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TempO-Seq for HTTr

The TempO-Seqg human whole transcriptome assay
measures the expression of ~21,100 transcripts.
Requires only picogram amounts of total RNA per
sample.
Compatible with purified RNA samples or cell
lysates.
Transcripts in cell lysates generated in 384-well
format barcoded to well position
Scalable, targeted assay:

e 1) Measures transcripts of interest

e 2)Ignores intronic sequences or rRNA

e 3) Much greater throughput than RNA-Seq
Per sample are aligned to BioSpyder
probe manifest to generate raw count data.

TempO-Seq Assay lllustration
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High Throughput Transcriptomics: Addressing the
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Experiments

HTTR-Phl

/e Cell type: MCF7 ) Large-scale screen
e 44 chemicals, 8 conc (Ongoing)
e Time points: 6,12, 24 h

e Media: PRF- / PRF+ (DMEM * Cell type: MCF/
+10% HI-FBS) e Compounds: 2,200

e Data: 6,804 samples x 21,111 * Time Point: 6h

transcripts Media: PRF+
* Concentration Response: 8
HTTr ~53,000 x 21,111

ktranscnpts )

N MCF7-WF-Pilot

Pilot study to validate
workflow and refine

experimental design
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HTTr Workflow
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Analysis Pipeline

MRNA probe Mapped

Fastq alignment ) fracti q mRNA Probe
via Hisat2 count using raction an count data
HTSeq read-depth
Differential Treatment Per-chemical Fold-change Differentially
expression group raw count analysis using expressed genes
analysis identification generation DESeq2 (DEGS)
Concentration One-way BMDExpress2: Concentration-
ANOVA to find Benchmark responsive
reSpon?‘e conc-responsive dose linear, exp, genes (CRGs)
analy5|s genes hill models and BMDs
Connectivity :
MoA LRI anaPIatsr;:vstin Iearmra\ld'llcrguild Aila
icti analysis using y & & Predictions
Prediction DEGs and CRGs MoA models

DEGs and CRGs

Python & R analysis pipeline will be available from EPA@GitHub after publication



TempO-Seqg Quality
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DEGS

RNA-Seq data have

e Variance in total # of transcripts between
samples

* Heterogeneous transcript distributions

A variety of techniques for analyzing
differentially expressed genes in
transcriptomic studies. DESeq2 has been
shown to accurately identify
transcriptional responses

DESeq2 (R package) that uses the negative
Binomial (NB) distribution to model count
data and effects are “smoothed” over
genes with similar variance

For screening, we ran DESeq2 for count
data for each chemical (all concentrations
and same-plate DMSO controls)
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Concentration-Response Analysis

Acenaphthylene

 Filter transcripts by ANOVA p<0.05 & 208-96-8 | DTXSID3023845
|LFC2 | once>1
* BMDS is standard approach for concentration- i
response analysis “
* BMD 2.0 Java GUI-based interactive wrapper
for BMDS, currently maintained by Scott |
Auerbach@NIH et
25 BMD =2.04 n
. Sgott Auerbach facili’éa’?ed the impl(ementatlion :. i
of BMD 2.0 command-line version (currently ¥ 9y
alpha) L%
e BMD2 —input data —config bmd2.json —out .o
bmd.json
e All model fits and BMD values exported for Tuesday 10:45-12:15 CC Exhibit Hall P453
storage Joshua Harrill

Differential Gene Expression and Concentration-
Response Modeling Workflow for High-Throughput
Transcriptomic (HTTr) Data: Results from MCF7 Cells



Connectivity mapping
analysis using DEGs and CRGs

- E

MoA Prediction

Pathway analysis using DEGs
and CRGs
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MoA by Connectivity Mapping

Input DEGs or Query Signature DB

Find best positive matches

CRGs CMap or BSP

Issues
* Translating DEG/CRG to

. B = o + 5 *i signature
Chemicals | ® v - o 5, * Many measures of
- o s — e S - 8, similarity
] 1 = ™ o™ o * Only as good as reference
: P = I , 5 5 g chemical MoA annotation
: e ; N . — 0 =——p £ 8 ; * Highly sensitive but not
o s = o BB : é £ B very specific
= o= - e e Chemicals that cause
a . - o . = global perturbations “hit”
: o N *m py | all MoAs — how do we
: dowr - e SN 5 distinguish signal from
(] positve il negative -1 Sgaa noise ?
connection connection test statistical significance
of each connection by
permutation
Lamb et al (2006)
Musa el al (2017) Infer MIE/Target

by best match




CMap Signatures

e Use CMap v2 database: Affymetrix data on
1176 chemicals, 5 cell lines

e Translate FC profiles to “signatures”

e Convert L2FC data to standardized Z
vector

* For z0=1,2,3 create discrete Z where
value = 1 if Z>z0 and -1 where 7Z<z0

e Store signatures in MongoDB database for
rapid searching

HTTr Signatures creation

* Calculate FC using DESeq2

* Filter probes with |L2FC|>=0.6 & p<0.05
e Construct Z-score based profiles

Search all query profiles against database (MCF7
only)

e Score hits using different GSEA, Jiang &
Gentleman (JG),

e Assign MoA(s) based on hit
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Quantitying Performance

Conduct Leave-one-out (LOO) evaluation of
hits:

1. Annotate chemicals with known MoAs Connectivity Mapping
e MoAs/Targets: 143

e Chemicals: 614

+1 5 +1
2. Use to predict MoA 5
3. Search “hits” by connectivity with score= 0 %2
e If9>19, § S
if query.target== hit.target: 0 5 . 0 : E E_E
pred=TP : E & 2
elif query.target!= hit.target: E_ E g
pred=FP
e  Ifhit9<9,
if query.target== hit.target:
pred=FN - .
elif query.target!= hit.target: :
pred=TN T
4. Measure sensitivity, specificity, BA Query DB

Signature Signature



Evaluating Different Databases

cMap vs cMap HTTr vs cMap HTTr vs HTTr
'DEGs o 'DEGs @ 'DEGs o
e Query: Affymetrix e Query: TempO-Seq e Query: HTTr DEGs
cMap DEGs DEGs e DB: HTTr DEGs
e DB: Affymetrix cMap e DB: Affymetrix cMap
\ J - J \ J
'CRGs °° "CRGs A
e Query: TempO-Seq e Query: HTTr CRGs
CRGs e Query: HTTr CRGs
e DB: Affymetrix cMap

NS J - J
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Predicting MoA via Pathways

e Transcriptional perturbations of key

pathways predicts MoA
e Pathway analysis

e Select DEGs or CRGs to identify enriched

pathways

e Link enriched pathways to MoA

e |ssues

e Choice of pathway database
e Scoring pathway enrichment
 How do we objectively evaluate

predictive accuracy
e Linking pathways > MoA?

e Effectively using siEna]Icing and genetic-
information
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“Super-Pathways”

e Cluster Hallmark and canonical
pathways (Reactome, KEGG, PID
and BioCarta) from MSigDB V6
using genes

e Use hierarchical agglomerative
clustering to organize super-
pathways by similarity

e Each clade in the dendrogram
shows groups of functionally
related pathways

e Concentric rings show
information about the source of
information, HTTr coverage, and
# of genes in each super-
pathway
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Pathway Analysis

e The HTTr profiles for chemical
treatments were searched
against 224 super-pathways.

e Pathways were scored using
different metrics that used
the entire HTTr profile (e.g.
enrichment scores), and just
DEGs.

e The significance of scores was
estimated by simulation.
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Predicting MoA by Machine Learning

e Claim: CIassifie_rs can be I.earned Transcripts | [ Mohs ]
from transcriptional profiles
labeled with MoA

e Machine Learning

* Train models using DEGs for
chemicals with known MoA

* Predict MoA using classifiers
e Added curated data improves

Chemicals treatments

performance a
* |ssues

. Fi.nqlinF reproducible models e
difficult ‘too many genes too few Machine learning for Mo e
Chemlca S) N Cross-validation testing I 2 i l : ' - " =

* Need new approaches for secetin || KwmcaRr || =G LT L e e
reducing dimensionality and ’ e EER s —
increasing signal to noise ooereeenm




Summary

Technology: Targeted RNA-Seq based HTTr is a powerful tool for
assaying global chemical-induced perturbations.

Workflow: We have developed a standardized, scalable workflow to
generate large-scale HTTr data for thousands of chemicals.

Connectivity mapping: Performance baseline for MoA prediction. Like
most nearest neighbor prediction techniques, it is highly sensitive but
not specific. Cross-platform connectivity mapping currently shows
limited accuracy.

Pathway analysis: Aggregated pathway analysis could provide a more
biologically-relevant approach for MoA interpretation. Need new
approaches to distinguish primary mechanisms from non-specific
secondary/tertiary transcriptional cascades.

Machine learning: We are developing machine learning approaches to
improve specificity of MoA predictions. Challenges remain in curating
information about primary MoA of chemicals, and dealing with
paucity of data for MoA classes.

Further evaluation of MoA Prediction approaches is being conducted
and will be published soon. All computational workflows and data will
be disseminated publicly.
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Coverage, Metabolism, and Populations Variation.
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