.65" 0567065 o.§4**_§

m 0.9710.9610.9670.9670.9670.9670.9610.9710.96]0.94
yfl, 0.97]0.71057709810.9610.97" 0.97] 0.96| 0.9*4**2

mﬁm 0.9810.9870.9610.9670.9670.9670.94]0.97]
(i, 0.97087108770970.9710.95] 0.95] *

1 0.9670.9670.9670.9670.9510.93"
o | 0.97]087]0867094)0.937 ¢

: m 0.98"0.9610.9410.62"
il 0.9610.9410927 ¢

i (| 0.96]0.95]
o e

0 5 10 0 510 0 510 0 510

" * "Data: Rusyn Lab, TAMU
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Are the expression data organotypic? O

The NIH Common Fund GTEX project
53 human tissues, over 7000 RNA-Seq samples

GENOTYPETISSUE EXPRESSION PROJECT /48

- The Genotype-Tissue Expression
(GTEX) pilot analysis: Multitissue
gene regulation in humans

The GTEx Consortium*{

8 MAY 2015 « VOL 348 ISSUE 6235 Sciencemag.org SCIENCE

Ernesto del Aguila, NHGRI
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Testis
Pituitary

Muscle...Skeletal
Heart...Left.Ventricle
= Heart...Atrial. Appendage
Cardiomyocytes
Pancreas

Whole.Blood

Brain...Nucleus.accumbens..basal.gang
Brain...Caudate..basal.ganglia.
Brain...Anterior.cingulate.cortex..BA24.
Brain...Hypothalamus
Brain...Hippocampus
Brain...Amygdala
Brain...Putamen..basal.ganglia.
Brain...Substantia.nigra
Brain...Frontal.Cortex..BA9.

_| Brain...Cortex
Brain...Spinal.cord..cervical.c.1.
Kidney...Cortex
Adrenal.Gland
Cells...EBV.transformed.lymphocytes
Small.Intestine... Terminal.lleum
Colon...Transverse
Stomach
z__._oq.mm_zmﬂm.o_m_a
kin...Sun.Exposed..Lowerleg.
Skin...Not.Sun.Exposed..Suprapubic.
Esophagus...Mucosa
Spleen
Lung

To¥4

Cervix...Endocervix
Cervix...Ectocervix
Uterus

Fallopian.Tube
Nerve..Tibial
Adipose...Visceral..Omentum.
Adipose...Subcutaneous
Breast... Mammary.Tissue
Vagina

Bladder

Thyroid

Prostate

Artery...Tibial
_|nn Artery...Aorta
Artery...Coronary .
Esophagus...Muscularis )
_Im Esophagus...Gastroesophageal.Junction
Colon...Sigmoid

Qvary
— Cells... Transformed.fibroblasts

GTEx (RNA-Seq) for ~2500 genes

Are the expression data organotyp
Using iPSCs —Comparison of Cardiomyocytes (TempOSeq) with

Cat-App | Data Science : ‘Omics pipeline




Are the expression data organotypic? o

Using iPSCs —Comparison of Cardiomyocytes (TempOSeq) with
GTEx (RNA-Seq) for ~2500 genes
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IPSC Cardiomyocytes — TempOSeq Top Expressed

Genes among ~2700 genes

Gene |Alias Function

TPM1 Tropomyosin 1 (Alpha) Striated and SM Contractile System
MYL4 Myosin Light Chain 4 Muscle ATPase Motor Protein
ATPS5B  |ATP Synthase, H+ Transporting, Mitochondrial F1 ATP Synthase Subunit

PLN Phospholamban Cardiac Diastolic Function Regulator
MYLS Mpyosin Light Chain 4 Regulates Muscle Contraction

CDH2 Cadherin 2 Cell Adhesion Glycoprotein

SLC25A4 |Solute Carrier Family 25 Member 4 Mitochondrial Energy Generation
cuca Chloride Intracellular Channel 4 Regulation of Cell Membrane Potential
EEF2 Eukaryotic Translation Elongation Factor 2 Protein Synthesis

ATPS5C1 |ATP Synthase, H+ Transporting, Mitochondrial F1 Complex, Gamma  |Gradient Maintanance Mitochondria
PRKAR1A |Protein Kinase CAMP-Dependent Type | Regulatory Subunit Alpha cAMP signalling

CNN3 Calponin 3 Muscle Contraction

GAPDH _ |Glyceraldehyde-3-Phosphate Dehydrogenase Glycolysis and Metabolism

GNAS GNAS Complex Locus Heterotrimeric GTPase (G protein)
PPP1CB |Protein Phosphatase 1 Catalytic Subunit Bet Cell Division, Glycogen Metabolism

Cat-App

Data Science : ‘Omics pipeline




Cat-App

How do we move from simple fold-change to

robust dose-response?

Log2 fold change

Log2 fold change A087 vs DMSO m

CON-02

No. up DEGs: 124

~. @q<0.1
@ NS

No. down DEGs: 167

T T
1e-01 Tes01 1e+03 1e+05

Mean expression

DE in A087/13
O DE in CON-02
(O DE in both

NS in both

r2=0.49

Log2 fold change

A087/13

® g<0.1 < 3
@ NS .

No. up DEGs: 241

* No. down DEGs: 314

T
101

Te+01 1e+03 1e+05
Mean expression

C WA0ST  wWCON-2 «CON-4 4CON-12 »CON-15

*HFO « SRGO e VHGO

o o @ 1% .a%

T T
1 2

Log?2 fold change CON-02 vs DMSO

Data Science : ‘Omics pipeline

PC2 (13.1%)

Grimm et al. Green Chemistry 2016, 18:4407-4419

10 5 0 -5 -10 -15 -20 =25

-10 10 20 30
PC3 (10.5%)

-20




Flow chart for dose-response
Step 1: Trend detection and statistical flags / Normalized Counts /

[ Data Files }

[ Processes |

/ N\
= =] |) I Output |

e
[}
=
—
o o
P L B
TS
o [ g
I o (=]
o /. Dose
[ T '
SR= lesponse
o 5 lodeling
= s nd Point of
1 T )ieparture
= ! ! ! ! ssessment

20 15 -10 05 00 05 10
Log10(Dose) mM

/"
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Calculate p and ¢ values for
i. Spearman's Rho - Controls + Treatments
ii. Spearman’s Rho - Treatments Only
iii. Wilcoxon Test - Controls vs. All Treatments

POD = Max Dose ]

YESYYE Noﬂ

Point of Departure Assessment
i. Constant Model
ii. 3P-Hill Function
iii. Gain-Loss Model
ii. 4P-Hill Function
iv. Assess bhest fit

Y

Visualization:
Heatmaps/Dendrograms
PCA/Dispersion




Flow chart for dose-response
Step 2: Fit and assess Point of Departure (POD) o

Concentration Response Fitting (tcpl)

w
e POD based on +/- SD =
] <t 4 %
departures from control S P —
» Also produce EC,p, EC55, 3 o X X
etc. o ~
« Automated detection of 0 z
. L O
outliers and significance = / _______________________
“driven” by controls =
differing from remainder 8 —ESQ[ —%Pll-lill
— NS — anis
% [ | | [ [
9 10 -05 00 05 10

Log10(Dose) mM
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Analogue Read-Across
with CBRA

Chemical
Toxicology

Integrative Chemical-Biological Read-Across Approach for Chemical
Hazard Classification

Yen Low, ™ Alexander Setll)'kh,i Denis Fourches,” Alexander Golbraikh,” Maurice Whelan,” Ivan Rusyn,*'*
and Alexander Tropsha™’

Category Grouping
with ToxPi

APPLICATIONS NOTE 5. st i

Advance Access publication November 29, 2012

Systems biology

ToxPi GUI: an interactive visualization tool for transparent
integration of data from diverse sources of evidence

David M. Reif"*, Myroslav Sypa®, Eric F. Lock?, Fred A. Wright®, Ander Wilson',
Tommy Cathey”, Richard R. Judson' and Ivan Rusyn®

Endocrine Profiling and Prioritization of Environmental Chemicals Using
ToxCast Data

David M. Reif," Matthew T. Martin," Shirlee W. Tan,? Keith A. Houck,” Richard S. Judson,’ Ann M. Richard,!
Thomas B. Knudsen,” David J. Dix," and Robert J. Kaviock!

INational Center for Computational Toxicology, Office of Research and D us Agency, Research
Triangle Park, North Carolina, USA; ZOffice of Science Coardination and Policy, Office of Pollution Prevention, Pesticides and Toxic
U.S. Envi Agency, DC, USA

Cat-App | Data Science : ToxPi and integration
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Clustering: Profile similarit

Cat-App | Data Scien@eraToxPierd integration S p—

UVCBs with similar pro%illes may be interspersed throughout an
overall rank distribution

. Load into GUI 3. Apportion data into ToxPi
a S EESS - [ model SIiCeS

1. Gather data

[2] HCS parameters

[1] Cell
physiology
[4] Gene Expression [3] Gene
4. Examine profiles (sorted by rank) =flects (Variablity) Eﬁgét%r?lgg%r;
(P22 PP DO REEEDEDED.
rrr2arrRrerarRrera g
sz }_E;: 1;;_:“_3;;:_:__}_:{;:_1 6. Examine profile similarity via
P g B 8 3 5 5 2 2 s o

clustering
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'S
g

5. Examine priority (rank) distribution
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Clustering: Profile similarit

UVCBs with similar pro%illes may be interspersed throughout an
overall rank distribution

3. Apportion data into ToxPi

1. Gather data

2. Load into GUI

e ot oo oo T8 8 5o S e i .

4. Examine profiles (sorted by rank)
IP22232P 23322222222
> ¢

-’—- e, [ibe- e | TONTIGS TEMMSGH [jpédc TR Gma MM VIO e g AR YIS TS S
PR rprPRE2PPL2R2rr,
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Compounds
e

model slices

[2] HCS parameters

[1] Cell
physiology

These two substances are
adjacently ranked, due to
similarity in overall ToxPi
scores

However, their profiles
indicate different reasons
for achieving similar overall
scores

We can apply formal
clustering methods for
analysis of profile similarity

[4] Gene Expression [3] Gene
Effects (Variability) Expression
Effects (POD)

i,



Additional work to enhance ToxPi interpretability

and robustness for read-across

Robustness of clustering

Methods to impute missing data

Ideal data Real-world data

%

substances
substances

Imputed

-

Source 2
Source 3

<
[}
O
—_
>
o
n

Source 5
Source 2
Source 3
Source 4
Source 5

~ ~
® ®
%’ e

>
o o
n n

Data Science : ToxPi and integration

The new GUI has options
for showing where a given
substance falls within
overall distributions for
component data within
slices

ToxPi profiles

substance 1 substance 2
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Cardiomyocyte Phenotypes
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Peak Width

Peak Frequency

Peak Baseline

Il Peak Spacing

Peak Rise/Decay Time | Peak Amplitude

Nuclei Count

| Mitochondrial Integrity
[l Peak Width at 10% Amplitude [ Viability

Viability
I Total Area of Live Cells
[ Mitochondrial Integrity
I Mitochondrial Integrated Intensity

| Nuclear Mean Area

Grimm et al. Green Chemistry 2016, 18:4407-4419
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