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Overview: Network-based data analysis
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ML, networks, dynamical models have different *"@z@
= 4&:
i S

strengths and weaknesses ‘

ML: predictions from networks (graphs): dynamical models:
unstructured data capturing interactions temporal properties
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Including knowledge by feature engineering
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Prediction task:

given a disease D, and two drugs - classify the combination of drugs as

good (approved, 1) or bad (adverse, 0)

fr: XxX — {0,1}

molecular network

nodes: proteins, edges: their interactions

> Drug targets drug A
@ Drug targets drug B

2 Disease genes

m prior knowledge/data
(1) molecular network: protein-protein interactions
(2) disease proteins
(3) known targets of drugs

m infer features: distances

o R3 — {0,1}

m prediction with simple

ML approaches

(decision tree, SVM,...)

N

Pauline
Hiort

Network-based
data analysis

Katharina Baum

Chart 7



Informed maChlne Iea rnlng von Rueden et al., 2023 IEEE TKDE

Source Representation Integration zléazr;lal\j:latk:: etPahI.,
Which sessce of kevwledjoe How is the knowbedge Wikere is the knowledge integrabed » Nat Rev Fnys
is imbegrated ! represenbed? in the machine leaming pipeline?
Algebraic Equations Training Data obsel:vatlon
Sciendific Knowledge bias
{Matural Scences, : .
Erginsering, sic.] Crifferential Equatiors
) . Hypristhieeis St
Simalation Resulls . - -
P r— inductive bias
Bl Structune, o8 )
Spatial Imvariances

World Knoawledge

L UTI Y Lnﬁlcﬂuh

Sernantics, Ceneral K e}

Laasnimg Algorithm

Regulisiration Tererm, learning bias
Constrained Opt., el )

Knonwledge Craphs

Preobabilistic Relations

Expriert Bonine ledhge
(lrutui o, Lises Fosmmal)

Huenan Feedback | inal Hypothesis | Chart 8




Graph-convolutional neural networks — bringing prior "“ @Z@
. . . - 1]
knowledge on proximity into ML P =
We have a graph ¢ = (V,E) with |[V| = N with adjacency matrix A K(i:pf &ZgVelling,
ICLR 2017
We have node feature vectors x; of dimension F fori=1,...,N,
i.e. an NxF-dimensional node feature matrix X
The update rule for hidden layer |+1 is given by
PO |
H®D = fHD A) =0 (D *AD 2H(I)W(l)) convolution over neighbours in the graph
instead of over neighbouring pixels
with H® = x )
A=A+1 /<§< P LA
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w® weight matrix of the Ith neuronal layer I\ / < s A
a(+) nonlinear activation function /R R T /,i
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Including knowledge by using graph neural networks "%, ¥
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Including knowledge by using graph neural networks
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Simulation-based Machine Learning & Simbakil - W
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Simulation with SimbaML: SIR model '3, =
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SIR: susceptible, infected, recovered

ds _ _BIS
dd N’
dar _ pIs .
a N
dR

@ b

config:

ranges or distributions of initial conditions
ranges or distributions of kinetic parameters
solver, error, time series or steady state
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Machine learning with SimbaML '3 ke

i S SimbaML supports ML
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Potential application of SimbaML: model pre-training .
in sparse data situations '-'%mm'm'

prediction task: time series forecasting of the distribution
parameters for the number of new infections, x
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Potential application of SimbaML: Determine the best . @a@
3 [

ML prediction model
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Potential application of SimbaML: Determine the best . «
ML prediction model .'.%p%m‘m_

prediction task: time series forecasting of a single observed variable of the system, x
f: (x(t —4), ...,x(t)) - (x(t+ 1), x(t+2),x(t +3))
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Outlook "E, K=

In general:
u m transfer to clinically relevant settings
- (1) personalized predictions

(2) transfer learning approaches

-

Limulation

configuration || _ Selve 00 H AadWotse H sparsly (3) explainable predictions
I (4) include additional data
r -

Evaluation H Training ]—[hpmﬂ:slng]— h“.ﬂ"::::" I

Genomics == A .
england :E: @ﬁ,mmﬁs

« examination of effects of different ====s ICAHN School of

Medicine at Mount Sinai

assumptions of noise
explore transfer learning
benchmark methods of explainability

« assess other informed ML approaches
« role of uncertainty, active learning
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