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Figure S1: Stratification based on standard clinical data with number of samples per
group n in braces. For the blood PSA value and age the cut-off has been optimized to
maximize the log-rank test p-value.
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Figure S2: Histograms of standard clinical data over all patients where 0 (blue) refers to
the patients without tumor progression and 1 (green) to the patients with tumor
progression.
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Figure S3: Examples of whole-slide images of consecutive FFPE tissue sections from
resected prostate cancer tissue.
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Figure S4: Result for uni-variate stratification with cross
validation using the top-6-ranking significant Phenes in Table S3.
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| corresponding to true tumor progression. X-axis: disease-free
survival time (DFS) in month, y-axis: disease-free survival
probability. In the confusion matrices rows provide the true class
and columns the predicted class (0: non-progression,
1: progression). (Note that for some patients with DFS times of up
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For interpretation of the phene names see main manuscript
Table 3.)
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Figure S5: Performance evaluation of multi-variate stratification
using different types of classifiers with the subset of significant
Phenes selected using the FWER method of Holm-Bonferroni
(Table S3). The Kaplan Meier plots show groups “non-progression”
.58 o Bl (green) versus “progression” (blue) as predicted, with the events
kNN (k=5) 3.32e-009 i‘;ﬂ 321 corresponding to true tumor progression. X-axis: disease-free

survival time (DFS) in month, y-axis: disease-free survival
probability. In the confusion matrices rows provide the true class and
columns the predicted class (0: non-progression, 1: progression).
(Exact disease recurrence dates not available for some patients and
therefore the approximated DFS time of 36 month is used.)




Supplemental Tables

Uni-variate Multi-variate
n HR 95% Cl p-value | HR 95% ClI p-value
Gleason Score
6 49
7a 31 1.534 0.788 - 2.987 0.208 | 1.488 | 0.714-3.103 0.289
7b 10 1.610 0.596 - 4.346 0.348 1.815 0.646 - 5.103 0.258
pT
2a 13
2b 1 1.582 | 0.189-13.239 0.672 | 2.648 | 0.199-35.212 | 0.461
2c 76 0.865 0.361 - 2.077 0.746 0.660 0.256 - 1.705 0.391
Age 90 | 1.020 0.972-1.070 0.421 1.024 | 0.962 - 1.090 0.450
Psca'ﬁ:?d 90 | 1.024 | 0984-1.066 | 0251 | 1.010 | 0.964-1.058 | 0.674

Table S1: Result of Cox Regression on clinical features.



Antibody
: Pretreat-
1
IHC Detection systems ment !
Provider Dilution Incubation
CDe8/ Dako/ 1:23/ 40 min/ ultraView AP Red/ 32 min. CC1
CD163 Ventana | ready to use 16 min optiView DAB ’
Zytomed/ ) , ultraView AP Red/
P Cell 1oy 60 min/ ultraView DAB | 60 min, CC1
Marque '
Cell ) . . .
CD34 Marque 1:200 20 min ultraView DAB 30 min, CC1
CD18/ Progen / 1:200/ 12 min/ ultraView DAB/ 60 min. CC1
p63 Zytomed 1:200 32 min ultraView AP Red ’

Table S2: Basic data of IHC protocols

' (Ventana Medical Systems, Tucson, Arizona)




Model: tumor non-progression if

NUM

Phene OP | THR | ACC P-VAL 5 |TP|TN|FP |FN
1 |RATIO #CD8_border1 TO #CD34_border1 >=| 0.10 | 0.83 | 3.05e-007 | 81 |37 (38|12 3
2 |DIST CD68 TO CD34 IN nonintact >=| 75.70 | 0.82 | 2.89e-008 13 |28 |46 | 4 | 12
3 |CORR Haralick on intact & non-intact glands < | 0.09 | 0.82 | 4.68e-006 0 (27|47 ] 3 | 13
4 |RATIO #CD8_border1 TO #CD34_border2 >=| 0.03 | 0.81 | 2.64e-006 0 32 (41| 9| 8
5 |RATIO #CD8_border2 TO #CD163_border1 >=| 0.65 | 0.80 | 2.45e-005 90 (30 |42| 8 |10
6 |DENSITY CD34 IN stroma < | 0.72 | 0.80 | 4.43e-007 0 29 143 | 7 | 11
7 |DENSITY CD34 IN nonintact < | 0.85 | 0.80 | 2.20e-006 0 28 44| 6 |12
8 |RATIO #CD8_stroma TO #CD34_stroma >=| 0.11 | 0.79 | 5.19e-006 0 (29|42 8 | 11
9 |RATIO #CD68_border2 TO #CD34_innerBorder | >= | 0.07 | 0.78 | 1.16e-006 0 (28|42 8 |12
10 |RATIO #CD3_stroma TO #CD34_border1 >=| 0.45 | 0.77 | 0.00038 0 27 |42 | 8 | 13
11 |RATIO #CD163_stroma TO #CD34_innerBorder | >= | 2.40 | 0.76 | 3.59e-006 0 (313713 ] 9
12 |RATIO #CD68_border2 TO #CD34_border1 >=| 0.04 | 0.76 | 1.84e-005 0 25143 | 7 | 15
13 |RATIO #CD8_nonintact TO #CD163_nonintact | >= | 0.40 | 0.74 | 0.00021 2 28 139 |11 |12
14 |DIST CD3 TO CD8 IN innerBorder < [98.69 | 0.74 | 0.00047 0 |33 (34|16 7
15 |DIST CD3 TO CD8 IN border2 < | 99.45| 0.73 | 9.71e-005 | 66 |31 |35|15| 9
16 |RATIO #CD3_nonintact TO #CD34_nonintact >=| 0.18 | 0.73 | 0.00034 0 (372921 3
17 |DIST CD163 TO CD8 IN intact < |150.46| 0.72 | 3.15e-005 0 |25|40|10] 15
18 |RATIO #CD8_border2 TO #CD3_nonintact >=| 1.57 | 0.72 | 0.00012 0 (20 (45| 5 |20
19 |RATIO #CD8_ws TO #CD3_ws >=| 0.73 | 0.72 | 7.80e-005 0 22 |1 43| 7 | 18
20 [RATIO #CD163_ws TO #CD34_stroma >=| 0.93 | 0.68 | 0.00022 0 36 25|25 | 4

Table S3: Ranked list of selected significant Phenes resulting from feature reduction

using filtering for accuracy and correlation, followed by FWER multiple-testing correction

(Holm 1979). Column Phene provides a short definition (for interpretation of the phene

names see naming conventions below), which together with the operator OP and the

threshold THR defines the model for classifying patients as tumor non-progression

(distances are given in um). ACC provides the cross-validated accuracy, P-VAL is the

log-rank test p-value of the aggregated prediction, NUM 5 represents the number of top-

5 occurrences over all cross validation runs, and TP, TN, FP, and FN gives the true

positive, true negative, false positive and false negative predictions, respectively. (For

interpretation of the phene names see main manuscript Table 3.)




Uni-variate Multi-variate
Selected phenes HR 95% Cl p-value| HR 95% Cl p-value
RATIO #CD8_border1 TO
#CD34_border? 8.1e-06 [1.3e-08 - 0.0051|0.00036 | 8.9e-04 | 1.2e-06 - 0.65 | 0.037
DIST CD68 TO CD34 IN 0.99 099-1 |6.7e-05| 0998 | 0996-1.0 | 0.150
nonlntact
CORR Haralick on intact & 770 61-9700 |2.7e-07| 80.1 | 42-1531.2 | 0.004
non-intact glands
RATIO #CD8_nonintact TO
#CD163_nonintact 0.33 0.13-0.82 0.017
DIST CD3 TO CD8 IN border2 1 1-1 5.5e-06
RATIO #CD68_border2 TO
#CD34_border? 0.0025 2.1e-05-0.3 0.014
DIST CD3 TO CD8 IN ] {1 7 5e-06
innerBorder
RATIO #CD8 _ws TO #CD3_ws| 0.85 0.61-1.2 0.340
A
Multi-variate
n HR 95% Cl p-value
RATIO #CD8_border? TO #CD34_border1 90 0.001 7.2e-07 - 1.239 0.057
DIST CD68 TO CD34 IN nonintact 90 0.997 0.993 - 1.000 0.034
CORR Haralick on intact & non-intact glands 90 149.9 5.192 - 4330.060 0.004
Gleason Score
6 49
7a 31 1.110 0.526 - 2.320 0.792
7b 10 2.452 0.832 - 7.229 0.104
pT
2a 13
2b 1 0.417 0.031 - 5.558 0.508
2c 76 0.533 0.202 - 1.408 0.204
Age a0 0.997 0.940 - 1.056 0.905
PSA blood value a0 0.981 0.939 - 1.026 0.407
B

Table S4: Result of Cox regression for selected best phenes. (A) Uni-variate Cox

regression (left) and multi-variate Cox regression (right, for the top 3 phenes only due

to limited number of 40 events). (B) Multi-variate Cox regression of top 3 phenes

together with the clinical features. (For interpretation of the phene names see Table 3.)
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Algorithm Flow Charts
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Q Begin of repetition (loop)
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1) Gland segmentation and classification

Slide stained for CK18p63

v

Downsample (factor 0.25)

v

A

For all pixels do

Brightness

Assign class non-tissue
>210 g

Brown

A\ 4

Assign class epithelial cell

detected

Red

\ 4

Assign class p63(+) cell

detected
FALSE

\ 4

Assign class stroma

v

On all classes: connected component labelling

v

For all non-tissue

A

objects do

Enclosed by FALSE

\ 4

Assign class background

tissue

TRUE

Assign class lumen candidate

v

For all lumen

candidates do

Enclosed by

Assign class tissue hole

Assign class lumen

v

Merge lumen with epithelial cell region: assign class gland

Gland artifact
(size & shape

TRUE .
Re-assign class stroma

Postprocess and split gland (morphological operations)

Gland contains
p63(+) cells

Assign class non-intact gland

\ 4

TRUE

Assign class intact gland

v

Closing on intact glands: assign super-class intact region

v

Closing on non-intact glands: assign super-class non-intact region

v

On non-intact regions:
* Dilation of x um: assign class TME1
* Dilation of y um: assign class TME2

Gland segmentation,
regions-of-interest

End
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2) Cell nucleus segmentation [1]

Histological slide

v

Tiling of slide into 0.5x0.5mm? regions

v

Selection of
representative tiles

!

For all selected tiles do <

v

Detection of well-

differentiated objects

v

Training of initial visual context model:

* Random Forest with long-range features [2]
T,=10, T, =10, N=100, N,=10k, N,=50k

* Classes: Foreground vs. background

!

For all selected tiles do <

\ 4

Application of trained model

¥

Detection enhancement

v

Training of final visual context model:

* Random Forest with long-range features [2]
T,=10, T, =10, N;=500, N,=20k, N,=200k

* Classes: background, low and high pleomorphic
nuclei, IHC stain-positive cells

v

For all tiles do <

v

Application of final model

v

Segmentation of nuclei based on resulting
posterior probability maps:

¢ Using goodness-of-fit criterion (surface area,

length to width ratio, elliptic fit and shape index,
similar as used for Detection enhancement)
* Adaptive to predicted region type

v

Cell nucleus
segmentation, IHC stain-
positive segmentation

End

Random forest parameters

T :number of trees

: tree depth

¢ - humber of tries

: number of random samples used to learn the structure of the random forest
: number of random samples used to refine the thresholds at each node

]

_|
zz2zg

N
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2.1) Cell nucleus segmentation: Selection of representative tiles

Image tiles (0.5x0.5mm?)

v

For all tiles do <

Avg. TRUE

brightness Assign class non-tissue

Assign class tissue

v

Find slightly stable regions using MSER [3]
(weak stability criterion)

v

Complement of slightly stable regions:
Assign class tissue background

v

v

Compute relative area of background

Y

K-means clustering of tiles
in color space (k=10)

A

A

For all clusters do

v

Select n tiles with ratio background to non-
background = 1 to control cell densities

v

Aggregate selected tiles into training image

Training image with
representative tiles

2.2) Cell nucleus segmentation: Detection of well-differentiated objects

Aggregated training image

v

On non-background regions:
find highly stable regions using MSER [3]
(strong stability criterion)

A

A

For all MSER regions do

Overlap

Assign class foreground

with other

For pruning compute:
Shape index & Elliptic fit

Region TRUE

Assign class foreground

maximizing

\ 4

Assign class background

Foreground / background
region annotation

End
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2.3) Cell nucleus segmentation: Detection enhancement

Aggregated training image
Posterior probability maps
from visual context model (VC)

v

For all pixels in

A

foreground posterior
map do

Intensity >
threshold

Assign class foreground

\4

Assign class background

v

Coating class foreground: Dilation to exclude
pixels at transition from class background

A

Generate Pixelwise Posterior (PW): RGB joint
histograms of nuclei and background

v

Compute image layers (pixelwise):
* SUM = PW(foreground) + VV\C(foreground)
* PROD = PW(foreground) * VC(foreground)

!

In foreground for layer brightness, SUM, PROD
get candidates: MSER and DoG (blob detection)

y

A

For all candidates

A

Compute goodness-of-fit (GoF) based on
surface area, length to width ratio, elliptic fit
and shape index

Valid
candidate

TRUE .
Assign class nucleus

Try generate new candidates:

Concave point splitting [4]

v

A

For all nucleus objects

Blue to red
ratio<1

Assign class IHC stain-
positive nucleus

Compute pleomorphic index p; : Relative size of
nuclear region with negative surface curvature
determined by Difference of Gaussians (DoG)

v

Assign class w.r.t. median pleomorphic index p:

* p;> p: High pleomorphic nucleus (textured)
* p;<Pp: Low pleomorphic nucleus (homogeneous)

v

Region annotations: background,

low and high pleomorphic nuclei,
IHC stain-positive cells

v
End
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3) Image co-registration [5]

Set of consecutive histological
slides (different stains)

A

Downsampling and initial coarse
tissue segmentation

v

Correspondence finding of tissue sections between
slides based on shape, intensity, and area similarity

!

Fine segmentation on full resolution: threshold
optimization s.t. constraint to maintain size of
corresponding tissues

v

For all pairs of tissue

A

slides do

v

Rigid registration

(on downsampled image)

v

Select target slide: highest similarity to all
slides in terms of transformation distance

y

For all source-target

pairs of corresponding <
tissue sections do

!

Rigid registration
(global)

v

Subdivide tissue into patches, identify valid
patches containing sufficient tissue

v

For all valid patches do <

v

Rigid registration
(local with incremental
transformation parameters)

inimum TRUE

patch size

Subdivide patch into sub-patches, identify

\4

valid sub-patches containing sufficient tissue

v

Assign aggregated transformation
parameters to center of each sub-patch

y

Interpolate transformation landmarks on a

regular grid at user-defined resolution

y

Co-registered local point
correspondences (landmarks)
between all pairs of slides

v

End
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3.1) Image co-registration: Rigid registration

Pair of source and
target image (I, [))

Stain normalization:
* Minimum intensity projection (MIP) over image
channels (e.g., for RGB: pixelwise min(R,G,B))
* Inversion of MIP images
-> Normalized image pair (I;, I;)

A
Optimization of
transformation parameters
using L-BFGS-B [6]

A

A 4

Objective function:
Normalized cross correlation (NCC)

o (i) — )G @) — 1)
0;0j

NCC(T, T =

p=1
P : number of pixels, 4 and a: mean and
standard deviation of intensity values in I

y

Transformation parameters
tomap [;on [

End
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4) Image feature extraction

* Set of consecutive histological slides (different stains)
* transformation parameters from co-registration

v

Create low-resolution representation of segmentation result for
stain providing ROIs?, i.e. CK18p63 with gland segmentation
-> Heatmap with tile size 128 pixles (=28um)

v

For all other slides

A

CD3/CD8, CD68/CD163, CD34

v

Compute co-registered coordinates for all
segmented objects of contained markers M4,
(using transformation parameters)

v

For all heatmap tiles t <

v

Compute absolute number of objects per marker N, with m € M in
current heatmap tile based on the heatmap coordinate system

Y

Add as new heatmap layers

(using the co-registered coordinates)

v

Compute average distances of objects o, ,,; of maker m1 to their 4
nearest neighbors o,,, of marker m2 for all pairs (m1, m2):

Nmi1 4

Add as new heatmap layers

\ 4

distop (M1, m2) = 7> 3" Dist(0gma, NN (Oim, Omz )

A\ 4

i=1 k=1

with i=1.N,,;, j=1..N,, m1 € M 4.,
m2 € {CD3, CD8, CD68, CD163, CD34}

v

For all heatmap ROIs <

v

Compute sums of absolute numbers N, . and densities D,
over all heatmap tiles t of current ROI r:

m

> Add to feature set

Nt
Nrm = z Ntm Dy = Ne 4
t=1 Zt=1 t

A 4

Compute average distances over all heatmap tiles t of
current ROl r:

> Add to feature set

N¢
1
diSt4NN,T (ml, m2) = Fz diSt4NN’t(m1, mZ)
t t=1

v

For all combinations of absolute

A

numbers (Ny1m1, Ny2ma2)

!

Compute ratios Nyqm1/Nrom2 > Add to feature set

v

On CK18p63 compute gland co-occurrence
features [7] and add to feature set

v

/ Feature set /

End

1ROIs: Regions-of-interest, i.e., tumor region (non-intact glands), tumor micro environment (TME1, TME?2),
healthy (intact) glands, stroma
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5) Feature ranking and phene discovery

/ Feature set /

v

Leave-one-out cross

validation

v

A

For all features <

v

Cut-point selection
(on training folds)

A 4

Add to predictions for

Prediction on test fold

v

Add to aggregated prediction

A 4

Y

current test fold

Rank features according to

_| Increment rank count for

performance on training

v

top-5 ranking features

Rank features according to aggregated prediction

accuracy on test folds AND rank count

A

Delete poor-performing features with
aggregated prediction accuracy < 0.5

v

Iterate ranked feature list

with iteratori, starti=0

!

Iterate ranked feature list
with iterator j, start j =i+1

\ 4

Compute correlation between
feature list[i] and feature list][j]

Correlation
>=0.75

A

A

Delete feature list[]]

\ 4

Multiple testing correction of p-values:
Holm-Bonferroni method [8]

Rank features according to p-values P (increasing)
Find minimal index k such that P, >

m+1-k

with significance level a, number of features m

v

Select feature subset with P < Py,

v

Subset of significant features

v

CART feature selection

v

Reduced feature subset

End
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5.1) Feature ranking and phene discovery: Cut-point selection

Feature vector
F={fo,f1,-- Tp}

v

Compute feature value median m,, for patients without PSA
recurrence and m, for patients with PSA recurrence

v

Compute step size = |m,-m, | /100

v

=min(my-m,)

v

For iterator i=0; i < 100; i++

msta rt

A

Current cut-point cp = m,, . + (i*step size)

A

Classify patients
* foat < €p : PSArecurrence

FALSE TRUE
@ * foat < €P : PSA non recurrence
* f,at >= €p : PSA non recurrence * foat >= Cp : PSA recurrence

Classify patients

A 4

Compute current prediction accuracy .| Add to aggregated
Acc=(TP+TN)/Number patients - accuracies
Y
Compute log-rank test p-value for Add to aggregated
current prediction p-values

\4

v

Compute p,,,, = lower 40%-quantile of p-values and

select subset of cut-points with p-value < p,,,

v

Rank selected cut-points w.r.t.
aggregated accuracies

A 4

Select optimal cut-point
with minimum rank

v

/ Optimal cut-point /

A\ 4
End

5.2) Feature ranking and phene discovery: CART feature selection

/ Feature set /

Leave-one-out cross

validation

\ 4

Train CART model [9]

A

Add selected features to

(depth=2) on training folds

v

Select subset of features occurring at
least once in aggregated features

!

Selected feature subset

End

A 4

aggregated features




