
P. Golland et al. (Eds.): MICCAI 2014, Part I, LNCS 8673, pp. 585–592, 2014. 
© Springer International Publishing Switzerland 2014 

Gland Ring Morphometry for Prostate Cancer Prognosis 
in Multispectral Immunofluorescence Images 

Richard Scott, Faisal M. Khan, Jack Zeineh,  
Michael Donovan, and Gerardo Fernandez 

Icahn School of Medicine at Mount Sinai 
1425 Madison Avenue, New York, NY 10029 

{richard.scott,faisal.khan,jack.zeineh, 
michael.donovan,gerardo.fernandez}@mssm.edu 

Abstract. Morphometric features characterizing the fusion and fragmentation 
of the glandular architecture of advanced prostate cancer have not previously 
been based upon the automated segmentation of discrete gland rings, due in part 
to the difficulty of extracting these structures from the H&E stained tissues.  
We present a novel approach for segmenting gland rings in multi-spectral im-
munofluorescence (IF) images and demonstrate the utility of the resultant fea-
tures in predicting cancer recurrence in a cohort of 1956 images of prostate  
biopsies and prostatectomies from 679 patients.  The proposed approach is eva-
luated for prediction of actual clinical outcomes of interest to physicians in 
comparison with previously published gland-unit features, yielding a concor-
dance index (CI) of 0.67.  This compares favorably to the CI of 0.66 obtained 
using a semi-automated segmentation of the corresponding H&E images from 
the same patients.  This work presents the first algorithms for segmentation of 
gland rings lacking a central lumen, and for separation of touching epithelial 
units, and introduces new gland adjacency features for predicting prostate can-
cer clinical progression across both biopsy and prostatectomy images.  
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1 Introduction 

Prostate cancer is primarily assessed by the Gleason grading system which classifies 
the tissue architecture into five patterns of increasing severity.  In the lower risk 
grades of 1 through 3, the architecture consists primarily of isolated or touching gland 
rings surrounded by fibromuscular stromal tissue.  Each gland is composed of a ring 
of epithelial cells surrounding a duct, the lumen. The connected glandular cytoplasm, 
or “epithelial unit”, contains just one gland ring. As the cancer progresses to grade 4, 
epithelial units fuse together creating chains of gland rings, or “cribriform” sheets of 
rings.  A second axis of variation in grade 4 and 5 disease is the increasing fragmen-
tation of rings resulting in sheets of isolated cells and non-ring epithelial fragments 
(the terms “glandular” and “epithelial” are interchangeable). 
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This progression introduces two new challenges for automated segmentation that 
have not previously been addressed directly.  First is the problem of separating epi-
thelial units that are touching but not fused to each other. Second is identifying discrete 
glandular rings without dependence on a central lumen.  Successful segmentation of 
these components would better capture architectural patterns and lead to significantly 
improved morphometric features for predicting prostate cancer prognosis. 

The Gleason grade is assessed by pathologists in light microscopy images of tissue 
stained using conventional H&E.  While common in clinical practice, such images 
often present significant challenges in automated analysis of glandular objects due to 
uneven contrast between glands and stroma, and the frequent tearing of the tissue.   

In multispectral IF [3] microscopy, multiple proteins in the tissue specimen are si-
multaneously labeled with different fluorescent dyes.  Each dye has a distinct emis-
sion spectrum and binds to its target protein within a tissue compartment (ie  nuclei 
or cytoplasm).  The tissue is imaged with a multispectral camera, then spectrally 
unmixed, with one image per dye.  Two common dyes that reveal the tissue structure 
are DAPI (a nuclear stain) and CK18 (stains epithelial cytoplasm).  Nuclear objects 
are segmented and then separated using a co-localization scheme into epithelial nuclei 
positive for both DAPI and CK18 and stromal nuclei positive for DAPI but not CK18. 

Because of its highly specific identification of molecular components and accurate 
delineation of tissue compartments, as compared to the stains in (H&E) light micro-
scopy, multiplex IF microscopy offers the advantage of more reliable and accurate 
image segmentation and consequent feature extraction.   

This work presents one of the first endeavors in segmenting and extracting predic-
tive features of glandular objects such as rings in multispectral IF microscopy and 
furthermore correlates the resulting features with clinical progression outcomes rele-
vant to physicians. 

1.1 Related Work 

There has been significant prior work on deriving architectural features from unseg-
mented graphs such as Minimum Spanning Trees (MST), Voronoi diagrams and De-
launay triangulation in analyzing individual nuclei in both H&E and IF images [1], 
[5], [10].  While glandular morphometry has been analyzed in whole prostate H&E 
images [6, 7], analysis of microscopic H&E images has been a recent development 
[2], [8], [9], [11].  Most of the literature has focused on cancer vs. benign classifica-
tion with limited sets of images, often less than 100, and evaluates the morphometric 
features with respect to tumor architecture [8, 9], rather than clinical outcomes of 
progression.  Of note, [2] presented analysis of H&E images from 1027 patients 
yielding a set of “gland unit” features derived from semi-automated seeding of lu-
mens.  However, this paper presents the first effort in automated glandular analysis in 
microscopic IF images. 
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2 Gland Ring Segmentation Approach 

The proposed gland ring segmentation approach executes on two IF biomarker im-
ages, CK18 for epithelial cytoplasm (Fig. 1a and 2a) and DAPI for epithelial and 
stromal nuclei (Fig. 1c and 2c).  These images are segmented, leveraging an ap-
proach previously developed by researchers in a cohort of over 900 prostate biopsy 
images [3], to produce labeled masks of connected epithelial areas and nuclei (Fig. 1d 
and 2d).  Next, adjacent/touching CK18 units are separated (Fig. 1b and 2b), fol-
lowed by segmentation of epithelial units into distinct gland rings (Fig. 1e and 2e), 
concluding with a final classification of the gland ring type which leads to predictive 
features.   Fig. 1 to 3 in the following sections are 0.25 micron/pixel regions clipped 
from the 1280x1024 IF images to illustrate the algorithmic detail. 

2.1 Separation of Touching CK18 Gland Units and Lumen Detection 

Touching or almost touching CK18 (epithelial cytoplasm) areas contain visible cytop-
lasm membranes around the outer boundary of the area, which form a dark, low-
contrast linear ridge in the image values (Fig. 1a). We propose a method of enhancing 
these ridges by leveraging a fast-marching algorithm [4] to propagate the initial CK18 
border (white edges in Fig. 1b). Fast marching takes as input a propagation speed 
image, which we create by adding together the CK18 edge strength (morphological 
edge filter) and the ridge edge strength (bottom hat filter), then inverting and multip-
lying by the original image values. The propagation is initialized with low values 
along the original borders and high values elsewhere, which causes the fast marching 
output image to contain low values along edges reachable by rapid propagation. In 
many cases this image can be thresholded at a low value to extract the ridge edges, 
but this approach is not robust. Instead, we use watershed segmentation of the in-
verted propagation image (high values along ridges) to extract the ridges (yellow 
edges in Fig. 1b). 

 

     (a)    (b)        (c)     (d)          (e) 

Fig. 1. Fully automated segmentation of Gleason grade 4. Inputs (a), (c) and outputs (b), (d), 
(e). CK18 stain (a), epithelial unit separation (yellow lines) (b), DAPI stain (c), epithelial nuclei 
segmented in green, stromal nuclei in red (d), and polygonal gland rings (red) and fragments 
(green) (e). The upper epithelial unit in (b) has no lumens, but has 2 rings in (e), while the 
lower right epithelial unit in (b) has 2 lumens (one outlined in green), and 2 rings in (e). 
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In the CK18 image both lumen and stromal regions are dark and it is important to 
distinguish them to generate meaningful architectural features. Not all stromal regions 
contain DAPI nuclei, especially in small stromal islands between tightly pack glands, 
and conversely some lumens contain epithelial nuclei sloughed-off or cut through an 
indented gland. Additionally, when separation edges touch a region, the region can be 
classified as stromal, as seen, for example in small dark area where the three separa-
tion edges meet in Fig. 1b. 

A heuristic lumen decision rule combines information about the number of nuclei, 
touching separation edges, and the size of the area to classify dark CK18 regions as 
lumen or stroma. A minimum lumen size is set to be larger than the nuclei holes in the 
CK18 staining. Fig. 2 shows a number of lumens in a fused, cribriform gland. 

 

(a)   (b)         (c)     (d)          (e) 

Fig. 2. Segmentation of fused glands in cribriform pattern Gleason 4 with multiple rings in the 
same epithelial unit (e). Input CK18 (a), epithelial unit separation (b), input DAPI (c), nuclei 
segmentation in (d), and final gland rings in (e). 

2.2 Segmentation of Epithelial Nuclei into Discrete Gland Rings 

Given the coordinates of the nuclei in each epithelial unit, the next stage in our pro-
posed approach is to cluster the nuclei into rings using a graph-based algorithm. A 
ring is detected when the nuclei around the border are tightly spaced, with larger in-
ter-nuclei gaps in the interior. One way to segment these regions would be to initialize 
a distance transform from the nuclei, followed by watershed segmentation to separate 
rings. Instead, we use a custom watershed merging algorithm on the Delaunay trian-
gulation/Voronoi graph because a graph-based algorithm is better able to keep track 
of the intermediate regions’ shape information and thus enables better merging rules. 
Figure 3 shows an example of a Voronoi graph, where each vertex can be thought of 
as sitting at the center of a Delaunay triangle (not shown), with the three edges at each 
vertex representing the connectivity of touching Delaunay triangles. 

The watershed algorithm scans through the Delaunay triangles in order of the size 
of the longest triangle edge, and at each step decides whether to merge with each of 
the three neighbors, keeping track of the size and shape of merged polygonal regions. 
The algorithm starts with the longest triangles, at the center of potential rings, and 
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grows to convex or near-convex regions, stopping when the length of the touching 
edge is significantly shorter than the longest edges in both regions. This rule causes 
separate rings to be detected when part of a gland is pinched, as in the leftmost ring in 
Figure 3. The decision rule also avoids merging rings in different epithelial units, and 
does merge rings which cross over lumen areas. 

 

Fig. 3. Segmentation of gland rings in Gleason grade 3; in the bottom left the Voronoi diagram 
is overlayed with the resulting rings.  The single epithelial unit has four small lumens (top 
left), but only two gland rings (bottom right). This sausage-link pattern of lumens without sur-
rounding nuclei can be caused by snaking of the lumen channel within the gland, above and 
below the plane of the cut tissue and so does not represent fused glands. 

2.3 Ring Classification and Prognostic Feature Development 

Table 1 and Figure 4 present lower level structural metrics used in a series of heuristic 
decision rules (eg a ring has at least 4 epithelial nuclei) to classify polygonal rings as 
either gland ring, gland fragments, stromal, under-segmented, or touching the image 
border.  

Table 2 presents our novel approach to building families of prognostic image fea-
tures from ring metrics and other variables. In consultation with an expert pathologist, 
gland ring features were defined by analyzing proportions of epithelial nuclei in sev-
eral categories. Our new ring adjacency features are based on the observation that the 
fusion and fragmentation of gland rings tends to reduce the proportion of gland nuclei 
adjacent to stroma and lumens. 

The features are parameterized in four ways to explore the feature space: by statis-
tic (ratio or mean), by region type (7 combinations of ring/fragment/stroma), by 
weighting factor (8+ alternatives including area of epithelial nuclei in the ring, etc.) 
and by variable (20+ alternatives, including Stouch and Ltouch, see Table 1, with a 
range of thresholds), creating features which systematically sample the glandular 
architectural feature space. 
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Table 1. Ring Metrics. These
shape of the gland ring and the
These metrics are used to defin

Metric 

D Outer diameter of 

d Inner clearing free

b Border gap = 2nd l

L Lumen or clearing

Ltouch Lumen touch = pr

Stouch Stromal touch = pr

Density Density of the bor
= d/b (good rings h

Fig. 4. Illustr

Table 2. Family

Ratio 
= weighted average of the 
adjacency variable within 
regions of type r, normalized
over all regions.  
Region type r is a subset of: 
{1,2,3: ring, fragment, stro-
ma}.  Weight is based on 
factors including nuclear 
area. 
Mean 
= mean of the weighted 
adjacency metric over a set 
of regions 

e six metrics (based on D, d and b in Figure 4) characterize
e degree to which the ring is adjacent to stroma and lumen ar
ne a novel family of ring adjacency features (Table 2). 

Description 

ring = 4 area / perimeter 

e of nuclei = 2nd largest chord in nuclei triangulation 
argest gap between nuclei around ring border 

g diameter = excess of inner diameter over border gap = d – b 

oportion of ring inner border touching inner clearing = L/D  

roportion of ring outer border touching stroma 
rder nuclei gaps compared to the interior gaps 
have dense nuclei around the border compared to the interior) 

 

ration of gland ring metrics described in Table 1 

y of image features defined for gland ring adjacency 

d 

_   _     
 

  is an indicator function:   
=1 if region j has region type r, or = 0 otherwise 

_
_    

e the 
reas. 
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3 Experimental Design and Results 

We developed our features in a cohort of 1030 IF images of prostatectomy samples 
from 373 patients.  Due to acute clinical need of biopsy based prognostic tools for 
treating newly diagnosed patients, we then validated our approach in a separate set of 
926 biopsy IF images from 306 patients.  All results below are on the biopsy set. 

Segmentation accuracy was evaluated against a manually annotated ground truth 
on a randomly selected subset of 266 images (due to limited pathologist availability 
for ground truth annotation).  Epithelial unit separation is a relatively difficult task 
due to the low contrast of the edges and existence of other confusing edges such as 
nuclear membranes or low stain uptake on the gland periphery.  Nevertheless, the 
separation sensitivity was 89%, specificity 93% with a Dice score of 84%.  Lumen 
classification had a sensitivity of 96%, specificity 98% and Dice score of 92%.  
Gland ring segmentation accuracy was also good, with a sensitivity of 88%, specifici-
ty of 96% and Dice score of 89%. 

We then evaluated the prognostic and predictive correlation of the features with 
clinical outcome (the time to significant disease progression including metastasis 
and/or death-of-disease) by the concordance index (CI) [2], [5] in the full set of 906 
biopsy images.  We compared this performance to established features in the litera-
ture by executing those techniques on the same set of patients; in particular MST 
features [5] and one of the best H&E glandular predictive features from [2].  The 
results with two of our representative features are presented in Table 3. 

Table 3. Clinical progression prediction of two new representative ring adjacency features as 
compared to previously published IF [5] and H&E [2] morphometric gland features  

Feature Description CI 
Ratio_AreaEN_Ring_StG40_DeG15 Proportion of epithelial nuclear area in 

“good” rings with Stouch greater than 40 
and density greater than 1.5 

0.67 

MeanLtouchRingSoftStG50 Mean of the SoftStG50 variable (stromal 
touching percentage > 50%) weighted by 
the lumen touching proportion. This 
feature responds strongly to rings with 
relatively large lumens 

0.67 

MST proportion of nuclei with 2 
edges 

Proportion of epithelial nuclei with 2 
edges in a MST [5] 

0.65 

Relative Area of Epithelial Nuclei 
Outside Gland Unit 

H&E Feature from [2]: Proportion of the 
epithelial nuclei in symmetrical gland-
unit areas around lumens 

0.66 

 
The morphometric features from our proposed approach correlated well with the 

clinical Gleason grade, a common endpoint in the literature (Pearson’s correlation 
coefficients of approximately -0.47 with a p-value < 0.0001).  However, Gleason is 
an indirect assessment of disease severity, and our proposed features not only predict 
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clinical outcomes with good performance, they are competitive with (even outper-
forming) previously published approaches. 

4 Conclusions 

We have identified two new targets for segmentation algorithms in multispectral IF 
images, namely epithelial unit and gland ring segmentations, and demonstrated the 
utility of morphometric features resulting from our proposed algorithms to predict 
prostate cancer progression in over 1900 images.  This effort presents one of the first 
approaches for the morphological analysis of glandular objects in IF microscopy and 
is competitive with, even outperforming, similar efforts in H&E light microscopy.  
The approaches are robust to real-world variations in patient processing and wet-lab 
biases as they were trained on a set of 326 prostatectomy patients and validated in a 
separate cohort of 306 biopsy patients. 
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