Physiological Acuity
Modelling
with
(Ugly) Temporal
Clinical Data

Marzyeh Ghassemi
CSAIL PhD Candidate

l - Massachusetts
Institute of
Technology

. o m
v v m

CSAIL



Agenda

ATechniques
ATopic Models (LDA)

AGaussian Processes (GP)

AApplications

AKDD 2014 - Unfolding Physiological State: Mortality Modeling in
Intensive Care Units

AAAAI 2015 - A Multivariate Timeseries Modeling Approach to Severity
of lliness Assessment and Forecasting in ICU with Sparse,
Heterogeneous Clinical Data



Agenda CSAIL
ATechniques
[ ATopic Models (LDA) ]

AGaussian Processes (GP)

AApplications

AKDD 2014 - Unfolding Physiological State: Mortality Modeling in
Intensive Care Units

AAAAI 2015 - A Multivariate Timeseries Modeling Approach to Severity
of lliness Assessment and Forecasting in ICU with Sparse,
Heterogeneous Clinical Data



LoA &1

Topic Model Tutorial s

A Content is from:
ASteyvers & Griffiths 2006 paper
ABlei ICML 2012 Tutorial



Topic Models i Popularity Is great

AAIl the right cliques:
ADirected graphical models
A Conjugate priors and nonconjugate priors
ATime series modeling
AModeling with graphs
AHierarchical Bayesian methods
A Approximate posterior inference (MCMC, variational methods)
AExploratory and descriptive data analysis
AModel selection and Bayesian nonparametric methods
AMixed membership models
APrediction from sparse and noisy inputs



Data/Discovery Process
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Make assumptions
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How t o Get the fiLatento?

A Graphical Models ~ Matrix Decomp ~ Tensor Decomp
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LDA
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Intuition: Documents are made of Topics

AEvery document is a mixture of topics
AEvery topic is a distribution over words
AEvery word is a draw from a topic

Topic proportions and

Documents :
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Circles & Boxes
AObserve: N words over D documents O

Wd,n

Alnfer:

APer-word topic assignment Zan Q -Q—»O* O

APer-doc topic proportion O O | Zan Wian By

A Corpus topic distribution P Mo K

ADirichlet Priors Give:
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LDA T Latent Dirichlet Allocation

e
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AWe observe words, we infer everything else, with our assumed structure
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Mirich-l et 0 | t On Too Thick?'

AWhatare a & 1) ?
AEach hyperparameteri s a prior fiobservation

A a is the number of times a topic is sampled in a document before
having observed anything from the document.

A1 is the number of times words are sampled from a topic before any
words are observed from the corpus.

Topic 3 Topic 3

® J

Topic 1 Topic 2 Topic 1 Topic 2

Figure 3. Illustrating the symmetric Dirichlet distribution for three topics on a two-dimensional simplex.
Darker colors indicate higher probability. Left: @ = 4. Baght: a = 2.
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Why Do We Need Inference? e

AWant the posterior distribution p(z|w) - assignment of word to topics
AWe could estimate 6, ,B« using EM, or marginalize out with approx. inf.
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AMany Approximate Methods

ASampling i randomly resample a specific tagging for each word, given
specific taggings of all other words, and a specific value for d .

AVariational Inference - deterministically update the distribution over
taggings for each word, given distributions over the taggings for other
words and a distributiono ver d
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GP Tutoral S

AContent is from:
APhillip Henning MLSS 2013 Tutorial
AMur phyo6s Machine Learning Book ( a
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CSAIL
GPs?

AGPs define a prior over functions, which can be converted into a posterior
over functions once weoOve sSeen SOMmM

AAs s umes p (An) igjaintly Gaéssidn,(with some mean and
covariance given by

AComputation is O(N3).

AGPs can be thought of as a Bayesian alternative to sparser/faster kernel
methods (SVM), with probabilistic outputs.
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Multivariate Gaussian
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GPs

: CSAIL
Why do we like them?
AClosure under multiplication {f{rza-ﬂw (36, B) = N (;¢,C)N (a; b, A + B)
. r_ (AL L gyl c=C ,_1{14_ 1
AClosure under linear maps C=("+57) C(4™a+B7"b)
T p(z) =N(z:p,X)
AClosure under marginalization {p(ﬂz} N (As, A AZAT

AClosure under

[[@)() B 2| wenmenn s
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ccccc
What can we do?

given y e RY, p(y| f), what's f?
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Linear Regression
f(z) = wy +wyz = $Jw p(w) = N (w;p,X)
1 o . .
by = (i) o(£) = N'(F: 6T, 6T562) Prior over linear
functions
T T I 20 <
2 |- - . Y
10 | e
0 . o
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|s this hard??

» prlor on w

F = 2; % number of features
phi = @(a)(bsxfun(@power,a,0:F-1)); % ¢(a)=[1;a]
nu = zeros(F,1);
Sigma = eye(F); % plw)=N(p,%)
% prior on f(x)
n = 100; » = linspace(-6,6,n)"; % ‘test’ points
phix = phi(x); % features of =
I = phix * mu;
kxx = phix * Sigma * phix’; % p(fz)=N(m,kzz)
5 = bsxfun(@plus,m,chol(kxx + 1.0e-8 * eye(n))' * randn(n,3)); % samples from prior
stdpl = sgrt{diag{kxx)); % marginal stddev, for plotting
load({'data.mat’); W = length(Y); % gives Y, X,sigma
% prior on Y = fx +¢
phiX = phi(X); % features of data
= phiX * mu;
k¥ = phiX * Sigma * phiX’; % p(fx)=N(M,kxx)
: = kXX + sigma*2 * eye(N); % p(Y)=N(M.kxx +0°1)
R = chol(G); % most expensive step: CO(N?)
kx¥ = phix * Sigma * phiX’; % cov(fz, fx)=kox
A = kxX / R; % pre-compute for re-use
post =mo+ A % (RN (Y-M)); % p(fe|Y)=N(m+k . x(kxx +a7I)7 (Y - M),
vpost = kxx — A * A" % ke —kex(kxx +0° 1) Ykx.)
spost = bsxfun{@plus,mpost,chol(vpost + 1.0e-8 % eye(n))’ * randn(n,3)); % samples

sqrt{diag{vpost)); % marginal stddev, for plotting

LA}

f

2
]
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More realistic data

f@)=dpw
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GPs

Cubic Regression
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Not any harder.
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F=4

. =4
=
=
e
o
=

phl
Ll

% prior
f

philx
.
KX %

]

stdpl

on w

2;

@(a) (bsxfun(@ower,a,0:F-1));
zeros(F,1);

eye(F);

on f(x)

100; » = linspace(-6,6,n)";
phi(x);

phix * mu;

phix * Sigma * phix’;

% number of features

% ¢(a)=[1;a]

% p(w) =N(p,X)

% ‘test’ points
% features of =

% p(fz)=N(m,kzz)

bsxfun{@plus,m,chol{kxx + 1.0e-8 * eye(n))' * randn({n,3)); % samples from prior

sqri(diag(kxx));

load({'data.mat’); W = length(Y);

% prior
phi1x

KK X

e m e |
mw n

on ¥ = fx +¢€
phi(X};

phiX * mu;

phiX * Sigma * phiX’;

kXX + sigma*2 * eye(N);
chol(G);

phix * Sigma * phiX’;
kxX / R;

m+ A *x (R" N\ (Y-M));
kxx — A * A"

bsxfun({@plus,mpost ,,chol(vpost

sqrt(diag(vpost));

% marginal stddev, for plotting

% gives Y X,s1gma

% features of data

% p(fx)=N(M kxx)

% p(Y)=N(M,kxx +o°1)
% most expensive step: O(N7)

% ':Gmr{fﬂ'ﬁf.:'{} = ';"::I'.T
% pre-compute for re-use

% p(fe|Y)=N(m+Ekox(kxx +07I) Y - M),
% ker —kox(kxx +07 1) Tkxy)

+ 1.0e-8 * eye(n))' * randn(n,3)); % samples

% marginal stddev, for plotting



phi = @(a) (bsxfun(@power,a,[0:7]));

GPs
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Septic Regression

f(;L') = (,1'5(;L'.)Tw qﬁ(;p) = (1 T R e V)T

Prior
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GPS phi = @(a)(2 * [cos(bsxfun(@times,a/8,[0:8])), sin(bsxfun(@times,a/8,[1:8]))1);

CSAIL

Fourier Regression

¢(x) = (cos(x) cos(2x) cos(3z) ... sin(z) sin(2x) )T

20 I I I

Prior

&(x) = (cos(x) cos(2x) cos(3z) ... sin(x) sin(2z) )T
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Step Regression s

Prior

Posterior




