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Transfer Learning in Flow Cytometry

Training data sets
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Classification

X = set of patterns
Y = set of class labels

Problem:

Given X € X, predict Y € Y

Example: Heart attack within next 5 years?

X (age, weight) € R?

Y

yes or no



Probabilistic Framework

Assume (X, Y) is a random variable with prob-
ability measure P

Note that Y is not necessarily a deterministic
function of X



Classifiers
Assume Y = {—1,41}. A real-valued function
f: XX —R
defines a classifier via
y = sign(f(z)).
The probability of error, or risk of f is

E(f) = Bl(f(X),Y)]

where

€t y) = Lisign(t) )



Learning from Data

P is unknown and potentially quite complex
(not amenable to parametric modeling)

A training sample is a collection
((Xla Yl)a c ooy (X’na Y’fl))
of IID realizations of (X,Y).

The goal of classification is to construct a
classifier f from the training sample such that
E(f) is small, e.g., as n — oo

E(F) “Py &% = inf £(F)
all f



Learning from Data

A

Weight

Task: construct a classifier using a training sample

v



Kernel Methods

~ R
fr=argmin =% 0(f(X;), V) + M| F1I3,
fern i

where

e 7 is a reproducing kernel Hilbert space

e /(t,y) = ¢(yt) where ¢ is convex

..

.,

gl ey

T

. hinge

9

: %

i logistic e

15~
~ 0-1

.

S

\_\

T




Reproducing Kernel Hilbert Spaces

A reproducing kernel Hilbert space is a Hilbert space H whose
elements are functions f : X — R, and such that there exists a
function k£ : X x X — R satisfying

o k(-,x) € H for every x

o for every f € H and x € X,

f(il?) — <f7 k(a x)>7—[
(reproducing property)

Any k satisfying the above conditions is called a reproducing
kernel



Reproducing Kernel Hilbert Spaces

Useful facts about reproducing kernel Hilbert spaces:
e k is a reproducing kernel iff k is positive definite
e Every RKHS has a unique kernel

e Every positive definite kernel is the reproducing kernel of a
unique RKHS

e The set of functions
Ho=<[= Zajk(-,zj)
j=1

is dense in the RKHS associated with k



The Representer Theorem

Every solution of
1 n
in — 4 Xz 71/1' A ;
i - > (X0, ¥) + A

has the form .
=) aik(-, X;)
i=1

where «; € R.
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Applications

Flow cytometry Cell Cell type
ECG Heartbeat Abnormal heartbeat?
EEG EEG window Seizure imminent?

Microchip inspection Chip Defect?



Formal Setup

X = feature space (compact), Y ={-1,1}

Training data

Si = ((Xij: Yii))i<j<n,
(Xij,Yi5) % P)((%, for each ¢

P)(g’%, % p (distribution on distributions)

Testing data

T = (X], Y )iicns
(X]T,Y;T) % P, Y}Tnot observed

PXYN,u



Prediction function

e ‘B, — distributions on X

e Map marginal distributions to classifiers
g: By = (X > R)
e Equivalent represention:
f:BryrxX =R

f(Px,z) = g(Px)(z)

e (Classifier on “extended feature space” By X X



Measuring Performance

e loss

¢(y,y) = loss of prediction value y

when true label is y

e empirical risk on the test sample

Ze FIPE XY, YT,
e generalization error

E(f) =EBpr_ uBixryryopr, [U(f(Px,X"),Y")]



Kernel-based Algorithm

RHKS framework

e k= kernel on By x X
o Hr = RKHS

e “extended data”

~

X,,;j = (ﬁ)(g),Xw) EBy XX

Minimize empirical risk plus complexity penalty

fr = argmm—zs £,8:) + Al fl3e

feEHT

= argmm—z Zf
L=

feH-

Yij) + Allf 5



Implementation

Representer Theorem implies

N n;

PX7 Zzam P)(g)szj%(PXax))

1=1 j5=1

Implementation

e hinge loss = SVM packages

e logistic loss = kernel logistic regression algorithms

e ctc.



Kernels

Product kernel:

k((Pr1, 1), (P2, m2)) = kp(Pr, Pa)kx (21, 22)
Kernels on distributions:
e Universal kernels developed by Steinwart and Christmann (NIPS 2010)

e Embedding of distributions: Fix another kernel £y on & and set

U(P) = /k’X(-,x)dP(x) € Hy,

(related work: Sriperumbudur, Gretton, Fukumizu, Scholkopf, Lanck-
riet, JMLR 2011)

e (Gaussian-like kernel

1
ke (P, ) = exp { — o [ 0(P) — WP, )
P



Analysis

Assumptions:
e kernels kx, kp are universal and bounded
e the loss £ : R x ) — R is Lipschitz in its first variable, bounded
e all samples S; have the same size n

Theorem: With probability at least 1 — 9,

log N +logd—1 logd—1
3356005t < BB i)

feB(R)
Corollary: (Universal consistency) If N,n — oo with N = O(n”) for some
v >0, and A = A(N,n) — 0 (but not too fast), then

E(Fwm) — . inf  E(f)

B xX—=R

in probability.



Results

e Flow cytometry data with NV = 35 patients
e Subsampled n = 5000 examples per patient
e leave-one-patient-out test error

e Comparison to a “vanilla” multi-task (MT) learning kernel

. 1 ifP =P
Bp(F1, o) ::{ P £ P,

Kernel kp Test Losses vs. Wilcoxon
error proposed | signed rank p
MT (r =0.01) | 1.92 % 29/35 710"
MT (7 = 0.5) 1.72 % 26/35 9 104
Pooling (1 =1) | 1.71 % 26/35 2.5 1073
Proposed 1.67 % - -




Reference

“Generalizing from Several Related Classification Tasks to a New
Unlabeled Sample”

NIPS 2011

Available at: http://www.eecs.umich.edu/~cscott

Supported by NSF



