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Abstract. High-throughput chromogenic in-situ hybridization (CISH) is a bright-
field microscopic technique that reveals the spatial distribution of gene expression
in animal cells and tissues by an easily detectable coloured precipitate. The “golden
standard” for the grading of CISH-stained tissues involves qualitative scoring by
a domain expert. This method is biased, suffers from low reproducibility, and
lowers the efficiency of high-throughput experiments. A few quantitative image
analysis approaches resolve these issues, but the proposed methods are sensitive
to experimental conditions or require expert adjustment of multiple parameters.
The idea of our research team is to extract textural information fromCISH-images
that will be used to generate a feature space for semantic segmentation and func-
tional analysis of gene expression. In our current work, we explore the idea by
unsupervised classification based on features generated via Gabor energy filters.
The tissue was divided into overlapping 150 µm tiles and processed with a Gabor
filter bank (5 wavelengths, 16 directions, bandwidth 1.4). The results for the 16
directions at each wavelength were combined by a maximum superposition into
a single image, and the mean grey value, standard deviation and entropy were
measured. After appropriate dimensionality reduction, the tiles were classified by
a fuzzy C-means algorithm. Four experts without prior knowledge of the classi-
fication results evaluated the strength and pattern of gene expression of a set of
randomly selected tiles, and independently each class in the original whole-slide
images. A comparison between the class-scale and tile-scale evaluations was used
to assess the usefulness of the selected features.
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1 Introduction

The high-throughput chromogenic in-situ hybridization (CISH) is a method to detect
known mRNA sequences in the cells of a specific tissue or organ by complemen-
tary hybridization with nucleotide probes tagged with enzyme-linked haptens [1]. The
hybridization is revealed by an easily detectable coloured precipitate that can be doc-
umented using a standard bright-field microscopic imaging system. CISH is primarily
used to localize the specificmRNA fragments of the sought gene product and the cell that
produces it in fixed tissues [2, 3]. The positive signals correspond to cells that actively
produce (aka express) the product of a gene under investigation.

This paper presents a proof of concept for the usability of spatial features extracted
through Gabor filtering for the segmentation or the analysis of CISH whole slide images
in high-throughput imaging experiments. The paper is organized as follows: In Sect. 2,
we explain the rationale andmotifs behind the proposed approach. Section 3 discusses the
selected texture features. In Sect. 4, we outline the experiment and its results. Section 5
discusses the evaluation by domain experts. In Sect. 6, we conclude with some remarks
on further developments.

2 Rationale

2.1 CISH Evaluation

Currently, the gold standard for gene expression grading in CISH stained tissue slides is
the assessment by an expert. This approach involves visual inspection of the cell expres-
sion and manual labelling (positive or negative) or grading depending on the amount of
the observed precipitate. The usual visual scoring is based on cellular gene expression
strength (“negative”, “low”, “moderate”, or “strong”), and patterns of expression (“ubiq-
uitous”, “regional” or “scattered”) [4, 5]. This method is highly biased and suffers from
low reproducibility as it strongly depends on the conditions (Fig. 1) and the expertise of
the annotator. Furthermore, it is slow and is not particularly effective in high-throughput
experiments, when large amounts of image data are generated at high speeds. There
are several attempts to design automated workflows for an unbiased evaluation of gene
expression. Celldetect is an open-source algorithm for automatic localization and grad-
ing of cellular gene expression in whole-slide CISH images [6]. The algorithm performs
intensity-based thresholding, classification, and labelling at a reduced spatial resolution
(approximately a single cell per pixel). While this approach significantly reduces bias
and improves reproducibility, it still suffers from the high variability between images and
staining batches inherent to the method. The good reproducibility of Celldetect relies
heavily on the human operator to select the proper parameters to account for the intensity
variability between images and batches. Another reliable quantitative workflow is devel-
oped by Allen Brain Institute and is implemented in the annotation of their Mouse Brain
ISH Atlas [7, 8]. The workflow evaluates gene expression in high-resolution images
with normalized brightness based on the grey value of the corresponding pixels in com-
bination with advanced filtering to account for different patterns of expression [9, 10].
Both approaches are very efficient but are sensitive to brightness fluctuations, and noise
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Fig. 1. Most common sources of variability in CISH-stained microscopic images.

introduced by the ISH procedure or the image acquisition and require stringent control
of experimental conditions.

A robust and automatedworkflow can facilitate reproducibility between experiments
and between labs and can ensure the acquisition of comparable data from imaging CISH
experiments.

During themanual evaluation, experienced annotators can recognize similar levels of
gene expression despite significant differences in the overall brightness between images.
This process relies on an implicit evaluation of brightness and colour distribution within
the locality of the observed tissue. The most prominent property of an image that is
related to the local fluctuations of intensity and colour is the texture. Recent research
showed that second-order textural features could be used successfully to classify and
localize gene expression patterns to specific cerebellar cortical layers [11] or to identify
mRNA-enriched sites in the hippocampal region of the brain [12].

2.2 Search for Spatial Features

The texture is a repeating pattern or a function of spatial variation of the brightness
intensity of the pixels. Texture analysis plays an essential role in face recognition, surface
defect detection, pattern recognition, and medical image analysis by the extraction of
meaningful information from digital images. Texture feature extraction refers to the
process of computing characteristics of an image, which numerically describes textural
image properties and may include scalar numbers, discrete histograms, or empirical
distributions [13, 14].

The spatial distribution of brightness variations in this type of images is highly vari-
able and inhomogeneous. That is why a particular standard method for feature extraction
can not satisfy all requirements of the analysis of CISH-stained images. The idea of our
research team is to use different approaches in the analysis of CISH images that will be
used for structural segmentation and functional analysis of gene expression.

As the level of expression is very difficult to quantify in CISH images due to its
nonlinear relationship with the amount of precipitated dye, we decided to apply an
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inverse approach to the problem. Instead of selecting specific quantitative measures and
looking for a fit that can predict the evaluator’s grades, we decided first to find features for
an image segmentation thatmimics the evaluator’s decision. Themost important features
can be then used as an input to supervised classification and segmentation algorithms,
and for the derivation of quantitative criteria for the unbiased evaluation and comparison
of gene expression levels in CISH images.

3 Gabor Derived Features

The 2D Gabor filter is a sinusoidal wave modulated by a two-dimensional Gaussian
envelope with a complex response. The convolution of an image with the spatial Gabor
function extracts features with specific spatial frequency, orientation, and phase. The
exact nature of the filter’s response depends on its wavelength, orientation, phase, and
the spread of the Gaussian envelope in the x- and y-direction [15].

The Gabor filter returns an image of the details with the specified spatial frequency
and highest response in the direction of the filter. The scale of the filter (i.e., the size of the
emphasized details) depends on its wavelength and bandwidth. The bandwidth, in turn,
determines the ratio between the wavelength and the standard deviation of the Gaussian
envelope. As the spatial selectivity of simple cells in the primate visual cortex has a
median bandwidth of 1.4 (which corresponds to a ratio between wavelength and sigma
approximately 0.42) [16, 17], we chose this value for the filter. We extracted the local
features fromGabor Energy (root sum square of the real and imaginary output). The filter
bank includes five wavelengths (2, 4, 8, 16, and 32 px) oriented in 16 directions each.
The outputs from all directions at a given scale were combined in one omnidirectional
image using maximum superposition. The final output contains all maximal responses
for each direction of the filter at the given scale. The features for classification were
measured in these multidirectional outputs of the Gabor energy filter. We used three
measurements – Mean grey value, Standard Deviation, and Shannon entropy, which
results in 15 features in total.

4 Implementation and Results

4.1 Image Filtering and Feature Extraction

The described features were measured in overlapping neighbourhoods with size 150 ×
150 µm from the original whole slide images. First, the tissue portion of each image
was masked, and only the pixels with coordinates within the tissue mask were included
in the scanning process. The images were scanned at full scale (0.5 µm/px) with square
neighbourhoods with size 150µmand horizontal and vertical steps 100µm. The overlap
ensured that objects located at the border between regions would be captured adequately
by the algorithm. Each tilewas processed separatelywith the describedGabor filter bank,
and fifteen features were extracted. The process was programmed in Python Program-
ming Language (Python Software Foundation, https://www.python.org/) and libraries in
the SciPy ecosystem [18–21]. For image navigation, we used the OpenSlide library for
visualization of microscopic whole slide images [22].

https://www.python.org/
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Fig. 2. Result of the Fuzzy C-Means clustering. Original whole slide images (A, C) stained with
the CISH-technique for two different gene products and colour-coded spatial maps (B, E) of the
clustering based on Gabor energy filter derived features.

4.2 Fuzzy C-means Clustering

To reduce the sources of measurement noise, improve accuracy in clustering, and reduce
the computational cost, the dimensionality of the featurematrixwas reduced by Principal
Component Analysis (PCA) [23]. As the annotator is evaluating the CISH imagesmainly
on two properties - strength and pattern (density) of expression, it seems appropriate to
choose the first two principal components for further analyses. Additionally, a higher
number of dimensions influences negatively the fuzzy Cmeans algorithm (FCM), which
we chose for the unsupervised clustering [24]. Our choice of the fuzzy counterpart of
the more popular k-means algorithm was driven mainly by the notion that groups and
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categories in living organisms are fuzzy by nature and an approach that captures this
fuzziness will be more beneficial. For the selection of a cluster number, we looped the
FCM between two and ten cluster centres on the two components and evaluated the
results with the fuzzy partition coefficient [25]. While the FPC reaches a maximum
value at two clusters, we chose seven clusters. This decision is once again dictated by
the nature of the processed image data: the standard protocol for evaluation includes
at least six separate groupings, and this number of classes allows us to capture gradual
differences in gene expression while keeping the FPC at acceptable values. The fuzzy
clustering of the reduced data produced classes that, on inspection, separated the images
into regions with different expression levels (Fig. 2). Even for the unprepared observer,
the contrast distribution in the unprocessed images corresponds to the cluster mapping.

5 Expert Evaluation

The original images and the colour-coded classifications were presented to four different
experts for evaluation of the clusters as a whole. Each evaluator graded the expression
strength (0–3) and the density (0–2) of expressing cells in each class (Table 1).

Since the evaluators had a different experience, the final grades were calculated as
a weighted mean of the individual grades rounded to an integer score. The grades of
evaluators one and two received weight 1.0, evaluator 3 grades had weight 2.0, and
the most experienced grader received weight 3. Finally, we compared the tile-scale
evaluations to the class-scale evaluations.

In the next stage, a set of 137 randomly selected tiles were evaluated by the same
group of experts using the same criteria without knowledge about how the Fuzzy C
Means algorithm classified the corresponding tile. In this way, the evaluators assigned
strength and density values to selected tiles at the same scale (150 µm x 150 µm) as the
algorithm performed its measurements and classification.

Table 1. Expert evaluation of the expression strength (Str) and density (Den) of the classes.
Final scores are calculated as a weighted mean of the scores from each evaluator rounded to an
integer (weights are given in parentheses after the evaluator’s designation). For comparison with
the tile-scale evaluations, we provide the median tile scores per class of 137 randomly selected
tiles graded similarly.

Class Evaluator 1
(weight = 1)

Evaluator 2
(weight = 1)

Evaluator 3
(weight = 2)

Evaluator 4
(weight = 3)

Weighted
grade

Median tile
score

Str Den Str Den Str Den Str Den Str Den Str Den

Class
0

0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0 0 0 0

Class
1

0.0 0.0 1.0 1.0 0.0 1.0 1.0 1.0 1 1 1 1

(continued)
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Table 1. (continued)

Class Evaluator 1
(weight = 1)

Evaluator 2
(weight = 1)

Evaluator 3
(weight = 2)

Evaluator 4
(weight = 3)

Weighted
grade

Median tile
score

Str Den Str Den Str Den Str Den Str Den Str Den

Class
2

3.0 2.0 3.0 2.0 3.0 2.0 3.0 2.0 3 2 3 2

Class
3

1.0 1.0 3.0 1.0 1.0 1.0 1.0 1.0 1 1 2 1

Class
4

1.0 1.0 1.0 1.0 2.0 1.0 2.0 2.0 2 1 2 1

Class
5

1.0 1.0 3.0 2.0 2.0 2.0 2.0 2.0 2 2 2 1

Class
6

3.0 2.0 3.0 2.0 3.0 1.0 2.0 2.0 3 2 3 2

As we assumed by design that the clusters defined by the described algorithm must
include tiles of similar expression level and density, we analyzed the agreement between
the tile-scale scores and the corresponding class scores in a confusion matrix for the
137 randomly selected tiles (Table 2). While the median of the individual tile scores per
class corresponds very well to the class grades (Table 1), the overall accuracy of the
prediction of the tile’s score from its class score is low. One explanation for this is that
the evaluators looking at the individual tiles are assessing the expression strength and
density with details at a smaller scale.

Table 2. Agreement between expert evaluations of the individual tiles and their corresponding
classes assigned by the algorithm. The class grades were used as the conditional “ground truth”.

Property Levels Precision Recall F1-score N Accuracy Cohen’s kappa

Expression
strength

No expression 0.92 0.44 0.6 27 – –

Low 0.38 0.29 0.33 35 – –

Moderate 0.33 0.58 0.42 38 – –

High 0.65 0.54 0.59 37 – –

Overall 0.55 0.47 0.48 137 0.47 0.28

Density of
expressing
cells

No expression 1 0.45 0.62 29 – –

Sparse 0.58 0.55 0.56 64 – –

Dense 0.47 0.68 0.56 44 – –

Overall 0.68 0.56 0.58 137 0.57 0.31
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Additionally, there are lots of “misclassifications” between neighbouring levels of
the properties that reduce the calculated accuracy. Another reason is the presence of
artefactual staining in some of the randomly selected tiles. Those tiles were accurately
evaluated as nonexpressing by the human raters. The clustering algorithm, however,
classifies the tiles based on the distribution of intensities in the image and does not
discriminate between artefacts and valid staining.

6 Conclusion

We presented the use of a set of features derived from Gabor filtered images of CISH-
stained tissues. The selected features allowed the clustering of the image regions into
classes with generally good correspondence to the different expression patterns as
described by expert evaluators in CISH images. The accuracy of prediction of the tile-
scale evaluation by the class-scale grade was low, but it must be noted that this approach
is not intended to (and does not) measure the ability of the algorithm to correctly discrim-
inate between the different levels of expression strength and density of the expressing
cells. The low accuracy stems mainly from the different scales at which the evalua-
tors asses the randomly selected tiles without knowledge of their neighborhood and the
classes in the whole image. As the median scores of the tiles in each class were in agree-
ment with the overall class score assigned by the human raters, we may conclude that the
proposed features have discriminating power similar to the human evaluation. Next step
should be to analyze and select the most important of these features and combine them
with other approaches into a feature space which can be used for efficient training of
supervised segmentation algorithms and derivation of unbiased indicators for the quanti-
tative comparison of gene expression patterns in CISH-stained tissues. An essential issue
in the analysis of CISH-images is the distinction and removal of nonspecific staining.
This problem can be addressed by the implementation of a similar carefully constructed
feature space after differential analysis of positive and negative control images.
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