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 Traditional approach relies on pathologists who are capable of
identifying problem-specific cues in a whole slide image (WSI)
* shape, color, size of cells
* spatial structure of cells
* presence of isolated clusters

* Computer-assisted diagnosis has become widely-used in recent years
* reduce variability in human interpretations
* eliminate significant effort from experts on trivial cases
* provide quantitative analysis of a specific disease



Related Work

* Fully supervised learning

* training labels are required for not just the WSI but
all of its patches

. chl)(r:nmon classification methods can be applied in

» feature extraction techniques (texture, spatial, graph-

based, morphological, ...) RN || EENEN
e supervised training algorithms (SVMs, CNNs, ...) Y ¢ v 4
 DFDL [1] takes steps forward [ Classification on patches J
* uses dictionary learning to automatically extract 'l T
features e =y |
- labelling patches is challenging threshold
* each WSI comprises hundreds to thousands patches scess 2 patches I i

* need expert knowledge

* Figure from T. H. Vu, H. S. Mousavi, V. Monga, G. Rao, and U. A. Rao “Histopathological image classification using
discriminative featureoriented dictionary learning,” IEEE Trans. Med. Imag., vol. 35, no. 3, pp. 738-751, 2016.



* Weakly supervised learning Asymmetric assumption

* coarse-grain annotations posve s
* only the bag-level labels are required
« common methods in multiple instance
learning (MIL) can be applied in HIC
* WSI = bag, patch = instance
« EM-DD, Ml Kernel, mi-SVM, miGraph
* MCIL [2] is the state-of-the-art method
designed for HIC

* adopts the clustering concept into MIL
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* all are based on asymmetric assumption
* not suited for cancer type classification

* Figure from E.D. Ross and A. Ben-Hur. “Amino acid composition predicts
prion activity”. PLoS computational biology, 13(4), p.e1005465, 2017.



* A novel symmetric MIL framework for classifying cancer types based
on histopathological images.

* A probabilistic graphical model that incorporates the proposed
paradigm and an efficient inference for learning model parameters.

* Extensive experiment results:
* runtime evaluation,
* real-world datasets.



Problem Formulation

* Given bags and their labels {X,,Y,,}7_
* Xp = {xp};2, ¢ R?
. Y, €{0,1}

* Symmetric MIL assumptions:

 Symmetric attributes: each instance in a bag can be associated with an
attribute that is either relevant or irrelevant to the bag label.

* No mixed-class attributes: positive bags do not contain negative attributes
and vice versa.

e Cardinality constraint: each bag has a limited number of relevant instances.
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Attribute-Based Symmetric MIL

* Attribute z;; of ith instance in bth bag
follows a multinomial LR

T
e'wc Lpi

Z(cczo ewe i
 Cardinality constraint is enforced on
every bag

Tb - <IZ:L=bl Izbi;éozl) (IZ:L:bl Izbi?éOSnmax) =1

* Bag label is computed based on the
presence of relevant attributes

(0 if U, {zi} € {0,1,..., S}
V=41 if U2 {2} €{0,S+1,...,C}
\2 otherwise

BPic(w) = P(zbi = ¢ | Tpi, w) =

/nﬂl(lfl
VY 1 b=1:8B
\ i=1: nbﬁ
Positive attributes Negative attributes
C C
C+:{1""'§} C_={§+1""’(C}

Irrelevant attributes

0}
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w = [wy, wn, ..., wc] € REHDI

* Regularized maximum likelihood

L(w) = 1 Z(Lb(’w) n )\eHb(’w)) n )\q“’wH
b=1

B ~Z_ 2
/ entropy regularization

Ny C
normalized negative incomplete log-likelihood Hy(w) = Z (_ Z Pyi.(w) log Pbic(w))
B 1=1 c=0
1
Linem(w) = = > (108 P(Ys, Ty | Xy, w)|+log P(X,))
b=1

* Challenge: minimizing I w.r.t. w requires computing P(Yy, T3, | X3, W)

ny

P()Yb =1, ’]ﬂb ’ Xb' ’U)) - Z IZ:Zl 1:[),-#121]2121 Iz #0 <Nmax H P(:bi ‘ Lbi; ’lU)

z,€{0,1,....,5}™ rale




Expectation Maximization (EM) Approach

* Negative complete log-likelihood Q(w, w®)
B L(w)
1
Lep(w) =——= ZlogP(Yb,Tb,zb | X3, w) + const
& b=1
* E-step: 5 N §
Ag |w] ]
k)y — 1 '
Q(w, w™) —§Z<waw ) + AcHy (w) + q2 wF+D) o ®)
b=1
Jb(w,w(k)) — Ezblyb,Tb,Xb,w(k) |:— logP(Yb,Tb,zb | Xb,w)]
* M-step:

Generalized EM _
w1 = argmin Q(’w,’w(k)) mmmsss)  find w*Y st Q(wF Y, w®) < Q(w™®), wh))

w



E-step :
Z[Zb —cw Lbi +1Og Z 'w mbz

c=0 c=0

S

Jb(’w’fw(k)) — Ezble,Tb,Xb,w(k) [— log P(}/(,,Tb,zb | Xb,'w)]

np
:Z( pg;gst (8)) . ] mbz+1og(z ™! w))
1=1

; 2

PPOSt(w) — P(sz — C ’ YbaTbambiaw)

bic
Requires marginalization over all
- P(Zbi —Cayvab ‘ wb%w) zbjforj=1,...,nb andj # i

N Zi/‘:() P(Zbi — ta}/vab | wbi,’lﬂ) 2 O(Cnb_l)!




Dynamic Programming for E-step

* Forward message passing

api(l) 2 P(Ny; =1 | X, w)
Backward message passing

Bri(l) = P(Yy, Ty, | Noi = 1, X3, w)
Joint probability calculation

Pjoznt(w) = P(Zbi —= G, vaTb | wb’hw)

bic

Posterior probability calculation
PP (w) = P24 = c | Yo, Th, Tpi, w)
_ P(zy; = ¢, Yy, T | @pi, w) E
S Pl =Y, Ty | @i w) |




AbSMIL Algorithm

* M-step with stochastic GD

8wa w’)

Z(szc g;ZSt (w ))mbz +

) (ZP bit (W
t=0

T
—w,) mbi)mbi + A w,

)‘e prbic (’U)
1=1

* Prediction
Zyi = argmaxXg< .<c P (26 = ¢ | Tpi, w)

Y, = argmax,,c o 13 P (Yo =m, T, =1 | Xp, w)

Algorithm 1 Attribute-based Symmetric Multiple Instance
Learning (AbSMIL)
1: Input: Training data {X, Y3}, cardinality constraint
Mmax. POsitive constants A, and A., initial weight w(®)
2: Output: {w™}

5 k=0 O (np(Cd + Tnax))
4: repeat
5:  Select a random bag b

6: /] E-step:

7. Compute prior probability Py;.(w*)) using (1)

8:  Compute prior probability P, ;" and P, using (9)

9:  Compute forward message ay,; ([ ) for i = 1< ...,mny and
[=0,%1,..., £ny. using (10) and (11)

10:  Compute backward message [3;(l) for i = ny,...,1

and [ =0,+1,.... , +Nmax using (12) and (13)

11:  Compute joint probability Pl (w®) for i =
1,...,npand ¢ =0,1,...,C using (14) and (15)

122 Compute posterior probability PF2**(w(®*)) for i =
1,....,np and ¢ =0,1,...,C using (7)

13:  // M-step:

1 7= /20t jog(C + 1)

)
15:  Compute %ww“) forc=0,1,...,C using (8)

c+1) 1 9Qs(w, ‘”)
16: ,w(k+l) — Hf w(k) _ B 0 b(’)::(tk“; )
172 k=k+1

18: until stopping criteria is met

I, (v) = min{l. L}v
]l



Experiments
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Real-world Datasets

Normal Inflammation

* Datasets

* Tiger, Fox, and Elephant datasets
* popularly used in studies of MIL

e Animal Diagnostics Lab datasets:
* Kidney, Lung, and Spleen
* histopathology images of mammalian organs
* 300 WSIs of size 4000x3000 in each dataset

 The Cancer Genome Atlas (TCGA) dataset
* 48 samples for astrocytoma

* 48 samples for oligodendroglioma
* Various sizes and shapes

Lung

e Baselines
* Fully-supervised: DFDL
e MiIL-based: mi-SVM, MIL-Boost, miGraph, MCIL
* MIML-based: ORLR, MIML-NC

Spleen




TCGA dataset

Oligodendroglioma

Astrocytoma
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Visualization from Kidney dataset

AbSMIL (C = 2)
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* Introduced a Symmetric MIL setting where both positive and negative bags
contain relevant class-specific instances as well as irrelevant instances.

* Proposed a probabilistic model that takes into account prior information
about the sparsity of the relevant instances.

* Developed an efficient inference that is linear in the number of instances
and is suitable for online learning scenarios.

* Evaluated our framework on the real-world datasets and obtained
competitive results on all datasets and in particular for TCGA where bags
contain mainly irrelevant instances
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