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Note S1: Method validation

To assess the accuracy of the proposed method 7931 cells from 36 images were labeled by
three pathologists (FK, AS, CD). All images were labeled by three pathologists and only cells
for which consensus was achieved were included. All other cells were left unlabeled. A
comparison to Al-Kofahis method (Al-Kofahi et al. 2010) was performed using first the
default (fully automatic) mode (which was recommended by the authors upon request) and
second, using an optimized parameter configuration file provided by the authors after
submitting test data to them. The images (600x600 pixels, Hematoxylin-Eosin stained) were
taken from previously digitized routine diagnostic cases (see Methods for further details).
After manual labeling the images were segmented and true positive (tp), false negative (fn)
and false positive (fp) events were automatically determined using the positional information
previously obtained in the manual “gold-standard® cell labeling. Cells touching the image
border were excluded from the analysis. Image pairs show 1) the original image and 2) the
image showing the nucleus contours (green) combined with the manually assigned labels that
were automatically classified as true positive (green dots), false negative (red dots) and false
positive (yellow dots) according to the following definition:1) true positive: cell nuclei whose
area contained a pathologist-assigned label. A contour containing two pathologist-assigned
labels will result in two true positives; 2) false positive: objects defined as cell nuclei by
automated segmentation but with no manual label; 3) false negative: manually labeled cell
nuclei not detected in the segmentation result. A conglomerate score was calculated to
evaluate the ability of the algorithms to correctly separate conglomerates. The computation
time of each image was also measured. All algorithms used were parallelized. The time
measured includes the time executing the color deconvolution for the algorithm presented in
this paper but it is not included in the time of the Al-Kofahi algorithms. On the other hand the
Al-Kofahi algorithms were started as extra process so some process overhead time is included

in their times.

Statistical values are defined as follows:
e Precision =tp/ (tp + fp).
e Recall =tp/ (tp + fn).

e Conglomerate=(Number of detected cells-fp)/tp

All other ratios are computed dividing the count of samples specified in the respective



column by the nuclei count.

The following pictures always are ordered as follows: original, result of “Wienert”, result of
“Al-Kofahi quality”. The results of “Al-Kofahi speed” are not visualized but listed in the
tables.

The result images contain different scenarios where the result may be hard to understand and
therefore shall be described here briefly.

Contour containing red and yellow dots:

This can happen because only outer contours are rendered. The map of this image shows a
hole in this cell core, so the pixel in the map where the pathologist clicked to mark the nuclei

is not marked in the result label map of the algorithm.

Contour seems to fit nuclei but is false positive with a close false negative point:
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This is because only one pixel was labeled by the pathologist and the contour does not contain
or enclose that point.

-

False negatives or false positives that you would not expect at the image border:



Contours with pixels at the image border were removed and only nuclei completely contained
by an image were labeled. So a too wide contour at the image border may result in false

negative and a too small contour in false positive.






Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 147 147 147
true positive count 128 136 136
false negative count 19 11 11

false positive count 8 36 30

precision 0,941 0,791 0,819
recall 0,871 0,925 0,925
conglomerate 0,969 0,993 0,993
time(ms) 702 624 1685
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Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 265 265 265
true positive count 236 254 255
false negative count 29 11 10

false positive count 13 43 35

precision 0,948 0,855 0,879
recall 0,891 0,958 0,962
conglomerate 0,992 0,988 0,988
time(ms) 764 639 2137







Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 270 270 270
true positive count 235 252 252
false negative count 35 18 18

false positive count 12 96 34

precision 0,951 0,724 0,881
recall 0,870 0,933 0,933
conglomerate 0,906 0,948 0,956
time(ms) 686 655 1950
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’ Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 305 305 305
true positive count 240 265 265
false negative count 65 40 40

false positive count 14 49 22

precision 0,945 0,844 0,923
recall 0,787 0,869 0,869
conglomerate 0,991 0,989 0,985
time(ms) 639 780 2043
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Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)
nuclei 93 93 93
true positive count 76 85 85
false negative count 17 8 8
false positive count 28 48 54
precision 0,731 0,639 0,612
recall 0,817 0,914 0,914
conglomerate 0,987 0,988 1,000
time(ms) 608 780 1606
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T “ Al-Kofahi (optimized)
N7 _

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 120 120 120
true positive count 90 111 110
false negative count 30 9 10

false positive count 9 141 78

precision 0,909 0,440 0,585
recall 0,750 0,925 0,917
conglomerate 0,978 0,973 0,973
time(ms) 608 624 1872
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Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 287 287 287
true positive count 231 249 249
false negative count 56 38 38

false positive count 17 54 30

precision 0,931 0,822 0,892
recall 0,805 0,868 0,868
conglomerate 0,983 0,984 0,984
time(ms) 639 748 2137
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Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 252 252 252
true positive count 213 228 229
false negative count 39 24 23

false positive count 12 84 33

precision 0,947 0,731 0,874
recall 0,845 0,905 0,909
conglomerate 0,906 0,917 0,913
time(ms) 717 655 1872
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Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 245 245 245
true positive count 214 213 214
false negative count 31 32 31

false positive count 15 37 14

precision 0,934 0,852 0,939
recall 0,873 0,869 0,873
conglomerate 0,986 0,972 0,981
time(ms) 686 608 1825







< Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 213 213 213
true positive count 180 186 186
false negative count 33 27 27

false positive count 23 59 41

precision 0,887 0,759 0,819
recall 0,845 0,873 0,873
conglomerate 0,956 0,989 0,989
time(ms) 764 702 1825
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Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)
nuclei 257 257 257
true positive count 208 224 221
false negative count 49 33 36
false positive count 20 56 29
precision 0,912 0,800 0,884
recall 0,809 0,872 0,860
conglomerate 0,976 0,969 0,973
time(ms) 733 639 1950
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Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 186 186 186
true positive count 160 170 172
false negative count 26 16 14

false positive count 14 51 28

precision 0,920 0,769 0,860
recall 0,860 0,914 0,925
conglomerate 0,950 0,947 0,953
time(ms) 608 764 1762
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Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 236 236 236
true positive count 197 228 228
false negative count 39 8 8

false positive count 22 94 35

precision 0,900 0,708 0,867
recall 0,835 0,966 0,966
conglomerate 0,939 0,956 0,961
time(ms) 748 639 1981




Wienert




Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)
nuclei 329 329 329
true positive count 281 308 307
false negative count 48 21 22
false positive count 41 54 43
precision 0,873 0,851 0,877
recall 0,854 0,936 0,933
conglomerate 0,968 0,981 0,984
time (ms) 1092 717 2371
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Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 284 284 284
true positive count 228 259 259
false negative count 56 25 25

false positive count 47 49 35

precision 0,829 0,841 0,881
recall 0,803 0,912 0,912
conglomerate 0,969 0,988 0,988
time(ms) 920 733 2184







' ' Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 171 171 171
true positive count 147 161 163
false negative count 24 10 8

false positive count 17 103 57

precision 0,896 0,610 0,741
recall 0,860 0,942 0,953
conglomerate 0,993 0,994 0,988
time(ms) 686 655 1872
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Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 136 136 136
true positive count 125 127 127
false negative count 11 9 9

false positive count 10 77 43

precision 0,926 0,623 0,747
recall 0,919 0,934 0,934
conglomerate 0,960 0,992 0,992
time(ms) 546 655 1669
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Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 126 126 126
true positive count 106 120 120
false negative count 20 6 6

false positive count 8 63 26

precision 0,930 0,656 0,822
recall 0,841 0,952 0,952
conglomerate 0,962 0,950 0,967
time(ms) 561 608 1528
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Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 204 204 204
true positive count 197 195 195
false negative count 7 9 9

false positive count 24 30 24

precision 0,891 0,867 0,890
recall 0,966 0,956 0,956
conglomerate 0,980 1,000 1,000
time(ms) 780 686 1872
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Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 180 180 180
true positive count 156 161 162
false negative count 24 19 18

false positive count 13 33 25

precision 0,923 0,830 0,866
recall 0,867 0,894 0,900
conglomerate 0,987 0,981 0,981
time(ms) 624 717 1731
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o Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 311 311 311
true positive count 282 277 277
false negative count 29 34 34

false positive count 27 91 39

precision 0,913 0,753 0,877
recall 0,907 0,891 0,891
conglomerate 0,968 0,975 0,978
time(ms) 811 733 2230
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Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 688 688 688
true positive count 608 607 603
false negative count 80 81 85

false positive count 47 242 54

precision 0,928 0,715 0,918
recall 0,884 0,882 0,876
conglomerate 0,903 0,913 0,892
time(ms) 1419 702 3042
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Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 233 233 233
true positive count 202 222 222
false negative count 31 11 11

false positive count 41 58 49

precision 0,831 0,793 0,819
recall 0,867 0,953 0,953
conglomerate 0,980 0,977 0,982
time(ms) 904 670 2137
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Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 329 329 329
true positive count 280 299 299
false negative count 49 30 30

false positive count 46 101 69

precision 0,859 0,748 0,813
recall 0,851 0,909 0,909
conglomerate 0,971 0,967 0,987
time(ms) 1076 702 2449
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Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)
nuclei 81 81 81
true positive count 65 78 78
false negative count 16 3 3
false positive count 9 98 63
precision 0,878 0,443 0,553
recall 0,802 0,963 0,963
conglomerate 1,000 1,000 1,000
time(ms) 530 670 1653
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Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 169 169 169
true positive count 148 162 162
false negative count 21 7 7

false positive count 10 128 34

precision 0,937 0,559 0,827
recall 0,876 0,959 0,959
conglomerate 0,939 0,944 0,938
time(ms) 655 670 1684
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‘ Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 114 114 114
true positive count 91 109 109
false negative count 23 5 5

false positive count 9 62 38

precision 0,910 0,637 0,741
recall 0,798 0,956 0,956
conglomerate 0,934 0,972 0,991
time(ms) 577 624 1544
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Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 97 97 688
true positive count 82 95 603
false negative count 15 2 85

false positive count 7 76 54

precision 0,921 0,556 0,918
recall 0,845 0,979 0,876
conglomerate 1,000 0,989 0,989
time(ms) 530 639 1606
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Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 392 392 392
true positive count 326 316 316
false negative count 66 76 76

false positive count 19 58 54

precision 0,945 0,845 0,854
recall 0,832 0,806 0,806
conglomerate 0,969 0,959 0,959
time(ms) 717 717 2215
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Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 196 196 196
true positive count 171 173 174
false negative count 25 23 22

false positive count 13 249 102
precision 0,929 0,410 0,630
recall 0,872 0,883 0,888
conglomerate 0,928 0,959 0,954
time(ms) 686 670 2184
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‘ Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 115 115 115
true positive count 108 109 108
false negative count 7 6 7

false positive count 7 153 68

precision 0,939 0,416 0,614
recall 0,939 0,948 0,939
conglomerate 0,991 0,963 0,963
time(ms) 670 624 1653
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Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)
nuclei 93 93 93
true positive count 76 80 80
false negative count 17 13 13
false positive count 4 35 20
precision 0,950 0,696 0,800
recall 0,817 0,860 0,860
conglomerate 0,961 1,000 1,000
time(ms) 514 624 1372
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Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 210 210 210
true positive count 177 191 190
false negative count 33 19 20

false positive count 21 174 74

precision 0,894 0,523 0,720
recall 0,843 0,910 0,905
conglomerate 0,904 0,906 0,926
time(ms) 717 639 2324
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Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 163 163 163
true positive count 145 139 139
false negative count 18 24 24

false positive count 6 34 22

precision 0,960 0,803 0,863
recall 0,890 0,853 0,853
conglomerate 0,945 0,986 0,986
time(ms) 499 795 1575
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Al-Kofahi (optimized)

Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 211 211 211
true positive count 194 208 206
false negative count 17 3 5

false positive count 31 67 57

precision 0,862 0,756 0,783
recall 0,919 0,986 0,976
conglomerate 0,851 0,899 0,932
time(ms) 764 702 2262
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Wienert Al-Kofahi (automatic) | Al-Kofahi (optimized)

nuclei 223 223 223
true positive count 213 207 206
false negative count 10 16 17

false positive count 23 52 53

precision 0,903 0,799 0,795
recall 0,955 0,928 0,924
conglomerate 0,906 0,971 0,981
time(ms) 920 639 2121







Note S3: Example of influence of image focus on cell nucleus segmentation

Cell nuclei that are out-of-focus typically have shallower gradients at the object border than
in-focus nuclei. Because the proposed method selects for the locally most prominent contours
and because no thresholding is used with respect to the object intensity or the gradient our
method is relatively robust against image blur. To exemplify this we acquired a sequence of
images with a microscope camera of the same cell but with different focus levels from sharp
(Fig. 1a) to strongly blurred (Fig. le) in certain intervals using the microscope’s fine drive.
As can be seen in the below example figure (Fig. 1), while there is some small variation in the
exact course of the contour, cell nuclei are detected robustly for all focus levels except the
strongest out-of-focus example. However, this last test image hardly shows any discernible

cell nucleus.

(@) (b) ©) (@ ©

Fig. 1: Contour and cell nucleus detection performance as a function of decreasing focus levels ranging from

sharp (a) to heavily blurred (e). Tile size 20um x 20um.



Note $4: Application in thefield of correlative light electron microscopy

Correlative light electron microscopy (CLEM) [e.g. Vicidomini et al. 2008 and Vicidomini et
al. 2010] uses a combination of different imaging modalities, such as confocal laser scanning
microscopy (CLSM) and transmission electron microscopy (TEM) and relies on image
segmentation and registration techniques to colocalize functional/molecular (CLSM) and
ultrastructural (TEM) information. Because of its minimum-model approach our segmentation
method may be applied to different imaging modalities such as CLSM and TEM (Fig. 1). It
may therefore also be of use in future CLEM applications including automated image
registration based on the segmentation results.

@ (b)

Fig. 1: Rough Russel bodies segmented using the method presented in this paper of (a) confocal laser

scanning microscopy (CLSM) and (b) transmission electron microscopy (TEM). Modifications of the algorithm:
minContourLength=50, maxContourLength=500. Color deconvolution was not applied. Objects with a size
below 350 pixels were removed. Additionally, (b) was reduced to 10% of the original size, smoothed with a
3x3 median filter and objects with a mean intensity outside the interval [25;85] were removed. Images were
kindly provided by Giuseppe Vicidomini and Carlo Tacchetti (MicroSCoBiO Research Center, University of

Genoa, ltaly).



Methods S5: Seed point and extremal value detection

- input: |, grayscale image of size Mx N
- input: maxLengt h, the maximum contour length in pixel

for veOto N1

/* Initialize the intensity variables */
previouslntensity-l (0, V)
intensityl (1, v)

/* Initialize the extremal variables */
intensityOf MaxGradi ent —i ntensity
m nlntensity-previouslntensity
max| ntensity-previ ouslntensity
i ndexOFf M nl ntensity-0
i ndexCOf MaxI nt ensi ty-0
i ndexOr MaxGr adi ent -0
maxG adi ent -1

/* “Walk” along the one dimensional image function */
for u-lto M2

/* Read and store the value of the next pixel */
nextlntensity-l (u+l, v)

/* Update value and position of minimum intensity */
if intensity<mnlntensity
{

mnlntensity—intensity
i ndexOF M nl ntensity-u

}
/* Update value and position of maximum intensity */
if intensity>maxlntensity
{
maxl ntensity—intensity
i ndexCOf MaxI nt ensi ty—u
}

/* Compute the local gradient */
gradi ent i ntensity-previouslintensity

/* Turn into positive value if required */
if gr adi ent <0

{
gr adi ent — gr adi ent
}
/* Update position and value of maximum local gra dient */
if gr adi ent >maxLocal G- adi ent
{
maxLocal Gradi ent —gr adi ent
i ndexOf MaxLocal Gradi ent —u
}
/* Determine if the slope is positive or negative */

i ncr easi ng—i ndext M nl nt ensi t y<i ndexCtf Maxl ntensity
decr easi ng—i ndexCOf MaxI nt ensi t y<i ndexOF M nl ntensity

[* Start 2D contour tracing if a local extremal v alue is reached */
if ( i ncreasi ng & nextlntensity<intensity)]|( decreasi ng && nextlntensity>intensity)
{

/* Compute the minimum and maximum intensity for the 2D contour tracing */

if i ncreasing

{

m nbj ect I ntensity«i ntensityd MaxG adi ent
maxCbj ect I ntensity-nmaxl ntensity

maxQbj ect I ntensi tyi nt ensi t yOf MaxG adi ent
m nCbj ectIntensity-nmnintensity



/* Trace and store 2D contour starting where the local gradient is maximal Pixels

[* with an intensity value between m nlntensity and maxl ntensity are interpreted as
/* object pixel (foreground) */
TraceAndStore2DContour( i ndexOf MaxLocal Gradient, v, minlntensity, maxlntensity)

/* Reset the extremal variables */
mnlntensity—intensity
max| ntensity-intensity
i ndexOF M nl ntensity-u
i ndexCOf MaxI nt ensi ty—u
max Q& adi ent —1

}

[* Shift the intensity values */
previousl ntensity—intensity
intensity-nextlntensity



Methods S6: Description of the “8M” algorithm [Hufnagl. et al.]

Object pixels are distinct from background pixedséd on the specific object intensity range
determined by scanning the image rows from leftgbt (see Methods section). Contour start
pixels (seeds) are therefore at the objects |d&.sThe initial search direction is “up”. Based
on the current contour pixel paraxial neighbours ##sted clockwise. If one of these
neighbours belongs to the current object the ne&ghin counterclockwise direction is also
tested. The contour continues with that pixel #lgo belongs to the current object (see Fig. 1
below). The contour tracing stops when it reachesklio its seed and the contour pixel it
would continue with is the same as tH& @ntour pixel. Alternatively the contour tracirg i
terminated if a maximum contour length (given bg tbtal image perimeter by default) is

exceeded.

Fig. 1: Demonstration of contour tracing (Hufnagl. et al.).



Methods S7: Remove non-compact object pixels

- input: 1|, label image of size Mx N
- input: distance, the initial distance value for testing conpactness
- output: |, |Iabel imge of size Mx N

/* Initialization */
Set up a new |l abel image I,(u, v) of size Mx N

/* Compute the Distance Transfornation */
D-Get Di st anceMap(|)

/* Decrenment distance values that are not connected to a higher distance */
for d-distance-1 to 1

for veO to N-1

for u-0 to M1

{

/* Get the current distance */
do-D(u, v)
/* No action when the current distance value is different */
i f do<>d
{

conti nue
}
/* Get the distance values of the four neighboring pixels */
d1-D(u+1, v)
d2-D(u, v+1)
d3-D(u-1, v)
d4-D(u, v-1)
/* Decrenent the distance val ue when not connected to a distance value of d+1 */
if di<d && d2<d && d3<d && d4<d
{

D(u, v)-d-1

}
}
}
/* Delete all labels that (now) are zero in the distance transfornmation */

for v.O0 to N1
for u0to M1
if D(u, v)>0
} I2(u, V)<l (u, v)

el se

I2(u, v)0

}

return |,



Methods S8: Separ ate concave objects

- input: 1|, label image of size Mx N
- input: mnDepth, the m nimum depth of concave contour segments

do

/* Process all contours in | */
for each contour ¢ contained in

{
/* Find all concave points of c */
candi dat es—Det ect ConcavePoi nt s(c)
/* Initialize the m nimm score */
m nScore—positive infinity
/* Select the cutting start point */
for m1 to count(candidates)-1
{
/* Process next candidate if depth is too | ow */
i f dept h(candi dat esy) <m nDept h
conti nue
}
/* Select the cutting end point */
for ncmrl to count(candi dates)
{
/* Process next candidate if depth is too | ow */
i f dept h(candi dat es,) <m nDept h
{
conti nue
}
/* Conmpute the I ength and angles of the cutting line */
r —Get Di st ance( candi dat es, candi dat es;)
an—Cet Angl e( candi dat es, candi dat es;)
an—Cet Angl e( candi dat es,, candi dat esy)
/* Compute the angl e between concave contour segment and cutting line */
danCet Angl eBet ween( candi dat es,, an)
da,—Cet Angl eBet ween( candi dat es,, a)
/* Compute the score of the cutting line */
score—(r/ (r+dept h(candi dat esy) +dept h( candi dat es) ) +( daptda,) / 2m) / 2
/* Update the mininmum score and the correspondi ng points */
i f score<m nScore
{
m nScor e-scor e
Pstart—candi dat esp,
Penac—candi dat es,
}
}
}
/* Cut between the best two candidate if found */
if mnScore<positive infinity
OJt L| near (I ] pstarty pend)
}
}

while cutting lines found
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