Machine Learning & Probabilistic Graphical Models
(with Scientific Applications
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Learning Models from Data (Model Fitting)
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Caution:
Machine Learning

(Deep) Neural Networks
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Models (probabilistic Graphical Models)

Probabilistic : Encoding Uncertainty via Conditional Probability
Pr(X=-e; | Y = Observations + Knowledge)

Graphical :
Nodes.: Random Variables Edges.: Dependencies
Missing Edges: Independencies!
0.1 0.1 0.4 1
@ = :‘\X_y; = :< X3 5 Hidden Markov Model
Pr(S)=0.8 Pr(P)=0.9 Pr(E)=Pr(A)= Pr(E)=0.8
Pr(T)=0.2 Pr(E)=0.1 Pr(S)=Pr(G)=0.25 Pr(Q)=Pr(D)=0.1

Pr(S,) @ Pr(S,)

L .
Pr(LlS,,S;) Bayesian Network
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Current Projects: Prediction of Heart Disease (HCM)
(Learning: Supervised + Unsupervised)
With Drs. T. Abraham & R. Abraham et al (JHU & UCSF)

Ellectlroq,ard 2 ME Echo-cardiograms
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gttcgcaaag agtcagecs gtgtgtacac
acacacacac acactcatz | acataatggg attagttcca
tgggattcaa ggcagaagtt caagtctgtt cactgttgtc aggaaatagg
‘gagtagetgg,tgtctageta teattttttg ctectgttty ctectgtcta gaatttctag
atctcggtec cagtttgtgg accctgettg ttgtctgatg atgtaggtac aaagectgat
ggaggggaaa ggtgatgatc aagttctcag gagttcaggt tcactcttgg ctetgttegt
ggaggggcac atttacacca gatgcggagt ccgetttgat acctgetgea
ggagctggga tttctcagga aaccaggggt tggtctgagg ttagagatece
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Sinus rhythm, left atrial overload; note the initial QRS ¢




Predicting hospitalization from temporal data

(Learning: Supervised + Unsupervised)
With Dr. Claudine Jurkovitz et al (Christiana Care)

Creatinine over Time
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Computationally Glancing at (Biomedical) Images

(Learning: Supervised + Unsupervised)

Using Text and IMA&GEto find EVIDENCE:

Relevant Info about genes proteins or drug-interactions..
Martin Ringwald, Cynthia Smith, Judy Blake (Jackson Labs)
Xiangying Jiang, Pengyuan Li, Gongbo Zhang (Udel)

Prof. Liz Marai and her group (University of Ill. , Chicago)
Prof. Cahndra Kambhamettu and Vinit Singh (UDel)
Profs. Luis Rocha (Indiana University) and Lang Li (Ohio State)
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Probabilistic modeling of sens events & relationships
(Learning: Quasi Supervised

(Sparse and Constrained) Graphical Models
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Nodes.: Random variables: Sensors and Areas in the Tank

Edges: Indicate interdependency among Sensors/Locations/Events
Introducing Domain Knowledge via:

Priors; Distributions; Infterdependency constraints

%“m © 2019. Hagit Shatkay, CIS



Thank You

shatkay@cis.udel.edu
http://www.cis.udel.edu/~shatkay
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