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Abstract. Digital pathology, driven by the increasing capabilities of
modern computers, is an emerging field within medical research and di-
agnostics. A re-occurring task in pathology is the analysis of immunohis-
tochemical (IHC) stains, i.e. stains in which a specific type of immune
cell is highlighted using corresponding antibodies. Automatic quantifi-
cation of these images is a challenge due to large image sizes of up to
10 gigapixels, but provides a more objective and reproducible evalua-
tion than the exhaustive task of manual analysis. In this context, we
compare counting measures against area-based measures in the case of
cytoplasmic and membrane-bound IHC stains. Our evaluation indicates a
superior performance of the area-based method which reaches a Jaccard
index of approximately 80%, while cell nuclei count-based approaches
can be severely affected by variance due to masking effects when the
cytoplasmic chromogenic staining covers the blue nuclear counterstain.

1 Introduction

In recent years, options for cancer treatment have been extended by immunother-
apy, i.e. enabling the patients’ immune system to effectively fight tumor growth
by inhibiting immunosuppressive mechanisms that some tumors utilize to es-
cape from elimination by immune cells. Due to these mechanisms in the tumor-
micro-environment, the immune infiltration is an important measure to assess
the activity or passivity of the immune system towards the tumor to quantify
the success or failure of a medication. Immunohistochemical (IHC) stains visual-
ize immune activity and can, in combination with modern whole-slide scanning
systems, be used to enable computerized analysis of large tissue quantities and
increase objectivity.
For the pathologist, preferred measures include cell or cell nuclei counts, mor-
phological cell features and tissue or cell area based ratios. Related to this task,
many algorithms can already be found in the literature, e.g. cell nuclei counting
[1,2], segmentation [1,2,3,4] and area-related measures [4,5,6]. Furthermore, [7]
provides a review listing additional methods for different stains.
Nearly all examples focusing on count- and segmentation-based measures pro-
pose their algorithms for nuclei-based markers, i.e. the antibody binding to a pro-
tein expressed in the immune cells’ nucleus (Fig. 1a). Depending on the medical
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Fig. 1. Examples of different marker types and PCA-based custom color space: nucleus
marker (a), marker with cytoplasmic (b) and cell-membrane-bound (c) signals in the
image centers, first three principal components (d).
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(b)

(c) (d)

task, another group of markers, coupling to proteins in the plasma surrounding
the nucleus, are of interest, too. So far, the accurate evaluation of cytoplasmic
(Fig. 1b) and membrane-bound (Fig. 1c) staining components have received less
attention in literature than purely nuclear markers. For example, the cytoplas-
mic and membrane component have been treated by segmenting and evaluating
subcellular components in [1]. This may be feasible for well separated cells, e.g.
tumor cells, but is problematic for immune cells which are often small and do
not show a clear separation of cytoplasmic and membrane-bound component, or
in cases of large cell clusters with mixed staining components.
To address the need for an improved evaluation of these components, our contri-
bution is a robust classification tool which provides a reliable area-based quantifi-
cation. Moreover, we give a quantitative evaluation of counting measures based
on common counting approaches.

2 Material and Methods

In this work, a dataset of 21 images extracted from seven whole-slide images
WSIs (three per slide) of ovarian carcinoma tissue is available for evaluation.
The slides were immunohistochemically stained with Hematoxylin (HEM, blue
color) and, using the membrane-bound and cytoplasmic CD45 marker, 3, 3′-
Diaminobenzidine (DAB, brown color). An Aperio Scanner (At2, Leica Biosys-
tems, Wetzlar, Germany) at 40× objective magnification was used to digitize
the slides. These images were manually labeled and the annotations, comprising
nuclei type (immune cell or not), nuclei position and a map of the stain-type,
were verified by biomedical experts. Each extracted section contains approxi-
mately two megapixels and the dataset comprises 15.917 HEM-nuclei and 3.025
DAB-nuclei.

2.1 Method

Deconvolution methods, e.g. staining matrices, which are often applied in prepro-
cessing steps, suffer from linear constraints or limited generalization properties.
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In order to circumvent these restrictions, we propose to learn the deconvolu-
tion in a conventional machine-learning setting, based on a very limited amount
of labeled training data. Although annotating a very small patch implies little
manual effort, such a patch which covers most blue-brown variations is actually
sufficient to train a robust classifier. While in many cases the generalization will
be sufficient to work with, difficult slides can be treated separately by retraining
with a labeling base as little as e.g. 250× 250 pixels.
The initial step, prior to classification, is to augment the RGB representa-
tion of an image with the transformed color spaces LAB, HSV and a dedi-
cated Hematoxylin-Eosin-DAB matrix decomposition [8]. By extending the color
space, we include information from different linear and non-linear transforma-
tions which increases the chance to identify a mathematically simple, i.e. linear,
function to separate the HEM and DAB channels. Additionally, a bilateral filter
is used on each channel to remove noise.
Since the various color spaces encode the channels in very different intervals,
each channel is normalized using mean-std scaling to balance the influence on
the optimization while training the classifier. However, some of the information
in the channels of the augmented representation is still correlated and therefore
introduces redundancies which in practice prevents a successful training - usually
showing an overly noisy classification output due to insufficient generalization.
Using a principal component analysis, we reduce redundancies and inherent
noise, which decreases computational complexity and thus ensures the efficiency
of the approach. In Fig. 1d the color space defined by the first three principal
components is visualized, showing a strong separation of HEM and DAB stain.
As for the classification task itself, similar performance can be obtained using a
linear Support-Vector Classifier (SVC) or a Gradient-Boosting Classifier (GBC)
for the labeling of the colors. While the GBC proved to be insensitive to vari-
ations of its parameters, the SVC was optimized in terms of its penalty weight
(i.e. C-parameter). Both classifiers achieve similar accuracies, but ultimately the
SVC is preferred due to a notable advantage in computational speed.
Since the mapping is learned pixelwise, the resulting labeling will contain noise in
edge regions, which is efficiently removed by applying morphological operations
on each individual channel.

2.2 Evaluation

The performance of counting measures is illustrated by using a common type
of seed detection (SD), which is a combination of morphological operators and
local maximum detection in distance space on top of the classification output.
In addition, we consider the cell nuclei counts from the free open-source soft-
ware CellProfiler (CP), based on an adapted pipeline from [9], that incorporates
Laplacian-of-Gaussian-based blob detection. Other methods could unfortunately
not be included due to the inaccessibility of the code and differences in the com-
puted metrics without access to intermediate results.
For evaluation, we measure the counted cell nuclei and the distances between
detected nuclei and the nuclei labeled in the ground truth. All nuclei counts
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Table 1. Results of the cell nuclei counts in terms of micro-average as well as mean
accuracy and standard deviation. All values are in percent. SD: common seed detection.
CP: CellProfiler.

HEM-µavg. HEM-mean HEM-std DAB-µavg. DAB-mean DAB-std

SD 113.15 115.30 10.07 128.30 118.87 88.99

CP 152.46 168.26 32.23 78.55 115.25 159.68

are quantified in terms of micro- and macro-averaged values. Micro-averaging
accumulates the predicted and ground truth nuclei counts from each image be-
fore computing the accuracy ratio, while the macroscopic version averages the
accuracy ratios of each individual image.
For comparing the detected cell nuclei positions to the ground truth, we in-
corporate a Nearest-Neighbor classifier fitted to the ground truth positions of
cell nuclei in the HEM and DAB channels, respectively. This metric is not ex-
act, since it does not compute bidirectional correspondences, but rather has the
characteristics of a precision measure.
While the comparison of the counts and distances is relatively straight-forward,
the Jaccard index J = (A ∩B)/(A ∪B), also known as intersection-over-union
ratio, is used as area measure in order to quantify the agreement to the ground
truth. Herein, A and B represent arbitrary sets, which can be interpreted as
mask images by replacing ∩ with the Boolean AND, and ∪ with the Boolean OR
operator. A value of 0 implies no overlap between the masks, while the maximum
is achieved at Jaccard index 1. We prefer this measure over the commonly used
Dice coefficient, since J satisfies the triangle equation and thus is a valid metric,
while the Dice coefficient is semi-metric and tends to yield overly positive results.

3 Results

First, we present the results of the different cell-segmentation approaches for
deriving cell nuclei counts in Table 1. For both investigated approaches, the
number of cell nuclei tends to be over-predicted on average in the HEM channel
with only little variance, while the DAB channel suffers from a very high variance
in the predicted number, clearly showing the unreliability of common cell nuclei
counting strategies in case of cytoplasmic IHC stains.
However, in spite of the overly sensitive nuclei detection step, the resulting dis-
tribution of distances, shown as a boxplot in Fig. 2, indicates that the proposed

Fig. 2. Distances of each proposed
nucleus to closest ground truth nu-
cleus in pixels. A single cell-nucleus
has an average diameter of approxi-
mately 32 pixels. SD: common seed
detection. CP: CellProfiler.
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Fig. 3. Area estimates for DAB
(dab), hematoxylin (hem) and
background (bg). These mea-
sures are much more stable,
given the large variance in the
cell nuclei counts. AM: proposed
area measure. CP: CellProfiler.

positions in a vast majority of cases are very close to an actual cell-nucleus. In
this second part of the evaluation, the SD approach has a clear advantage over
the CP pipeline. Given an average diameter of approximately 32 pixels, the SD
estimates are usually within the reach of a ground truth nucleus, whereas the
CP pipeline usually proposes far too many objects and thus predicts many of
them in background areas far away from actual nuclei.
As a third quantity, the area measures are considered. Fig. 3 illustrates the
Jaccard index for the areas associated with DAB, HEM and background. In the
CP prediction, a high variance remains in both the HEM and DAB channel,
with a median DAB Jaccard index of approximately 0.45. For the proposed area
measure approach, the HEM channel is predicted with a median close to 0.85 at
a very low variance, which indicates a reliable prediction, while the DAB channel
remains slightly below 0.8 with moderate variance. Note that since the labels are
mutually exclusive, no channel can achieve an optimal score of 1.0 exclusively.
Since DAB stain and HEM stain are usually in direct pixel neighborhood, slight
confusions inevitably happen between these two classes.

4 Discussion

As shown above, the measures based on the area contribution of a specific stain
are much more reliable than the computationally more demanding counting mea-
sures in case of the considered plasmatic IHC stains. This also makes sense from
a perspective of error propagation, since the nuclei detection steps usually build
on top of some form of initial segmentation. In the proposed solution, the clas-
sification results in lower variances than the Otsu-method incorporated in the
CP pipeline, which fails if the channel statistics strongly deviate from expected
values. Especially applying the Otsu-method in slides with low DAB content,
the algorithm tends to over-predict objects in this channel, since the automatic
threshold is set too low. Since a patch-wise approach is the obvious choice for
the processing of entire WSIs, the local information will lead to very different
statistics, even within a single WSI. Computing global statistics from subsam-
pled levels of an image pyramid may help to compute robust thresholds in some
cases, but it should be noted that, depending on the success of medication, it
is not untypical to have slides with no immune activity at all, which drastically
influences the DAB channel statistics on a global level. Classification is more
robust in this situation, but its weakness - not considered in this work - will
likely be variances in the model, i.e. differences in the image appearance due to
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varying staining protocols. However, with the small required amount of labeled
data to train the color classifier, such challenges can easily be resolved. While
many algorithms aim at providing counting measures, our research suggests that
this is not the most reliable measure, depending on the use case. In addition to
the very different appearance of cytoplasmic and membrane-bound IHC stains,
WSIs with strong background textures easily confuse the underlying detectors
and may lead to nearly arbitrary cell nuclei counts, while computationally less
expensive steps actually quantify immune responses in a similar, more reliable
way, in cases where individual nucleus features are not of particular interest
or cannot be computed due to difficult cell cluster configurations. Finally, the
evaluated short distances between proposed cell nuclei positions and the actual
positions suggest that an additional classification step could be implemented to
drastically reduce the false positives. However, the limiting factor herein would
be the computational expense for scaling the processing to full WSIs.
In summary, the proposed method of classifying the stain components consti-
tutes, with a Jaccard index of approximately 85% (HEM-channel) and 78%
(DAB-channel), a fast and reliable measure for IHC quantification.
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