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Definition

Computational Pathology investigates a complete probabilistic
treatment of scientific and clinical workflows in general pathology,
i.e. it combines experimental design, statistical pattern recognition
and survival analysis within an unified framework to answer
scientific and clinical questions in pathology.

[CMIG 2011]
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~67,000 cases per year
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From Subjects to Cohorts

Tissue Microarray (TMA) Spot



Tissue Micro Array (TMA)

Parafin recipient

Parafin recipient

~700 Tissue
Samples

0.6 mm 0.2mm




Computer Vision Tasks in Pathology

Nuclei Detection

and Classification
Sub-cellular level

3.05

Segmentation

a) Original Image Tile

b) LBP Feature
Extraction

c) Classification
(Random Forests)

d) Global Optimization
(Graph Cuts)

e) Final Decision
Boundary

Structure Estimation

Morphology




Biomarker Detection & Validation

Proteomics
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Ground Truth for Statistical Learning
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What is the ,,Ground Truth“?



Past

Present

Future

Expert & Crowd Sourcing
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Staining Estimation Pipeline
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Learning Prediction Estimation

Relational Detection Forest

‘i’ Classifying every pixel Nuclei centers are Several hundred nuclei Overall staining per patient is
(V) of a spot resultsin a found by applying are detected on each Calculated by assessing the
> probability map mean shift clustering Image of a TMA spot staining of all detected nuclei
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Modeling

Relational Detection Forest

Procedure LearnTree

Input: set of samples S = {s;,85,...,8,}
- Input: depth d
Input: max depth d,,,,

Input: features to sample mTry

| Init: label = null; g = — inf
2 Init: Niopp = null; Npjgp, = null
30f (d = d,ee) OR (isPure(S)) then

I ‘

label = arg F&{”Irlllrf.l?”m} E;I L
5 else
6 fori =0,i < mTry,i+ +)do
7 fi = SampleFeature()
1 8 Sr = {s;|fi(sj) = true}

9 Sr = {sjlfi(s;) = false}
10 gi = .SE'(S{,. Sr)
1 if g; > g then

. 12 | feest=fis 9=
13 end
14 end

S 15 Nicst = LearnTree(!s;| foest(si) = true})

16 Nright = LearnTree({s;|frest(si) = false})
17 end

MICCAI 2006, ISVC 2009

Gini Index:
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Learning Modeling

Relational Detection Forest

9 Detection Forests — |8 x|
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Relational Detection Forest

) -"‘
’ 5 g Ed Q-’ (ji
X 4
X A 92 ) s
'>1}‘ |'~ 9 = L 7
- ,
: ; .
# § . S
- - b - %.’ Y
<
. o R )
o & . Y 4 -
[ v ( d' ;"\ /| £
14 ¥4
\\l
I / ; { @
il \

uuuuuuuuuuuu

ISVC 2009
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Nucleus Based Analysis
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Image Aquisition: X

Sample preparation
and TMA construction.
MIB-1 staining on clear

Data Generation

Image Analysis

cell renal cell carcinoma

Slide scanning and
tiling of TMA into spots

Sl

Gold standard:
samples of nuclei via
labeling experiments

Label Aquisition: Y

Background objects
through Voronoi
sampling

Training samples:

cancerous nuclei
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Relational Detection forest
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cancerous nuclei

background

Classifying every pixel
of a spot resultsina
probability map

Prediction

Nuclei centers are
found by applying
mean shift clustering
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Several hundred nuclei
are detected on each
Image of a TMA spot

Estimation

Overall staining per patient is
Calculated by assessing the
staining of all detected nuclei
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Application to TMA spots of
133 RCC patients.
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Staining Estimation

MIB-1 estimations

Lo 0.4%

Estimation from the domain expert
and prediction from the algorithm
for each patient in the cohort

W7 0.8%
W 15% :

L]
ensity

12.1%
7 17.4%

== Pathologist
=== Algorithm

Subgroup Analysis

Kaplan-Meier estimators for subgroups of patient with
high and low MIB-1 expression.

"— 1 Quantile

7 23.6%

N=133 Bandwidth =101

Pathologist

P=0043

Algorithm

p=0026
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Survival Analysis

Cumulative Survival
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Applications of the Framework

Spatial Processes for Hippocampal Sclerosis Pancreatic Islet Segmentation for T2 Diabetes

Original Image Detected Objects Process Intensity
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Detection in IHC Stained Cell Cultures

Counting of Mouse Liver Hepatocytes
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