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LARGE SCALE NETWORKS ORGANIZATION

Important to understand statistical structures
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SCALE-FREE NETWORKS

Emergence of Scaling in
Random Networks

Albert-Laszlé Barabasi* and Réka Albert

Systems as diverse as genetic networks or the World Wide Web are best
described as networks with complex topology. A common property of many
large networks is that the vertex connectivities follow a scale-free power-law
distribution. This feature was found to be a consequence of two generic mech-
anisms: (i) networks expand continuously by the addition of new vertices, and
(i) new vertices attach preferentially to sites that are already well connected.
A model based on these two ingredients reproduces the observed stationary
scale-free distributions, which indicates that the development of large networks
is governed by robust self-organizing phenomena that go beyond the particulars

of the individual systems.

The inability of contemporary science to de-
scribe systems composed of nonidentical el-
ements that have diverse and nonlocal inter-

Department of Physics, University of Notre Dame,
Notre Dame, IN 46556, USA.

*To whom correspondence should be addressed. E-
mail: alb@nd.edu

encemag.org SCIENCE VOL 286 15 OCTOBER 1999

actions currently limits advances in many
disciplines, ranging from molecular biology
to computer science (/). The difficulty of
describing these systems lies partly in their
topology: Many of them form rather complex
networks whose vertices are the elements of
the system and whose edges represent the
interactions between them. For example, liv-
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SCALE-FREE NETWORKS IN BIOLOGY

A scale-free network follows a power-law degree distribution asymptotically.
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FITTING POWER LAW INTO GENE EXPRESSIONS
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TRANSCRIPTOME-WIDE REPLICATE SCATTER PLOTS
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HOW TO BE OBJECTIVE IN SELECTING SUBSET OF GENES

FOR FURTHER ANALYSIS?



QUANTIFYING TRANSCRIPTOME-WIDE SCATTER
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ARITIFICIAL DATA GENERATION TO UNDERSTAND

TRANSCRIPTOME-WIDE SCATTER

Simulations
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Piras, Tomita & Selvarajoo (2012) Front Physiol

STOCHASTIC & VARIABLE NOISE REDUCE AT POPULATION SCALE
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ARITIFICIAL DATA GENERATION TO UNDERSTAND
TRANSCRIPTOME-WIDE SCATTER

Simulations
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STOCHASTIC & VARIABLE NOISE REDUCE AT POPULATION SCALE
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REDUCTION OF GENE EXPRESSION VARIABILITY FROM
SINGLE CELLS TO POPULATIONS ,\
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Cumulative distribution function (COF)

Cumulative distribution function (COF)
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STATISTICAL DISTRIBUTIONS IN GENE EXPRESSIONS
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LAW OF LARGE NUMBERS OR INVERSE SQUARE ROOT
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SELF-ORGANIZING MAPS FOR OVARIAN CANCERS
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SCATLAY:

UTILIZING NOISE TO

EXTRACT
DIFFERENTIAL

EXPRESSED GENES

Bui, Lee, Selvarajoo (2020) Sci Rep
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SYNTHETIC DATA & MACHINE LEARNING

Dynamic/Spatial Gene Hidden Layers: Dynamic/Spatial Metabolites
Expression Data Data Analytics & Neural Networks Concentrations
Raw read counts; Replicates of the same
Gene names condition should be placed together
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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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