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COMPUTATIONAL BIOLOGY & OMICS

Helmy,.., Selvarajoo (2021) Front Bioinfor

Hayashi,.., Selvarajoo (2013) Cell Comm Signal

Deveaux, Hayashi, Selvarajoo (2019) 
NPJ Sys Biol Appl

Dynamic Modeling Data Analytics & Machine Learning
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LARGE SCALE NETWORKS ORGANIZATION 
Important to understand statistical structures

Koppel M (2006)

Skype

United 
Airlines.com

Williams S (2012) Science
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SCALE-FREE NETWORKS

Yeast PPI

Jeong,…,Barabasi (2001) Nature
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SCALE-FREE NETWORKS IN BIOLOGY

van Kesteren Re et al (2011) Front. Mol. Neurosic.

A scale-free network follows a power-law degree distribution asymptotically.

Ueda HR et al (2004) PNAS
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Piras & Selvarajoo (2015) Genomics

FITTING POWER LAW INTO GENE EXPRESSIONS
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TRANSCRIPTOME-WIDE REPLICATE SCATTER PLOTS

Giuliani, Bui, Helmy & Selvarajoo K (2022) Genomics

HOW TO BE OBJECTIVE IN SELECTING SUBSET OF GENES 
FOR FURTHER ANALYSIS?
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Piras, Tomita & Selvarajoo (2014) Sci Rep

QUANTIFYING TRANSCRIPTOME-WIDE SCATTER
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Piras, Tomita & Selvarajoo (2012) Front Physiol

STOCHASTIC & VARIABLE NOISE REDUCE AT POPULATION SCALE

Simulations Experiments

ARITIFICIAL DATA GENERATION TO UNDERSTAND
TRANSCRIPTOME-WIDE SCATTER
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Piras, Tomita & Selvarajoo (2012) Front Physiol

STOCHASTIC & VARIABLE NOISE REDUCE AT POPULATION SCALE

Simulations Experiments

ARITIFICIAL DATA GENERATION TO UNDERSTAND
TRANSCRIPTOME-WIDE SCATTER
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Piras & Selvarajoo (2015) Genomics

REDUCTION OF GENE EXPRESSION VARIABILITY FROM 
SINGLE CELLS TO POPULATIONS
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Bui, Giuliani & Selvarajoo (2018) Organisms

STATISTICAL DISTRIBUTIONS IN GENE EXPRESSIONS

Helmy,.., Selvarajoo (2021) Front Bioinfor
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Piras & Selvarajoo (2015) Genomics

LAW OF LARGE NUMBERS OR INVERSE SQUARE ROOT 

Bui & Selvarajoo (2020) Sci Rep

Olga, Helmy, Selvarajoo (in preparation)
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SELF-ORGANIZING MAPS FOR OVARIAN CANCERS

Olga, Helmy, Selvarajoo (in preparation)

HGOSC: high grade ovarian serous cancer
FTE: Fallopian Tube Cells

GSE190688

Before cutoff (n=18k)

After cutoff (n=8.6k)

Top n=500
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Bui, Lee, Selvarajoo (2020) Sci Rep

SCATLAY:
UTILIZING NOISE TO 

EXTRACT 
DIFFERENTIAL 

EXPRESSED GENES
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SYNTHETIC DATA & MACHINE LEARNING

Dynamic/Spatial Gene 
Expression Data

Dynamic/Spatial Metabolites 
Concentrations

Hidden Layers:
Data Analytics & Neural Networks

/ t0 / t0 / t0 / t1 / t1 / t1

Song & Su (2020) Brief Bioinfor
Gieer et al (2020) Nat Methods
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SUMMARY

• Gene expression distribution follows power-law or lognormal distributions

• Gene expression noise reduces similarly to law of large numbers

• Distribution fitting & Scatlay utilize statistical principles to provide wider coverage

• Using these information we can obtain a more objective selection of genes for further 
investigation

• Statistical Laws are useful for generating Synthetic Data for ML applications
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