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Abstract. This work addresses the detection of Helicobacter pylori a
bacterium classified since 1994 as class 1 carcinogen to humans. By its
highest specificity and sensitivity, the preferred diagnosis technique is
the analysis of histological images with immunohistochemical staining,
a process in which certain stained antibodies bind to antigens of the
biological element of interest. This analysis is a time demanding task,
which is currently done by an expert pathologist that visually inspects
the digitized samples.

We propose to use autoencoders to learn latent patterns of healthy tissue
and detect H. pylori as an anomaly in image staining. Unlike existing
classification approaches, an autoencoder is able to learn patterns in an
unsupervised manner (without the need of image annotations) with high
performance. In particular, our model has an overall 91% of accuracy
with 86% sensitivity, 96% specificity and 0.97 AUC in the detection of
H. pylori.

Keywords: digital pathology - helicobacter pylori - anomaly detection
- autoencoders.

1 Introduction

The bacterium Helicobacter pylori (H. pylori) is the main cause of gastritis, an
inflammation of the gastric mucosa that can lead to other serious diseases, such
as gastric ulcer and even cancer. Early detection of this bacterium is essential for
the effective diagnosis and treatment of these pathologies. In addition, studies
show that more than 50% of the world’s population has been infected by the
bacterium, with a prevalence that exceeds 80% in adults over fifty [5].

The diagnosis of H. pylori is usually made by conventional histology on gas-
tric biopsies using different techniques for staining tissue samples. Usual stainings
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include the generic hematoxylin and eosin (H&E) and more specific stains such
as Giemsa, Warthin-Starry silver (W-S), Genta or immunohistochemical stain-
ing. Among them, the more specific one is immunohistochemical staining [1].
This technique allows the visualization of the bacterium through the staining of
specific proteins present in its membrane. In this manner, H. pylori stains with
a color different from the one of other tissue, which avoids false detection of H.
pylori due to other gram-negative bacteria present in the sample. Immunohisto-
chemical staining gives the specific protein of H. pylori a reddish hue, while other
tissue remains in a blue hue. Although this facilitates the visual identification
of H. pylori, a pathologist must carefully inspect the whole immunohistochem-
istry images in order to identify areas with H. pylori. Since the bacteria are only
located at the borders of the tissue samples, the pathologists must carefully in-
spect a zoom-up area for all points belonging to the border. Given the huge size
of images (120000x16000 pixels) and the fact that several tissue samples can be
in the same image, this manual inspection is a highly time consuming task that
becomes harder the lower the concentration of H. pylori is.

Figure 1 shows an immunohistochemical image with presence of H. pylori
in a sample and three close-up of tissue border regions with different density
(negative, low and high) of the bacteria on the window images shown on the
the right side of the figure. While the window with high presence of H. pylori is
easily identified, the window with low density needs a more careful inspection
in order to detect the reddish spots of H. pylori and avoid confusion with other
artifacts that can be in the sample.
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Fig. 1. Left: Histology sample with immunohistochemical staining. Right: 3 windows
of the same histological sample showing different levels of Helicobacter pylori density
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Due to the recent digitalization of histopathological images, there is a lack
of artificial intelligence methods for their analysis. In this work, we propose a
method to automatically analyze an image of a histological sample of gastric tis-
sue that has been immunohistochemically stained for the detection of H. pylori.

1.1 State-of-the-Art

Although Deep Learning, DL (and other Artificial Intelligence) models have
demonstrated good performance on several histopathologic tasks [4], there are
not many works addressing the detection of H. pylori. Existing works [3,2,6]
are DL methods based on convolutional neural networks for the classification
of cropped images extracted from tissue samples into H. pylori positive and
negative samples.

In [2] the authors trained a compact VGG-style architecture on, both, Giemsa
and H&E slides. The trained network was used to highlight regions of H. pylori
presence and tested as decision support system to pathologists. The network
was able to classify Giemsa stained samples with a sensitivity of 1 with a low
specificity of 0.66. In [3] the authors also use a model similar to [2] but trained
on silver staining samples. The performance was also tested in cropped patches
achieving a sensitivity and specificity of, respectively, 0.89 and 0.87 at the cost
of a significant amount of false positives having only 77% of precision in the
detection of patches with H. pylori.

In [6], the authors proposed an ensemble model of the output probabilities of
3 ResNet-18 and 3 DenseNet-21 models trained on patches cropped from H&E-
stained Whole-Slide Images (WSI). Patch-level probabilities were aggregated
into WSI-level probabilities by averaging the top 10 patch-level probabilities
from a each section. The ensemble achieved a sensitivity of 0.87, a specificity of
0.92 and F1-score of 0.89 for the diagnosis of WSI. The model was also tested as
DL support system to improve the performance of a pathologist, who improved
the accuracy and performance when diagnosing H. pylori positive samples, but
resulted in higher uncertainty when diagnosing H. pylori negative samples.

As far as we know there are no works addressing the diagnosis of immunohis-
tochemically stained WSI. One of the main challenges for the use of classification
approaches for the identification of H. pylori in histological images is the col-
lection of enough annotated data, since this implies a time consuming visual
inspection and identification of patches containing the bacteria.

In this work we pose the detection of H. pylori as a detection of anomalies
in the staining of tissue by means of an autoencoder able to learn patterns of
non-infected tissue without the need of annotated data. An autoencoder is a
type of neural network with an encoder-decoder architecture that learns a latent
representation space of the input data. The encoder transforms the input data
into a lower-dimensional representation called latent code, while the decoder
reconstructs the original data from this latent space. The latent space is learned
to minimize the reconstruction mean square error between the original input
image and the one reconstructed by the decoder and, thus, it can be trained in
an unsupervised fashion.
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By training the autoencoer with patches (windows) extracted from patients
without H. pylori, the latent space is a representation of non-infected tissue
and, thus, windows with the presence of H. pylori are poorly reconstructed. A
function of this reconstruction error in HSV color space allows the detection of
windows with H. pylori and a final diagnosis of the WSI by the aggregation of
the diagnosis of windows extracted from the tissue borders.

2 Detection of H. pylori using Autoencoders

Our method has the following steps (sketched in figure 2): detection of areas of
interest in the image, detection of anomalous stained elements in each region of
interest, and aggregation of each region of interest in the image for the diagnosis
of the sample. Since H. pylori is located along the border, first a series of contour
detections around an automatically detected mask are used to detect the borders
of the tissue sample. Patches are defined by sliding windows of size 256x256 pixels
cropped along pixels belonging to such borders. This set of windows are the
input to the autoencoder for their classification into positive (there is H. pylori
presence in the window) or negative (there is not H. pylori in the window) cases,
using a metric based on the loss of red-like pixels in reconstructions. Finally, the
percentage of positive windows defines a probability for the final classification
of the sample.
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Fig. 2. Schema of the main steps in the detection of H. pylori

The autoencoder is trained with windows extracted from patients without H.
pylori for learning a representation space of normality (non-infected tissue). The
proposed autoencoder has 3 convolutional blocks with one convolutional layer,
batch normalization and leakyrelu activation each. The size of the convolutional
kernel is 3 and the number of neurons and stride of each layer are, respectively,
[32,64,64] and [1,2,2]. Figure 3 shows the difference in the reconstructions of a
non-infected window, fig.3(a), and a window with H. pylori, fig.3(b). The recon-
struction of the healthy window looks like the original input image, while the
autoencoder has modified the coloration of the tissue in the reconstruction of the
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window with H. pylori. In particular, the reconstruction has a color conversion
to the blue hue and has lost the red-like areas associated with the presence of
H. pylori. We use this difference in reconstructions to detect the presence of H.
pylori as follows.

1 |

(a) (b)

Fig. 3. Reconstructions of a healthy, (a), and infected, (b), windows. For each sub-
figure, left images are the original inputs and rigth images, the reconstructions.

The presence of H. pylori in a window is computed using the fraction of
red-like pixels, labelled Fj..q4, lost between original and reconstructed images. If
Freq > 1, it indicates a loss of red-like pixels, and the window is labelled as
having H. pylori. The red-like pixels are computed applying a filter in HSV color
space. In this color space, pixels with presence of H. pylori have a hue in the
range [—20,20] and, thus, the area of red-like pixels is given by the number of
pixels with hue in [—20, 20].

The percentage of patches in an histological image with F,..q > 1 defines
the probability of presence of H. pylori in the sample. The optimal threshold
of this probability is obtained from the ROC curve as the probability of the
closest point to (0, 1). Samples with a percentage of positive patches above this
threshold are diagnosed as H. pylori positive.

3 Experiments

Our method was tested on our own database from the Department of Pathol-
ogy of the Hospital Universitari General de Catalunya-Grupo Quironsalud. The
database consisted of 245 gastric biopsies scored by a pathologist according to H.
pylori density as NEGATIVE (Healthy), LOW DENSITY and HIGH DENSITY.
Of the 245 patients included in the study, 117 (47.8% of the total) are classi-
fied as NEGATIVE, while 128 are classified as POSITIVE (LOW and HIGH
DENSITY) with presence of H. pylori.

Biopsies from the Department of Pathology of the Hospital Universitari
General de Catalunya-Grupo Quironsalud of antral or body gastric mucosa
were used. Formalin-fixed, paraffin-embedded tissue sections were analyzed using
standard THC techniques: immunostaining was performed automatically using a
Ventana BenchMark ULTRA machine (Roche, Basel, Switzerland) using the
monoclonal primary antibody anti-Hp (clone SP48, Ventana Medical Systems,
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Inc., 1910 E. Innovation Park Drive, Tucson, Arizona 85755 USA). An external
positive control was included on each slide. All stained slides were scanned with
an Ultra-Fast 180 slide scanner provided by Philips (Philips IntelliSite Pathology
Solution) to obtain WSIL.

Each image has 3 WSI containing several tissue samples each, of which two
are used for the pathological diagnosis, and the third one is a quality control
slide. We have used the first diagnostic slide of the healthy cases to train the
autoencoder and the second one of all patients to test the performance of the
system in the diagnosis of H. pylori. For each healthy patient, 50 windows where
randomly cropped from tissue borders of the first sample slide, which gives a
total number of 5850 windows for training models. For the sake of a higher
computational speed, windows were resize from 224 x 224 pixels to 28 x 28.

The performance metrics we have considered are the precision, recall and F-1
score for each diagnostic class (positive H. pylori or negative H. pylori). In order
to allow for statistical assessment of the performance, the test set was split in 10
folds stratified by patient. For each fold, the optimal cutting point of the ROC
curve was calculated from the training fold and tested in the independent set of
patients.

Table 1 reports statistical summaries (average + standard deviation) for the
quality metrics. The proposed system has a optimal average specificity of 0.96
with a good average sensitivity of 0.86, which yields a Fl-score of 0.91 and
accuracy of 0.91 for the detection of H. pylori. Comparing to existing methods
using other staining, we achieve a higher specificity with similar sensitivity. Table
2 shows the confusion matrix of the samples’ diagnosis. Of 245 patients, only 23
have been incorrectly classified.

Table 1. Statistical Summary of the 10-fold Validation

negative H. pylori|positive H. pylori|Average
Precision 0.86 + 0.1 0.96 4+ 0.07 0.91
Recall 0.96 £+ 0.09 0.86 £ 0.13 0.91
f-1 score 0.91 4+ 0.06 0.90 + 0.07 0.91

Table 2. Confusion matrix of the samples’ diagnosis and the diagnosis predicted by
the autoencoder

Predicted . ]
Ground Truth H. pylori|No H. pylori
H. pylori 110 (TP)| 18 (FP)

No H. pylori 5 (FN) | 112 (TN)
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Figure 4 shows the ROC curve averaged for the 10 folds with the point
defining the optimal threshold highlighted in red. It is noticeable the stability
of this cutting point across folds, with a variability of 0.1 in the ranges (6.18%
+ 0.10%) of the thresholding value of the probability of H. pylori. Additionally,
the ROC curves have an average AUC of 0.961, which is superior to the ones
achieved by other systems mentioned in section 1.1.

Receiver Operating Characteristic
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Fig. 4. ROC curve averaged for the 10 folds

Finally, figure 5 shows boxplots for the percentage of positive windows de-
tected by the autoencoder for POSTIVE and NEGATIVE diagnosis. There is
a substantial difference between the two distributions. In particular, for NEG-
ATIVE cases, the percentage of windows detected as positive is in most cases
under 5% with only some outliers, which explains the high specificity of out
approach.

4 Conclusions
We have presented a first DL system for the diagnosis of H. pylori on immuno-

histochemically stained samples based on autoencoders trained to obtain a nor-
mality pattern from non-infected samples. Autoencoders are able to detect H.
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Fig. 5. Boxplot of the percentage of windows detected as positive by the autoencoder
for the two diagnosis

pylori as an anomaly in staining in a self-learning approach that does not require
annotation of image patches. This is a main advantage over existing classifica-
tion approaches working with other kinds of staining and yields higher specificity
(0.96 vs 0.92) with similar sensitivity, which is a clinical requirement to avoid
unnecessary treatments.

Additionally, modifying by a small value the threshold in the system that
separates between H. pylori positive and H. pylori negative cases based on the
percentage of windows detected with the bacterium would allow for increased
precision without affecting much the recall of the system, or viceversa.
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