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We are awash in data…



February 2001: Completion of the Draft Human Genome

Public HGP Celera Genomics
Happy 25th Birthday, Human Genome!



The Genome Project has provided a 

“parts list” for the components of a human cell



Different cell types express different sets of genes

Neuron

Thyroid Cell

Lung Cell

Cardiac Muscle

Pancreatic Cell

Kidney Cell

Skeletal Muscle

Skin Cell
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New Sources of Health and Medical Data

Drug Research Social Media Patient Records Genomics

Test Results Claims Data Home Monitoring Mobile Apps



Is AI the solution for making 

full use of the genome?



https://www.statnews.com/2017/09/05/watson-ibm-cancer/

Biology is Not Easy



The way we train AI is fundamentally flawed

Two major problems:

• Data Shift

(Insufficient Data)

• A mismatch between the data the 

AI was trained and tested on and 

the data it encounters in the world.

• Underspecification

(No Robust Underlying Model)

• Underspecification is a known 

issue in statistics, where observed 

effects can have many possible 

causes.
November 2020



This is not a new problem



Networks: A biological 

constraint



G
e

n
e
s

Conditions

Expression data

(Phenotype I)

G
e

n
e
s

Conditions

Expression data

(Phenotype II)

Statistical

Analysis

Differentially

Expressed

Genes

“t-test”

Regulatory

Network

Networks Beyond Simple Differences
Analyze Network

Topology

and Structure
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Core Ideas
• Biological systems are driven by complex networks

• The structure of the network is important and informs our 

understanding of the biology of the system we are studying

• There is no single right network—the network in each tissue, 

in each biological state, in each individual is unique

• The real question is “Does a network model inform our 

understanding of biology?”



Can we model 

Gene Regulatory Processes?



Integrative Network Inference: 

PANDA



Regulation of Transcription

Specific transcription factors

promoter
regulatory 

sequences



G1 G2 G3

Co-expression

G1 G2 G3

TF1 TF1

Co-expression is evidence for regulation

Des Weighill



PPI is evidence for regulation

G1

PPI

TF2TF1 TF2TF1

G1

Des Weighill



PANDA (Passing Attributes between Networks for Data Assimilation) Glass et. al. PLOS one (2013)

PANDA: Integrating Data to Infer Networks



More application papers coming….



Can we move beyond 

THE Network?



Reconstructing Gene Regulatory Networks

Gene Expression Data

G
e

n
e

s

Multiple Samples

Network Reconstruction

One Network

Pearson Correlation, Mutual 

Information, CLR, PANDA, etc.

Marieke Kuijjer, Matt Tung, Kimbie Glass

We generally estimate “Aggregate” Networks.



Gene Expression Data

G
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Multiple Samples

Network Reconstruction

One Network

Represents information 

from all the input 

samples

Linear Interpolation to Obtain Network 

Estimates for Single Samples 

(LIONESS)

+ + + =

Pearson Correlation, Mutual 

Information, CLR, PANDA, etc.

Reconstructing Gene Regulatory Networks



Sample q’s contribution to e(α)

Network e(α)

Representing contributions 

from all samples

Reconstruct 

network

Network e(α-q)

Representing contributions 

from all samples except q

Reconstruct 

network
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Single-Sample Networks (LIONESS)
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Single-Sample Networks (LIONESS)



Sex Differences in Twenty-Nine Tissues

Camila Lopes-Ramos



Sexual Differences in Colorectal Cancer

Camila Lopes-Ramos



Pardon me, do you have the 

pseudo-time course?



PHOENIX: A NeuralODE Solver



PHOENIX: No Free Lunch



PHOENIX: Scales to the Genome and is Explainable



How do I maximize my impact 

as a scientist?



netZoo: An integrated platform

https://netzoo.github.io Marouen Ben Guebila, Tian Wang 

https://netzoo.github.io/


netBooks: Methods in Action



The impediment to action advances action. 

What stands in the way becomes the way. 

– Marcus Aurelius, Meditations 5:20
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