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Goal: Understand Glucocorticoid
Response
* Immunosuppressant drugs

— Asthma, Eczema
— Anti-inflammatory

— Metabolic side effects

 Complex genetic response




Glucocorticoid Transcriptional
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Goal

1. Build robust causal pipeline that overcomes challenges
2. Validate causal networks using external data
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Approach

High- Regularized Vector Autoregression
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Pipeline Workflow

Preprocess Data
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Challenge: Causal Inference

e Vector Autoregression (VAR)

— Granger Causality: X =2 Y if including past values
of X helps to predict Y

» Fast, effective, flexible lags
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Challenge: High Dimension

* Fit all causes simultaneously and regularize.
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Challenge: Statistical Significance

e Statistical Test is undefined for high dimension
* FDR Control is difficult for p-values

— Around 1078 tests
e Solution:

— Use shuffled data as null

— Use Coefficients instead of p-values



Genes

Challenge: Statistical Significance
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Genes

Challenge: Statistical Significance
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Challenge: Statistical Significance
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Challenge: Statistical Significance
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Challenge: Statistical Significance
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Challenge: Statistical Significance
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Validation

* Validate X 2>Y cis eQTL

by:
— Trans-eQTL

* Association test
in GTEx Data

trans eQTL
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Results
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Conclusion

. We use Vector Autoregression to build causal
networks from gene expression time series.

. We address challenges of dimensionality and
statistical significance.

. Our causal networks are robust, validating on
external data and uncovering strong signals.



Future work

1. Iteratively suggest new
experiments and refine l@
networks —
— Perturbation Pagerank  coemens , \.n‘iii‘jﬁle
2. Learn causal relations
under different po ¢ ﬁ%o

Perturbation

pe rtu rbatio NS Influential Pagerank Gene Regulatory

Genes Network



Acknowledgments

Engelhardt Lab (Princeton)
Bianca Dumitrascu

VET | NOV (8
TES | TAM
EN [TVM [f

Brian Jo
Barbara Engelhardt
Ari, Derek, Allison, Greg, lzzy, ...

Reddy Lab (Duke)
lan McDowell

Tim Reddy

Data collection Team




Extra



-Effect pair: (PO‘U5F1, CXCLl)

POUSF1 (Coef = -0.32, Lag = 1)

1 Cause:

[r—p—

T Effect: CXCL1

L 5_Omean-unnormalized_enet-1 Cause

0
0
—0.5¢+

INdL 607 pazijewloN

12

10

Time (hr)



—log(p-value) for proposed gene pairs

Validation
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