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Abstract
Paratuberculosis is a chronic, progressive, and economically important disease. The diagnosis of the
disease, especially in the early stage, is di�cult. Deep learning is an emerging method in the
histopathological diagnosis of images. Deep Learning is the system that can perform automatic feature
extraction in training sets containing tagged images and that enables the use of multi-layered neural
networks, unlike machine learning. In this article, deep learning methods were used for the diagnosis of
paratuberculosis in sheep’s gut images. Normal intestinal histological images were used as control data.
This study revealed that the deep learning method can be used with high accuracy for the
histopathological diagnosis of paratuberculosis. According to Deep Learning models, the highest
accuracy is proposed model Fastai/VGG-16 which has Classi�cation Accuracy 98,36 not only this one
but also the Matthews Correlation Coe�cient (MCC) is 0,967. According to classi�cation accuracy,
Gradient-weighted Class Activation Mapping (Grad-CAM) was used to better understand the explainability
and safety level of the model. The aim of this study, build a model that was developed to help
pathologists diagnose paratuberculosis disease by transferring the diagnostic information of
pathologists to deep learning models and also present an explainable model for paratuberculosis, an
image-based diagnostic problem in which deep learning processes can be applied effectively.

1. Introduction
Paratuberculosis, also known as Johne's disease, is a systemic, chronic progressive, and often serious
disease of ruminants. The disease is caused by an acid-fast organism Mycobacterium avium subsp.
paratuberculosis (Brown et al., 2007; Castellanos et al., 2012; Windsor, 2014). Clinical signs generally
include watery diarrhea and weight loss. But the disease may be insidious in small ruminants. Affected
animals characteristically exhibit progressive weight loss, soft faces, and exercise intolerance (Windsor,
2014). The effects of the subclinical disease are less de�ned but may include decreased milk production;
they also cause large economic losses in the livestock industry (Juste and Casal, 1993; Hutchinson,
1996).

Deep Learning, a subset of machine learning, is an arti�cial intelligence method that uses multilayered
arti�cial neural networks (ANN) in �eld such as object detection, speech recognition, natural language
processing (NLP) etc. Unlike traditional machine learning methods that use coded rules, deep learning
methods enable learning automatically from the symbols of data belonging to pictures, videos, sounds,
and texts. Since they are �exible, they can also learn from raw images or text data, and their estimation
accuracy can increase depending on the size of the data. However, deep learning carries out the learning
process through examples (Kaya, 2019).

Using deep learning models means using black box models. In such studies with black box models,
people/doctors do not understand the limitations of the models and cannot answer the question of how
they achieve good diagnostic results. It has been determined that it is necessary to use additional
solutions to support the interpretability of traditional machine learning models or to make deep learning
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models explainable. To produce 'visual explanations' for decisions made from Convolutional Neural
Network (CNN) based models, a technique is essential that makes them more transparent and
explainable.

While Deep Learning models provide superior performance, the inability to decompose them into
individual heuristic components makes them di�cult to interpret. As a result, when today's smart systems
fail, they often fail without warning or explanation, leaving the user looking at inconsistent output and
wondering why the system is doing what. This is why interpretability is important. Clearly, to build trust in
intelligent systems and move towards their meaningful integration into our daily lives, we need to build
'transparent' models capable of explaining what they predict and why. Generally speaking, this
transparency and ability to explain is useful at every stage of Arti�cial Intelligence (AI) evolution. Intuitive
and graphical indicators of how CNN makes decisions help users to have con�dence in the model.

Class activation maps are a technique for obtaining distinctive image regions used to identify a particular
class in an image. In other words, you will be able to see which parts your trained model focuses on when
classifying the image. Compared to other CAM Models, the distinctive regions highlighted by the Grad-
CAM procedure are always focused where they are needed in the picture and never the background of the
images. The basic idea behind Grad-CAM is to take advantage of the spatial information preserved
through convolution layers to understand which parts of an input image are important for a classi�cation
decision.

The following set of methods was developed based on convolutional neural networks or a combination
of CNN with handcrafted features. As the training of convolutional neural network models is often
complex and requires a more extensive training set, initial studies (Kashif et al., 2016; Xing et al., 2016;
Romo-Bucheli et al., 2016; Wang et al., 2016) considered CNN to be biologically interpretable focused on
integrating construction with features, and these models have shown perfect performance in tackling the
touch core segmentation problem.

Deep learning (DL) methods have also been studied to normalize histology images. Color normalization
is an important �eld of   research in histopathological image analysis. Janowczyk et al. (2016) presented a
method for the stain normalization of histopathology images stained with H&E based on deep sparse
autoencoders.

Sethi et al. (2016) emphasized the importance of color normalization for CNN-based tissue classi�cation
in H&E dyed images. Proposing a hybrid method based on persistent homology, Qaiser et al. (2019) were
able to capture the degree of spatial connectivity between the touching cores, which is quite di�cult to
obtain using CNN models (Sabour et al., 2017).

For a problem that the machine is asked to solve, it is su�cient to give a model that enables the machine
to �nd a solution to the problem by evaluating the examples instead of using rule sets. In order to correct
the error in the solution of the problem, a simple command list is given, and the machine is expected to
perform the learning process. Model selection is effective in solving the problem. The model to be
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determined in accordance with the problem contributes more to the solution of the problem (Buduma,
2015).

As a result of the literature review, it has been seen that there is no similar study using deep learning to
diagnose paratuberculosis. Digital imaging, that is, an auxiliary diagnostic tool, has not been developed
for the diagnosis of paratuberculosis. Hence, to the best of our knowledge, the present study is the �rst
study in this �eld. We tried many deep learning models for this study, and we present the models with the
highest performance.

The aim of this study is to present an approach to histopathological diagnosis of paratuberculosis in
sheep with image classi�cation and explainable arti�cial intelligence with grad-cam model.

2. Deep Learning Algorithms
Arti�cial Intelligence (AI) is generally de�ned as the ability of computers to transfer the working structure
of human intelligence to computers in order to perform tasks that require logic, such as drawing
conclusions, �nding solutions, making generalizations, understanding the problem, and learning by
making use of past experiences. Arti�cial intelligence is a science that tries to copy or imitate human
intelligence in a computer system. Deep learning (DL) is a machine learning (ML) technique that is
recognized through arti�cial neural networks and inspired by the working principle of brain neurons.
Unlike task-speci�c algorithms, deep learning is a machine learning method based on data
representations and provides advantages in many applications because it can learn from large amounts
of unstructured or unlabeled data (Figure 1). Compared to other machine learning approaches, DL has the
advantage of building deep architectures to learn more abstract from data to get information. The most
important feature of DL methods is that they can learn feature representations automatically, thus
avoiding too many time-consuming operations.

In this section, the deep learning architectures mentioned in the article will be explained in detail.

2.1. Convolutional Neural Network (CNN)
CNN architecture, which is used extensively for image recognition problems, was �rst introduced in
(Fukushima, 1980), and its use was �rst suggested in (LeCun et al., 1998). CNN architecture generally
includes convolution and jointing layers. Feature maps are created with the convolution layer. Different
�lters can be applied in each convolution layer (Coşkun et al., 2017).

Mathematically, each �ltering operation performed by a feature map is a separate convolution. As a result
of the �ltering process that takes place in the convolution layers, the commoning layers combine
semantically similar features again. After the last jointing process, the image is �attened and classi�ed
according to the detected features (Lecun et al., 2015) (Figure 2).

2.2. ResNet
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Microsoft ResNet architecture is formed from a block (Residual Block) that is fed once a residual value
(Residual Value) between two RELUs and linear layers. With this structure, it was thought that learning
would take place faster. Figure 4 shows this residual modulus (He et al., 2016).

Microsoft Resnet was the winner of the ILSVRC ImageNet competition held in 2015. An error rate of 3.6%
in this competition was achieved. While humans classify images with an average error rate of 5-10%, an
error rate of 3.6% means better visual recognition than humans. The number of layers of this architecture,
which has a depth above the previous architectures, higher than the number of layers in other deep
learning architectures (Russakovsky, 2015).

2.3. VGG16
Another CNN architecture used for classi�cation is VGG-16 architecture that consists of fully connected,
convolutional layers. It consists of 21 main layers in total (Simonyan et al., 2014). This architecture has
an incremental network structure. The image input resolution is 224×224 pixels. The �lter size in the
convolutional layer is 2×2 or 3×3 pixels. In this architecture, the last layers consist of fully connected
layers used for feature extraction. In this architecture, there are three cascading fully connected (FC-
FullConnected) layers. There are 1,000 neurons in the last fully connected layer, and the classi�cation
layer to be produced for output has a soft-connected (SoftMax) layer (Figure 4).

3. Experimental Results And Discussion

3.1. Histopathological examination:
During the necropsy, gut samples, collected from 20 control sheep and 20 sheep with natural
paratuberculosis, were �xed in 10% buffered formalin. After two-day �xation, samples were routinely
processed by an automatic tissue processor (Leica ASP300S, Wetzlar, Germany) and embedded in
para�n wax. Sections of 5–µm thickness were taken from the para�n blocks with a rotary microtome
(Leica RM2155, Leica Microsystems, Wetzlar, Germany). Then, the sections were stained with
hematoxylin-eosin (HE), mounted with a coverslip, and examined under a light microscope. The diagnosis
was con�rmed by the Zielh-Neelsen method for mycobacteria.

3.2. Data
The original data set used in this article was provided in JPG format by Burdur Mehmet Akif Ersoy
University (MAKU), Faculty of Veterinary Medicine, Department of Pathology. The data set consisted of a
total of 520 high-resolution (1920x1200) histology microscopic images. These images were labeled in
two classes: patients with paratuberculosis and healthy intestines. There were 260 data from each class
(Figure 5).

3.3. Methodology
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As can be inferred from Figure 6, there were �ve (5) phases that had to be implemented. After the original
dataset creation, we allocated it into two as test and train data. 80% of the data was reserved for the
training set and the rest for the testing set. In order for the deep learning algorithm to work more
effectively, the histopathology images in the dataset were preprocessed.

Histogram equalization (HE) is a common method used to increase the contrast of the image. Although
HE has high speed, it often causes excessive boost and loss of local information. Adaptive histogram
equalization (AHE), on the other hand, can improve local contrast by calculating several histograms
corresponding to different parts of the image. Nevertheless, it has disadvantages such as long
computation time and noise growth. CLAHE is the bounded model of AHE. CLAHE prevents growth by
clipping the histogram at the pre-given value. It provides the advantage of not discarding the part that
exceeds the clipped value and evenly distributing it on the histogram. In this context, data augmentation
was also accomplished.

In this article, as mentioned above, three (3) kinds of DNN architecture were applied to the dataset to
obtain the best one. F1 score and test and train accuracy values were used to compare the convolutional
neural network models used.

In order to make the images more transparent and explainable, we include the trained weights from the
proposed VGG16 model into the Class Activation Mapping method. It is called Gradient-weighted Class
Activation Mapping (Grad-CAM). Grad-CAM uses feature maps produced by the �nal convolution layer of
a CNN algorithm. The �nal convolutional layers are expected to have the best explanation between high-
level semantics and detailed spatial information. As can be seen in �gure 8; With the proposed
Fastai/VGG16 model, it is shown where it mainly points in the classi�cation of images. This situation,
which was also approved by a specialist pathologist, shows how well the model works.

There were no pathological �ndings observed in the control sheep gut. A marked increase in the thickness
of the gut wall was observed in paratuberculosis cases. In addition, a characteristic chronic
granulomatous reaction was observed in propria mucosa. In�ammatory cells were mainly composed of
lymphocytes, macrophages, epithelioid cells, and Langhans giant cells. Only Zielh-Neelsen positive cases
were included in the paratuberculosis cases.

The e�ciency of the classi�ers in dividing test images into two classes is measured against three
performance measures, such as classi�cation accuracy, sensitivity, and speci�city. These performance
measures are estimated for each category, and then average measures of the two categories are
determined to evaluate the performance of the classi�er (Hemanth, et al, 2011). The formulas for
calculating these performance measures are given as follows;

ClassificationAccuracy =
TP + TN

TP + TN + FP + FN

1
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Sensitivity(Recall) =
TP

TP + FN

2

Specificity =
TN

TN + FP

3

Precision =
TP

TP + FP

4

F1Score =
2 ∗ Precision ∗ Recall

Precision + Recall

5

In where TP corresponds to True Positive, TN corresponds to True Negative, FP corresponds to False
Positive and FN corresponds to False Negative. TP and TN; return the number from which the classes are
guessed correctly. FP and FN; return the number of incorrect predictions of classes with each other.

Confusion matrix was used to interpret the results of an established classi�cation model and to examine
the errors in the relationship between the actual and predicted values crosswise. Positive and Negative
terms in the matrix do not represent correctness or inaccuracy, but rather the classes to be separated.

Another part of the evaluate binary classi�cation is Matthews Correlation Coe�cient (MCC). Accuracy is
a metric that is widely used to measure the success of a model but does not appear to be su�cient on its
own. An alternative metric not affected by the problem of unbalanced datasets; the MCC is a contingency
matrix method for calculating the Pearson product moment correlation coe�cient between actual and
estimated values. MCC formula shown in below;

MCC =
TP ∗ TN − FP − FN

√(TP + FP) ∗ (TP + FN) ∗ (TN + FP) ∗ (TN + FN)

6

After applying the values obtained from the confusion matrix to the MCC formulation, the worst value is
-1, and the best value is +1.
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Table 1
Confusion Matrix of Own Model

Classi�cation Accuracy Sensitivity Speci�city Precision F1

Score

MCC Training

Time (s)

0,956284153 0,967 0,946 0,945 0,95604 0,913 720

Table 2
Confusion Matrix of Fastai/ResNet50

Classi�cation Accuracy Sensitivity Speci�city Precision F1 Score MCC Training

Time (s)

0,972677596 0,968 0,978 0,978 0,97297 0,945 1500

Table 3
Confusion Matrix of Proposed Fastai/VGG-16

Classi�cation Accuracy Sensitivity Speci�city Precision F1

Score

MCC Training

Time (s)

0,983606557 0,978 0,989 0,989 0,98360 0,967 585

3.4. Discussion
The present study was undertaken to use deep learning methods for the diagnosis of paratuberculosis in
sheep. The characteristic lesions in this disease are mainly located in the intestines and mediastinal
lymph nodes. Although typical lesions occur in the intestine in chronic cases, lesions may be slight and
confusing in new cases. Sometimes, inexperienced veterinarians may make misdiagnoses because of
slight lesions. Recently, the use of deep learning methods for pathological diagnosis has been increasing
rapidly. Most of the research is about human diseases, especially tumor diagnosis. This study used deep
learning methods for the diagnosis of paratuberculosis in sheep and achieved a high level of accuracy.

The increasing data of large scale of full-slide images (WSI) of tissue samples has made digital
pathology and also microscopy popular application study �eld for ANN techniques. Improved techniques
applied to this area focus on three broad areas. The di�culties are divided into (1) detection,
segmentation, or classi�cation of nuclei, (2) segmentation of major organs, and (3) detection and
classi�cation of the disease of interest at the lesion or WSI level. In this study, both chronic and newly
formed slight cases were histopathologically evaluated.

The use of deep learning systems for pathological diagnosis is a very new technique. Nevertheless, it is
rapidly becoming widespread because of the high ratio of true and fast diagnoses. This study showed
that deep learning can be used for the diagnosis of paratuberculosis.

3.5. Future Works
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Within the scope of this study, deep learning applications has been modeled to be used for
histopathologic images and the security level of the said model has been put into use in an explainable
way thanks to the Grad-CAM technique.

The problem of being a black-box, especially seen by deep learning techniques, which is used in solving
an important problem such as paratuberculosis, to be transformed into an understandable structure for
doctors, veterinarians etc. with extra efforts. Although there are alternative techniques that enable the
'explainability' factor in order to ensure that such models are understandable and safe, it becomes quite
easy to determine which regions of the image-based input data are used in the decision process through
the heat maps obtained by the use of Grad-CAM. In this context, the Fastai\VGG16-Grad-CAM system,
which was established by the integration of Grad-CAM into the Convolutional Neural Network in the
aforementioned study, provided an explainable approach in the detection of paratuberculosis and
ensured a healthy interaction between the human and the system.

The data set to be shared with the employees involved in this subject can allow the development of
different models. In addition, a mobile application can be developed for this model to be used more
quickly and easily by expert pathologists. Thus, veterinarians who do not have su�cient knowledge on
this subject can bene�t from the model.

In the study, deep learning models were developed after putting the data in the preprocessing stage with
the CLAHE method. In this context, new pretreatment methods can be applied in future studies, and
comparisons can be made based on this article.
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Figure 1

Model performance with data size for the three (SL, ML, DL) �elds

In this section, the deep learning architectures mentioned in the article will be explained in detail.

Figure 2

CNN Architecture
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Figure 3

ResNet50 Architecture

Figure 4

The basic building block of the VGG16 network
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Figure 5

a)Gut from a sheep with paratuberculosis, numerous macrophages (arrows) in submucosae, b) healthy
intestine, H&E, scale bars=50µm.

Figure 6

Flow Diagram of System 
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Figure 7

Proposed Fastai/VGG-16 with Grad-CAM Diagram


