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Abstract
Based on a recently introduced immunohistochemical panel (Bachmann et al. 2015) for aganglionic megacolon (AM), also
known as Hirschsprung disease, histopathological diagnosis, we evaluated whether the use of digital pathology and ‘machine
learning’ could help to obtain a reliable diagnosis. Slides were obtained from 31 specimens of 27 patients
immunohistochemically stained for MAP2, calretinin, S100β and GLUT1. Slides were digitized by whole slide scanning. We
used a Definiens Developer Tissue Studios as software for analysis. We configured necessary parameters in combination with
‘machine learning’ to identify pathological aberrations. A significant difference between AM- and non-AM-affected tissues was
found for calretinin (AM 0.55% vs. non-AM 1.44%) and MAP2 (AM 0.004% vs. non-AM 0.07%) staining measurements and
software-based evaluations. In contrast, S100β and GLUT1 staining measurements and software-based evaluations showed no
significant differences between AM- and non-AM-affected tissues. However, no difference was found in comparison of suction
biopsies with resections. Applying machine learning via an ensemble voting classifier, we achieved an accuracy of 87.5% on the
test set. Automated diagnosis of AM by applying digital pathology on immunohistochemical panels was successful for calretinin
and MAP2, whereas S100β and GLUT1 were not effective in diagnosis. Our method suggests that software-based approaches
are capable of diagnosing AM. Our future challenge will be the improvement of efficiency by reduction of the time-consuming
need for large pre-labelled training data. With increasing technical improvement, especially in unsupervised training procedures,
this method could be helpful in the future.

Keywords Calretinin . Digital pathology . Hirschsprung disease . Immunohistochemistry . Machine learning

Electronic supplementary material The online version of this article
(https://doi.org/10.1007/s00441-018-2911-1) contains supplementary
material, which is available to authorized users.

* Samir Jabari
samir.jabari@fau.de

Florian Schilling
florian.schilling@studium.fau.de

Carol E. Geppert
carol.geppert@uk-erlangen.de

Johanna Strehl
johanna.strehl@uk-erlangen.de

Arndt Hartmann
arndt.hartmann@uk-erlangen.de

Stefanie Kuerten
stefanie.kuerten@fau.de

Axel Brehmer
axel.brehmer@fau.de

1 Institute of Anatomy and Cell Biology,
Friedrich-Alexander-Universität Erlangen-Nürnberg,
Krankenhausstraße 9, 91054 Erlangen, Germany

2 Institute of Pathology, Friedrich-Alexander-Universität
Erlangen-Nürnberg, Krankenhausstraße 9,
91054 Erlangen, Germany

Cell and Tissue Research (2019) 375:371–381
https://doi.org/10.1007/s00441-018-2911-1

http://crossmark.crossref.org/dialog/?doi=10.1007/s00441-018-2911-1&domain=pdf
https://doi.org/10.1007/s00441-018-2911-1
mailto:samir.jabari@fau.de


Introduction

Aganglionic megacolon (AM) known as Hirschsprung dis-
ease is a congenital malformation displaying aganglionosis
in the human colonic myenteric and submucosal plexus
(Butler Tjaden and Trainor 2013). Approximately 1 of 5000
live-born infants suffers from AM with a predominance in
males (sex ratio 4:1) (Badner et al. 1990; Bodian and Carter
1963). Short-segment AM is the most common version and
affects the intestinal segments between the rectum and the
splenic flexure, while long-segment AM continues orally to
this flexure (Burkardt et al. 2014). Straight after birth, AM
generally presents with deferred meconium as clinical symp-
tom. Approximately less than 10% of affected neonates pass
meconium in first 24 h of life. According to this, any fully
developed infant with more than 24 h and any premature in-
fant with about 7–8 days delayed meconium is suspected of
being affected with AM (Bekkali et al. 2008; Clark 1977).
Most Hirschsprung disease patients develop dysmotility and
constipation symptoms, which begin postnatally and are usu-
ally detected within the first three months. Aminority of 1% is
first diagnosed as adults (Barnes et al. 1986) and can lead to
possible complications (Murphy and Puri 2005). Therapy op-
tions implicate intestinal surgery with removal of the
aganglionic segment and renewal of the intestinal permeabil-
ity one year after birth followed by intermediate therapy with
colostomy (Duhamel 1960; Martin and Altemeier 1962).

Several methods exist to confirm the diagnosis of
Hirschsprung disease. However, neither radiological imaging
of the transition zone nor anorectal manometry with 90% con-
cordance is able to confirm AM in neonates (Lopez-Alonso
et al. 1995; Pratap et al. 2007). Suction biopsy is the gold
standard in AM diagnosis with about 99% sensitivity, being
safe, cheap and easy to apply (Andrassy et al. 1981; Dobbins
and Bill 1965; Harjai 2000). In cases of inconclusive histolog-
ical diagnosis, a standard transmucosal biopsy of the rectum is
additionally needed (Holland et al. 2010). It turns out that the
location of biopsy is decisive. Due to a hypoganglionic zone,
only biopsies 2–3 cm above the pectinate line provide diag-
nostically conclusive results. The zone below is characterized
by physiological absence of neurons so that false positive
findings may occur (Aldridge and Campbell 1968). The his-
tological aspect of AM-induced aganglionosis includes hyper-
trophic preganglionic nerve fibres with an excess of acetyl-
choline. The common diagnostic method is a combination of
acetylcholinesterase staining and haematoxylin eosin (H&E)
staining of frozen sections obtained by suction biopsy of rectal
tissue (Meier-Ruge et al. 1972). Additionally, immunohisto-
chemical staining can aid histopathological diagnostics. There
are exhaustive lists of nerve fibre markers such as S100, beta-
tubulin (S100β), glial fibrillary acid protein (GFAP), nerve
growth factor receptor (NGFR) and cell body markers like
calretinin, MAP2, peripherin, NeuN, neuron-specific enolase,

nNOS and RET oncoprotein which were used for labelling
acridine orange ribosomal fluorochrome, as an older tech-
nique which were used for labelling (Barshack et al. 2004;
Guinard-Samuel et al. 2009; Holland et al. 2010; Joosten
et al. 1989; Kakita et al. 2000; Kapur 2014; Kapur et al.
2009; Sarnat et al. 1985; Taguchi et al. 1985; Volpe et al.
2013; Yang and Oh 2013; Yanlei et al. 2011).

Nevertheless, a reliable statement can only be made by
time-consuming examination of a multitude of sections by
an experienced pathologist (Kapur and Kennedy 2012;
Martucciello 2008; Qualman et al. 1999; Szylberg and
Marszalek 2014). More innovative approaches have not yet
been included in the perioperative or intraoperative diagnosis.
Over the last 10 years, the technological progress and advance
of whole slide digital scanners has led to an increasing digita-
lization of histopathological slides and conclusively software-
based pathologist assisting systems. This progress is based on
‘machine and deep learning’, a technique that is able to pro-
cess big amounts of data defined as training sets using a neural
network algorithm (Madabhushi and Lee 2016). Here we
aimed to evaluate a three-step approach. First, we digitized
immunohistochemically stained slides. Second, we performed
morphometric analysis. Third, we evaluated the morphomet-
ric data via machine learning models. Although histopatho-
logical analysis also allows for differential diagnosis of other
diseases, our focus was exclusively kept on discriminating
between Hirschsprung and non-Hirschsprung cases. To our
knowledge, this is the first attempt to train a neuronal classifier
to discriminate Hirschsprung from non-Hirschsprung cases.

Materials and methods

Tissue processing, immunohistochemistry
and digitalization

We used specimens of 27 patients who were suspected to be
AM positive between 2013 and 2016. The patients’ ages
ranged from 31 days to 382 months (31.83 years) (median
age 61.98 months (5.17 years)). We used paraffin-embedded
and 4% formalin-fixed (FFPE) material stored in the archive
of the Institute of Pathology, Friedrich-Alexander-University
Erlangen-Nürnberg (FAU), Germany. The use of the FFPE
materials was approved by the local ethics committee (approv-
al number: 85_12b, date 04/19/2012). The Declaration of
Helsinki was followed strictly.

In total, we collected 93 tissue blocks from 14 female and
13 male patients originating from nine surgical specimens
(colon/rectum resections) and 84 suction biopsies. The biop-
sies were obtained from 22 of the 27 patients resulting in a
total number of 31 specimens. Based on these tissue samples,
75 slides were stained for calretinin, 86 slides for MAP2, 58
slides for S100β and 88 slides for GLUT1. By using the
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immunohistochemical panels described by Bachmann et al.
(2015) for diagnosing AM, 12 of 31 specimens fulfilled the
criteria of AM (median age of the patients 38.72 months; gen-
der: five females and seven males). One of these 12 specimens
was described as short-segment AM (median patient age
81.21 months; gender: male), while two specimens were first
not clearly diagnosed (median age of the patients
48.57 months; gender: two males) and needed closer consid-
eration. Negative diagnosis was stated for 19 specimens (me-
dian age of the patients 71.68 months; gender: 11 females and
eight males). With regard to the count of 27 patients, 19 were
not affected (11 females and eight males/16 biopsies, three
resections with one re-surgery and eight were diagnosed as
AM positive (three females and five males/six biopsies and
two resections)). After immunohistochemistry the above-
mentioned slides were digitalized using a digital slide scanner
in bright-field mode (Pannoramic Flash 250 for bright-field,
3D-Histech AG, Budapest, Hungary).

Quantitative analysis using digital pathology
programmes

We used Definiens Developer (Tissue Studios) to analyse
each slide. Tissue Studios allows the configuration of own
solutions aligned to parameters necessary to define specific
cellular structures. The software enables the analysis of
whole areas of interest in various slides. The so-called
Analysis Builder allows to adjust settings step by step to
refine the results and can be adopted. For further in-depth
specifications, we refer to Electronic Supplementary
Material, Table S1. Briefly, we defined a Training Data
Set for each immunohistochemical staining by importing
12 slides of each staining to work with simultaneously. In
this way, a better adaptation and generalization could be
achieved in terms of variations in staining, scanning, bio-
logical variance and manifestation of disease.

First of all we adjusted the ‘general settings’ containing
image information (pixel/resolution) using the metadata from
the image file and staining information (colouration and
stained structure). Since we intended to analyse the submuco-
sa exclusively, a region of interest (ROI) had to be defined by
manually setting marks. Unlike random selection of high-
power fields, this enabled submucosal tissue evaluation in
total. This ‘ROI detection’ feature does not refer to spectral
information and therefore allows defining areas in any image.
For analysis of the selected ROI, subsets and their magnifica-
tion had to be defined. Subsequently, to detect and classify
different stains, we used ‘marker area detection’. In the cases
of calretinin andMAP2, we defined ‘IHCmarker stain (brown
chromogen)’ thresholds to identify neurons within ganglia and
nerve fibres in the case of S100β staining. In principle, the
software applies a ‘stain isolation’ algorithm based on chro-
mogen or haematoxylin-eosin to discriminate tissues. Based

on, e.g. the area and the length-to-width ratio, the ‘marker area
classification exclusion’ action enables the software to elimi-
nate false positive artefacts appearing as ‘IHC marker stain
(brown chromogen)’ areas by adjusting thresholds of the
above-mentioned features (Fig. 1). For nerve fibre identifica-
tion, we used the ‘vessel detection’ feature analysing GLUT1-
stained slides. To rule out deviation through mistakenly clas-
sified vessels, adapted ROI selection had to be specified to
nerve fibres exclusively by manual selection and not to sub-
mucosa in total. As Hirschsprung disease shows broadened
perineuria of nerve fibres, the ‘vessel classification’ action
enables the measurement of the vessel wall thickness, which
proved to be equivalent to the thickness of perineuria and
determining their quantity. We describe this as ‘nerve recog-
nition and measuring function’ in the following paper. Equally
to ‘marker area classification’, we had to eliminate false pos-
itive artefacts based on thickness and area by adjusting thresh-
olds (Fig. 1). By using the ‘stain isolation’ algorithm, the
software was able to separate nerve fibre-like structures and
separate them from not relevant tissue.

By configuring a standard ‘default export’ and an addition-
al ‘custom export’ for results (see Electronic Supplementary
Material, Table S2), we received statistics for each slide or on
purpose for each ROI (Definiens 2015).

Statistical analysis

Statistics were performed using Python 3.5 and the Scipy.stats
package as well as the statsmodels Python module. p values <
0.05 were considered significant. The exported parameters
mentioned above were tested using independent Mann–
Whitney U test comparing non-AM controls with AM data.
We additionally tested whether there was a difference for suc-
tion biopsies and resections within the groups by again using
the independent Mann–Whitney U test.

Machine learning

Using the scikit-learn (0.19.1) framework, we evaluated dif-
ferent machine learning models and algorithms via grid
search. We finally built a voting ensemble classifier contain-
ing a logistic regression classifier, a support vector machine, a
decision tree classifier and a random forest classifier. The ap-
plied parameters and hyperparameters can be seen in Table S4
of the Electronic Supplementary Material. For data pre-pro-
cessing, we normalized the parameter values and rescaled
them to the range from 0 to 1. We split our data into one
training, development and test set. Care was taken that all sets
came from the same distribution by preserving the percentage
of samples for each class. This was performed by applying the
scikit-learn StratifiedShuffleSplit method. The training set
contained 56% of the cases, the development set 19% and
25% were left for the test set. Fitting the classifier was
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performed on the training set. Then, all parameter tuning was
performed on the development set. The test set was evaluated
only at the end of parameter tuning. We resampled the minor-
ity class to match the majority class. Finally, we constructed
our model containing the above-mentioned classifiers and
evaluated different performance metrics such as accuracy, re-
call and area under the curve. We thereby applied 10-fold
cross-validation. In a second approach, we additionally split
up the AM and non-AM groups into two subgroups consisting
of suctions biopsies and resections.

Results

The Definiens software classifies the data by different param-
eters. After a preselection of all features, which are shown in
Electronic Supplementary Material, Table S3, we received a
number of potential parameters with relation to significance in
diagnosing AM. The supposed features have been selected
and computerized by an algorithm (Table 1).

The automatic software-based process reveals significance
for parameters applied in calretinin and MAP2 stainings but
not in S100β and GLUT1 stainings.

Calretinin- and MAP2-stained neurons and ganglia

Calretinin- and MAP2-stained submucosal neurons were
identified by applying the software as described above.
Figure 2a–d shows digitized immunohistochemically stained
slides of calretinin and MAP2 in non- and AM-affected tis-
sues. The difference between normal tissue and aganglionosis
is shown in Fig. 2a, b for calretinin and in Fig. 2c, d forMAP2.
The configured algorithm detected those stained areas by
using an ‘IHC marker stain (brown chromogen)’ filter, adjust-
ed to criteria we have set in advance. Figure 2a, b shows the
automated detection of neurons and ganglia for calretinin and
Fig. 2c, d for MAP2. Areas, which were identified as neuronal
structures, were stained in orange and red. The threshold of
‘IHCmarker stain (brown chromogen)’was 0.57 for calretinin
and 1.11 for MAP2. The configured solution for calretinin and
MAP2 shows a high predictive accuracy with regard to actual

Fig. 1 Automated detection and classification of trained features by
Definiens pathology software. a–b Adjusted and algorithm-based detec-
tion and classification of ‘IHC ,marker stain (brown chromogen)’ areas in
calretinin-stained submucosal tissue of the human large intestine. False
positive artefact areas were excluded and covered in grey, yellow and
orange resemble detected ganglion cells (a: raw input, b: adjusted output).
c–d Algorithm-based, automated detection, classification and

measurement of nerve fibre perineuria applying the ‘vessel detection
and classification action’ in GLUT1-stained submucosal tissue of the
human colon. Violet resembles detected nerve perineurium and green
lumen (c: raw input, d: detected output). Digitalized using a digital slide
scanner in bright-field mode (Pannoramic Flash 250 for bright-field, 3D-
Histech AG, Budapest, Hungary) and processed by applying Definiens
Developer Tissue Studios 4.3
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ganglia and false positive artefacts (Fig. 2a–d). The data for
MAP2 and calretinin, which we acquired by the automated
analysis of the software, contain many features (an almost
exhaustive list can be seen in Electronic Supplementary
Material, Table S3). Statistical analysis of the features showed
a significant difference in the percentage of stained areas for
calretinin, which accounted for 0.55% inAM cases and 1.44%
in non-AM cases. The same was true for the MAP2 positive
area percentage staining where the mean was 0.004% in AM
and 0.07% in non-AM cases (p = 0.0002) (Table 2 and Fig. 3).

However, no difference could be found between resection
and suction biopsy material (Table 3).

In addition, in MAP2-stained tissue, the percentage of the
‘IHC brown area’ in relation to the total submucosal tissue was
lower than that in calretinin-stained samples (Table 2), corre-
sponding to the results obtained by Bachmann et al. (2015).

S100β-stained nerve fibres

S100β marks submucosal nerve fibres. Figure 2g, h shows
digitized images of S100β stainings in both non-AM- and
AM-affected tissues. Nerve fibres in AM-positive tissue ap-
peared thicker and denser compared to non-AM tissue of the
human large intestine (Bachmann et al. 2015). As S100β
marks nerve fibres in brown colour, the algorithm detects this
colour by applying a brown filter similar to calretinin and
MAP2. The automatically identified nerve fibre areas were
stained in orange/red (Fig. 2g, h). The threshold of ‘IHCmark-
er stain (brown chromogen)’was 0.6. Actual nerve fibres were
identified with a high predictive accuracy (Fig. 2g, h). In total,
the thickness of nerve fibres in AM-positive tissue was larger
than in non-affected tissue as shown in Table 2 and Fig. 3. The
percentage of the stained area (resembling the nerve fibre
thickness) for S100β accounted for 1.2% in AM cases and
0.9% in non-AM cases; however, this difference was not sta-
tistically significant. None of the parameters specified for
S100β seen in Table 1 show significance. There was no con-
cordance between digitally analysed nerve fibre thickness and
AM-negative or AM-positive samples. We therefore conclude
that nerve fibre thickness could be of less importance for the

diagnosis of Hirschsprung disease which is in line with
Bachmann et al. who also concludes that when in doubt neu-
ronal presence or absence is of more importance.

GLUT1-stained nerve fibre perineuria

The immunohistochemical marker GLUT1 stains the perineu-
ria of nerve fibres in submucosal tissue of the human large
intestine and allows automated detection, analysis and mea-
suring by our software-based approach. Figure 2e, f depicts
the different shapes of nerve fibre perineuria in GLUT1-
stained digitized slides of both non- and AM-affected tissues.
The algorithm we adjusted detected perineuria using an ‘IHC
marker stain (brown chromogen)’ filter and measured their
thickness. Figure 2e, f shows the automatically detected part
of the nerve fibre, which was stained in violet in non- and
AM-affected submucosal tissues of the human colon. The
green area was equal to the vessel lumen and was of no inter-
est. The perineuria of nerve fibres were detected with a highly
predictive accuracy by applying a threshold listed in
Electronic Supplementary Material, Table S1. There is no
GLUT1 parameter of the supposed selection in Table 1, which
shows significance. The difference between thickness of peri-
neuria in non-AM and AM-positive tissues was non-
significant (Table 2 and Fig. 3). Overall, our results showed
no concordance between analysed thicknesses of nerve fibre
perineuria in AM-negative vs. AM-positive samples.

Machine learning

For machine learning purposes, we additionally labelled the
features diseased or not diseased later on. All data acquired via
software measurements were exported as .csv files and
imported via pandas Python Data Analysis Library (v0.22.0)
for further analysis. The features extracted were first pre-
processed for all markers. We normalized the data to a unit
norm and scaled the data to unit variance. We then resampled
the minority class to match the majority class. Afterwards, we
used scikit-learn framework to build our model. The perfor-
mance of the classifier was measured via sensitivity,

Table 1 Preselection of parameters with supposed correlation to diagnosis.
Our software approach classifies the results of data by various parameters. The
ones with a supposed correlation to diagnosis have been preselected and
computerized. The algorithm-based selection revealed ‘% area IHC marker
stain (brown chromogen)’ for calretinin and MAP2 to be significant referring
to the diagnosis of AM (red). The assumed results of S100β (‘% area IHC

marker stain (brown chromogen)’) and also GLUT1 (‘median vessel wall
thickness’) showed no significant parameter related to AM-affected or healthy
submucosal tissues of the human colon. A complete overview of all features
computed by the software is shown in Electronic Supplementary Material,
Table S3

Calretinin % area IHC marker stain
(brown chromogen)

Average brown chromogen intensity
(IHC marker stain)

Area IHC marker stain
(μm2) (brown chromogen)

No. marker areas

MAP2 % area IHC marker stain
(brown chromogen)

Average brown chromogen intensity
(IHC marker stain)

Area IHC marker stain
(μm2) (brown chromogen)

No. marker areas

S100β % area IHC marker stain
(brown chromogen)

Average brown chromogen intensity
(IHC marker stain)

Area IHC marker stain
(μm2) (brown chromogen)

No. marker areas

GLUT1 No. vessel Average vessel wall thickness (μm) Median vessel wall thickness (μm) % vessel large
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specificity, positive predictive value and F1 score on the train
and development sets and was finally evaluated on the test set.
After 10-fold cross-validation, we achieved a final positive
predictive value of 83.0%, sensitivity of 87.5%, specificity
of 80% and F1 score of 88.9% on the test set. Evaluation
metrics on the development set had a 95.0% positive predic-
tive value, a sensitivity of 90.4%, a specificity of 85% and a
F1 score of 92.3%. The negative predictive value was 100% in
both cases. In the second approach in which we additionally
split up the AM and non-AM groups into two subgroups
consisting of suction biopsies and resections, it had no posi-
tive effect on the classifiers. It even slightly reduced sensitivity
(data not shown).

Discussion

In this study, we applied pathology software, based on ‘ma-
chine learning’ with the objective to diagnose AM in

submucosal immunohistochemically stained specimens. The
highest sensitivity in diagnosis is still achieved by experienced
pathologists employing H&E-stained specimens to detect
neurons within ganglia (Kapur 2006). The mucosa and sub-
mucosa of the human large intestine contain several different
nervous plexus with various types of neurons (Beuscher et al.
2014; Brehmer et al. 2010; Kramer et al. 2011). The submu-
cosal plexus has been established as a diagnostic area for
diagnosing AM (Bachmann et al. 2015).

By applying immunohistochemical markers, ganglia and
nerve fibres in the submucosal tissue of the colon can be
detected and analysed. The growing digitalization and auto-
mated analysis with software introduces new opportunities to
process tissue slides and will certainly facilitate pathological
diagnosis in the future (Madabhushi and Lee 2016). As diag-
nosis of Hirschsprung disease using immunohistochemistry is
based on manual ganglia and nerve fibre detection, analysis
and quantification within certain high-power fields (HPF), a
software-based approach could enhance this process
(Bachmann et al. 2015). The software is able to identify and
quantify the entire submucosal tissue and does not focus on
randomly selected HPF or oversee characteristic features.

Calretinin

Calretinin immunohistochemically stains most ganglia in the
human colon and therefore enables the distinction between
AM tissue and non-affected tissue. (Barshack et al. 2004).
The role of calretinin as reference in cases of insufficient
bioptic material, complete aganglionosis, inexperienced ob-
servers and in combination with acetylcholinesterase has al-
ready been stated by several studies (de Arruda Lourencao
et al. 2013; Gonzalo and Plesec 2013; Guinard-Samuel et al.
2009). As there is essential variation between AM-positive
and AM-negative samples, a lack of calretinin-reactive gan-
glion cells in the submucosa is distinctive for AM (Bachmann
et al. 2015). In this study, calretinin-positive ganglion cells
were detected and quantified by an algorithm, which has been
trained on our pre-processed data with specific characteristics
to minimize the rate of false negative detected cells and

Table 2 Representative presentation of measurements and statistics
acquired for the features detected by our software approach for the different
stainings. Differences between AM and non-AM tissues with no distinction

between suction biopsies and resected material. Calretinin measures % area
IHC marker stain; MAP2 measures % area IHC marker stain; S100 measures
% area IHC marker stain; GLUT1 measures median vessel wall thickness

Calretinin MAP2 S100 GLUT1

Diagnosis AM Non-AM AM Non-AM AM Non-AM AM Non-AM

Std 0.46% 1.26% 0.005% 0.08% 0.9% 0.8% 2.5 μm 1.5 μm
Mean 0.55% 1.44% 0.004% 0.07% 1.2% 0.9% 6.0 μm 5.7 μm
Min 0.17% 0.14% 0.0001% 0.001% 0.3% 0.2% 2.6 μm 3.9 μm
Max 1.59% 5.68% 0.02% 0.27% 3.6% 2.2% 9.6 μm 8.4 μm
95% confidence interval 0.15–0.94% 0.83–2.05% 0.0004–0.007% 0.03–0.1% 0.4–1.6% 0.8–1.6% 4.5–7.6 μm 4.7–6.6 μm
p value 0.012 0.0002 0.25 0.34

�Fig. 2 Software-based automated recognition and analysis of ganglion
cells and nerve fibres in human submucosa of the colon. a Calretinin.
Software-based detection of ‘IHC marker stain (brown chromogen)’-
stained neurons in normally innervated tissue. Orange areas resemble de-
tected ganglion cells. b Calretinin. Characteristic aganglionosis detected by
the software, signifying AM. Orange areas resemble detected ganglion
cells. c MAP2. Software-based detection of ‘IHC marker stain (brown
chromogen)’-stained ganglia in normally innervated tissue. Orange resem-
bles positive ganglion cells. d MAP2. Characteristic software detected
aganglionosis, implying AM. Orange areas resemble detected ganglion
cells. e GLUT1. Automated nerve fibre analysis in normally innervated
tissue. Violet areas resemble nerve perineuria and green area resembles
lumen. f GLUT1. Software-based detection of nerve fibres perineuria in
AM-affected tissue. Thickened perineuria of nerve fibres compared to AM-
negative tissue. Violet areas resemble nerve perineuria and green areas
resemble lumen. g S100β. Automated ‘IHC marker stain (brown chromo-
gen)’ nerve fibre detection in normally innervated tissue. Red areas resem-
ble detected nerve fibres. h S100β. Software-based detection of ‘IHCmark-
er stain (brown chromogen)’-stained nerve fibres in AM-affected tissue.
Thickened nerve fibres compared to healthy tissue. Red areas resemble
detected positive nerve fibres. Digitalized using a digital slide scanner in
bright-field mode (Pannoramic Flash 250 for bright-field, 3D-Histech AG,
Budapest, Hungary) and processed by applying Definiens Developer
Tissue Studios 4.3
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artefacts. The relation of the ‘IHC marker stain (brown chro-
mogen)’-marked area of ganglion cells to the total area of the
submucosal tissue was taken as a measure for the quantity of
neurons; however, the complete submucosa has been exam-
ined. The difference of marked area in relation to submucosal
area was highly significant between AM-positive and non-
AM tissues. This allowed a clear differentiation between
AM-affected and not affected patients. However, the transition
zone could not be evaluated here. Compared to MAP2, how-
ever, calretinin marks more ganglia and neurons but shows a
significant quantity of false negative ganglia (Bachmann et al.
2015).

MAP2

MAP2 used for marking neuronal structures is, similar to
calretinin, established as an alternative marker to diagnose
AM (Caceres et al. 1984; Yang and Oh 2013). As a second
criterion in inconclusive cases, MAP2 may substitute another
required biopsy (Burtelow and Longacre 2009). Comparable
to calretinin, MAP2-marked ganglion cells were automatical-
ly detected and quantified by our software with exclusion of
false positive structures. The total area of marked ganglia was
lower in MAP2-stained tissue than in calretinin samples.
However, differences in relation of ‘IHC marker stain (brown

Fig. 3 Standard scaled (to
uniform variance) and normed (to
the range between 0 and 1) violin
plots for the respective stainings
for AM-affected and non-AM
tissue samples. Within the violin
plots, the 95% confidence
intervals are depicted (yellow)
and the boxplots are additionally
shown in black for visualizing
variance and the mean (white
dots) of the data distribution

Table 3 Representative presentation of measurements and statistics
acquired for the features detected by our software approach for the
different stainings. Differences between suction biopsies and resection
material for the markers calretinin and MAP2. No significant

differences could be found between suction biopsies and resection
material comparing AM and non-AM tissues. Calretinin measures % area
IHC marker stain; MAP2 measures % area IHC marker stain

Calretinin MAP2

Diagnosis AM (r) AM (s) Non-AM (r) Non-AM (s) AM (r) AM (s) Non-AM (r) Non-AM (s)

Std 2.50% 1.25% 0.11% 0.73% 0.04% 0.1% 0.05% 0.008%

Mean 1.97% 1.44% 0.42% 0.82% 0.04% 0.08% 0.03% 0.007%

Min 0.48% 0.14% 0.29% 0.18% 0.01% 0.0002% 0.003% 0.0002%

Max 5.69% 2.68% 0.56% 1.47% 0.08% 0.27% 0.08% 0.018%

95% confidence
interval

− 2.00–5.94% 0.79–1.71% 0.25–0.60% − 0.34–1.98% − 0.001 − 0.09% 0.02–0.13% − 0.09–0.14% − 0.001–0.016%

p value 0.35 0.33 0.47 0.26
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chromogen)’ ganglia to submucosal tissue were highly signif-
icant between AM-positive and AM-negative samples. As
stated above, MAP2 staining in our case did not allow the
evaluation of the transition zone either.

S100β

Usually used as tumour and trauma marker, S100β identifies
post-surgical insufficient innervation (Joosten et al. 1989) and
marks glial cells (Holland et al. 2010). Bachmann et al. dis-
covered a significant occurrence in AM-negative tissue with
regard to diameter and amount of nerve fibres (Bachmann
et al. 2015). Indeed, there is no significant coherence between
S100β-marked nerve fibres in AM-positive tissue or transi-
tion zone, yet (Bachmann et al. 2015). S100β-stained nerve
fibres were also detected and quantified by an ‘IHC marker
stain (brown chromogen)’-sensitive algorithm. The identified
area resembled the size of nerve fibres of submucosal tissue.
However, our study demonstrated no significant correlation
between the size of nerve fibres and AM-affected tissue.
Thus, digital detection and analysis of S100β staining were
not helpful in AM diagnosis.

GLUT1

The protein GLUT1 has been identified as reliable marker for
perineuria in AM specimens. Comparable to acetylcholines-
terase staining, GLUT1 is capable of marking nerve fibres
(Kakita et al. 2000). GLUT1 staining enables an evaluation
of the size and quantity of nerve fibres. It turned out that there
was a significant difference between AM-affected tissue
displaying GLUT1-reactive perineurial sheaths and non-AM
specimens, which was characterized by the absence of these
positive perineurial sheaths (Bachmannet al. 2015; Kakita
et al. 2000). However, this staining has just a considerable
benefit for making an AM diagnosis if there is enough sub-
mucosal tissue available; otherwise, acetylcholinesterase was
reported to be superior (Bachmann et al. 2015). We detected
the perineuria of nerve fibres owing to the similarity of vessel
walls and GLUT1-marked perineuria. Thus, the software
made it possible to recognize and quantify latter, by using
‘nerve fibre recognition and measurement function’. By con-
figuring the algorithm to measure the vessel wall thickness, it
was possible to evaluate the mean diameter of perineuria re-
sembled by the median vessel wall thickness.

By configuring the algorithm to measure the thickness of
nerve perineuria, it was possible to evaluate the mean diameter
of perineuria. We did not find a distinct diagnostic relation
between the data for AM-affected and healthy tissues. To be
more precise, we conclude that thickness of perineuria might
not be a needed feature for diagnostics of HP disease.

Conclusion of Results

This study demonstrates that computer-assisted analysis of
calretinin and MAP2 stainings is sufficient to diagnose AM.
Contrary to Bachmann et al. (Bachmann et al. 2015), S100β
and GLUT1 did not have an additional benefit with regard to
digital analysis. However, in uncertain cases, S100β and
GLUT1 can be helpful to diagnose AM by an experienced
pathologist. Additionally, no significant difference could be
found between resection and suction biopsies for all markers
applied which is in line with prevailing gold standard, the
suction biopsy, as mentioned in the introduction. Suction bi-
opsy is the gold standard in AM diagnosis and just in case of
inconclusive histological diagnosis, a section biopsy is neces-
sary (Andrassy et al. 1981; Dobbins and Bill 1965; Harjai
2000; Holland et al. 2010). However, by applying ordinary
forceps biopsies, it is often not possible to obtain enough
submucosal tissue; so for this reason they should be avoided
(Koletzko et al. 1999; Wedel et al. 1999).

Digital pathology in combination with digital slide scan-
ners is establishing various new opportunities to identify dif-
ferent types of tissue and epithelium as inflammation- or
cancer-induced tissue aberrations (Irshad et al. 2014; Linder
et al. 2012). By using ‘machine and deep learning’, it is indeed
possible to train a ‘computer pathologist’ to recognize various
structures, however, depending on the characteristics of latter.
Currently, one limitation of completely automated pathology
is the necessity of a manually adapted definition of certain
areas within the digitized slides by a pathologist. To achieve
a diagnostically conclusive result, it turns out to be necessary
to combine both manual-adapted ROI detection and automat-
ed cellular analysis via ‘deep learning’. Wang et al. described
an advantage combining these options to exclude interference
triggered by the mass of data or the missing sense for histo-
logical structures (Wang et al. 2014).

‘Deep learning’ depends on plenty of data to train a neural
network algorithm (Madabhushi and Lee 2016). By defining
training data from 27 patients, a certain pattern was recogniz-
able, despite the comparatively small quantity of test persons.
By increasing the number of slides/images, the algorithm is
able to enhance the unsupervised cellular analysis as the soft-
ware develops the ability to memorize disease-specific fea-
tures and patterns (Madabhushi and Lee 2016).

The larger the available sample pool, the more detailed
the abstraction capabilities of the software. Other than with
the help of a supervised machine learning approach, which
we used in this study, an unsupervised machine learning
approach could also be taken into account. Supervised ma-
chine learning techniques are simply put an input to output
mapping. An algorithm can be trained to predict distinct
predefined parameters. Unsupervised machine learning
techniques, however, are used to find yet unrecognized
relationships.
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By an increasing number of AM specimens, an unsuper-
vised machine learning algorithm would potentially be able to
recognize a significant relation between so far unknown pa-
rameters to diagnosis of AM or non-AM. However, to our
knowledge, unsupervised machine learning techniques have
not been used for diagnosis in histopathology up to this date
(Deo 2015; Hastie et al. 2009).

While this study suggests that it is possible to diagnose AM
by applying pathology software-based tissue analysis, the at-
tempt to facilitate the diagnosis of AM by using detection and
analysis software is not yet practicable for daily routine. The
effort to train pathology software in order to recognize char-
acteristic parameters of AMmay be a simplification compared
to manual diagnosis by experienced pathologists in the future.
From a technical point of view, there are various challenges
that will have to be overcome. Usually, the digitized images of
slides show certain variability. As all stainings vary in their
intensities and not every slide scanner produces the same res-
olution and contrast, the digital images differ. This becomes
clear with regard to artefacts and colour intensity influenced
by processing and staining the specimens. Especially the ‘IHC
marker stain (brown chromogenity)’ varies in calretinin-,
MAP2- and also S100β-stained images caused by different
brightness of slide images after digitalization. In addition, ar-
tefacts can be mistaken as ganglia if several tissue layers over-
lap and create an ‘IHC brown’-like colouration. Therefore,
software-based detection and analysis features have issues
providing identical data by examining digital images.

With regard to enhancing the efficiency of this digital ana-
lytic process, a greater pool of AM cases has to be investigat-
ed. As a side effect, the more cases and specimens are
analysed also across different centres and their accompanying
variations, the more robust the learned features are and hence
the algorithm would be more reliable. However, AM is a rare
disorder; it was not possible for us to this time point to provide
a greater number of cases. Thus, a multicentre study would
therefore improve the above-mentioned deficiencies and will
be approached in future research projects and collaborations.

Image analysis based on software processing may be able
to simplify the common way to diagnose AM only in the
future. This idea is reasonable to be followed up if automated
algorithms can be trained with less effort and less data.
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