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Abstract. In this study, we propose an automatic classification of three common
types of lymphoma: (1) lymphoma, (2) benign lesion, and (3) carcinoma using
lymphoma cell images magnified by 100x and by 400x. A comparative study was
performed to find the best architecture to classify lymphoma cell images using the
Keras library in Tensorflow. The architectures used in this study are ResNet50,
MobileNetV1, and VGG16. Based on the accuracy of lymphoma classification
for each architecture, the MobileNet model had the highest accuracy in all three
classes at both 100x and 400xmagnification levels, which suggests thatMobileNet
is the best model for lymphoma cell classification. This study can be later used
as the base argument in modifying the MobileNet architecture further to get more
accurate results in future similar studies.
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1 Introduction

Lymphoma is a malignancy of inflammatory cells in the human body, usually involving
lymphoid tissue, spinal cord, or both [1]. In general, lymphoma can be grouped into
Hodgkin Lymphoma and Non-Hodgkin Lymphoma, differentiated by the presence of
Reed-Sternberg cells on histopathological examination [2]. Non-Hodgkin Lymphoma is
more common than other types,wherein 2012, themalignancy of this disease is one of the
ten malignancies with the most frequent incidence in the world [3]. NHL is considered
highly heterogeneous in histological type, symptoms, clinical response to treatment, and
prognosis [4].

Lymphoma examination begins with checking the symptoms that appear in the
patient and is followed by a biopsy, blood test, and bone marrow retrieval. From this
series of tests, the patient is diagnosed with lymphoma if Reed-Sternberg cells are found
in the tissue taken during a biopsy [5]. The results of this series of examinations could
be misdiagnosed. Errors in the physical examination can lead to lymphoma being left
undetected or misdiagnosed [6, 7].
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Machine learning (ML) and deep learning (DL) approaches are often used in assist-
ing medical analysis [8]. ML and DL technology development has assisted several
lymphoma-related analyses using whole-slide image (WSI) data from hematoxylin and
eosin (H&E) slides. Achi et al. [9] used Convolutional Neural Network (CNN) for the
classification diagnosis of four lymphoma cases, namely (1) benign lymphoma, (2) dif-
fuse largeB cell lymphoma, (3) Burkitt lymphoma, and (4) small lymphocyte lymphoma.
This method has a classification accuracy of 95% for the diagnosis of each image. How-
ever, the accuracy of thismethod reaches 100%when used to diagnose each set of images
(one collection of images contains five images). This method can still be developed fur-
ther in terms of the number of datasets or model improvisations. Syrykh et al. [10] also
used CNN added with Bayesian Neural Network (BNN) for differentiation between
follicular lymphoma and follicular hyperplasia that display similar features, resulting
in classification accuracy varying between 92–99% depending on the image resolution
used. The function of BNN in this method is to determine the level of certainty of the
predictions generated by the model.

Gaidano et al. [11] also developed a classification of non-Hodgkin B-cell lympho-
cytes using a classification tree. From this classification tree, it is processed which
features have the most significant influence on lymphocyte diagnosis. To perform this
method, a large dataset is required. Gaidano et al. used lab data that has been collected
from 2003 to 2019. In addition, the data available have specific markers of the 16-year
study result. The advantage of using this method is being able to find features that are
important and different from conventional (manual) diagnostic processes. These features
also vary depending on the model formed in the classification tree process. However,
the diagnosis using this method requires clean and large raw data.

In this study, ML is expected to reduce misdiagnosis by helping differentiate lym-
phoma cells and non-lymphoma cells, Hodgkins and non-Hodgkins lymphoma, lym-
phoma due to B cells and T cells, and indolent lymphoma and non-Hodgkins lymphoma
using sample images.

2 Method

To find the best result, we performed a comparative study by using the architecture
available fromKeras in the Tensorflow library to diagnose H&E-stained images for three
cases; (1) lymphoma, (2) benign lesion, and (3) carcinoma (Fig. 1). The architectures
compared were MobileNet, VGG16, and ResNet50. The architectures were used as
pre-trained models. Tuning was repeated until the optimum result was obtained.

Lymphoma detection in this study uses a dataset submitted by the Faculty of
Medicine, University of Padjajaran. The lymphoma dataset is divided into three classes:
lymphoma, benign lesion, and carcinoma.Each class consists of two sub-classes datasets,
i.e., datasets with the magnification of 100x and 400x. The total images of each class
and sub-class are shown in Table 1.

The quality and quantity of the dataset will be improved at the pre-processing stage.
After pre-processing, we perform lymphoma detection using three architectures, namely
ResNet50, MobileNet, and VGG16. The accuracy will be compared between the results
of each architecture to find the best-performed architecture.
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Fig. 1. Research workflow.

Table 1. Comparison of dataset total image for each class and subclass

Magnification Lymphoma Benign
Lesion

Carcinoma

100x 69 37 47

400x 165 60 59

2.1 Pre-processing

Pre-processing was done in two main steps: image enhancement and dataset balancing
(addition or reduction of the dataset), as displayed in Fig. 1. Dataset balancing was done
to ensure all datasets had the same number of samples. Image enhancement was done
to delete the resolution markers on the original dataset, increasing the contrast between
the lighter and darker shades in the image.

Aside from enhancements made above, we also created a second version of our
datasets – one containing only green channels extracted from the samples, aimed initially
to help with noise reduction and better detection. There were two versions of samples:
simply enhanced and enhanced with its green-channel extracted.

Pre-processing was done using photo-editing software Adobe Photoshop CC 2019.
To ensure all samples receive the same treatment, we utilized Photoshop’s “Actions”
feature,which allows the user to record and save sets of the user’s actions and choices. The
“Actions” were performed on all of its image samples for every dataset. The comparison
between “before” and “after” enhancement can be seen in Fig. 2.

The steps for the image enhancement part of the Action set are as follows:

1. Brightness: + 10 (first iteration), + 0 (second iteration)
2. Contrast: + 100 (first iteration), + 25 (second iteration)
3. Translation: (0, + 0.12) inches relative to the center (0, 0)
4. Transformation: 103.5% (both width and height)
5. Hide all channels but Green Channel (for green-channel version extracted only)
6. Copy Green Channel (for green-channel extracted version only).
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Fig. 2. A) Sample image before enhancement. B) Sample image after enhancement. C) Sample
image after green channel extraction.

Table 2. The four steps and action added for each sample version (action set are marked by its
letter code)

Steps Actions

Translate (x,y) (inches), only
simply enhanced

Translate (x,y) (inches), only
simply enhanced

Rotate (degrees)

A (+0.15, 0) (+0.151, − 0.009) 0

B (−0.16, 0) (−0.16, 0) 0

C (+0.129, − 0.042) (+0.12, − 0.05) + 0.5

D (−0.134, − 0.018) (−0.123, − 0.015) + 0.1

Balancing was done by adding more steps to the existing Action set that previously
only had enhancement steps, then performing the Action on samples of datasets lacking
samples. Four Action sets were required to make sure all datasets had an equal number
of samples: Shift Right (A), Shift Left (B), Rotate + 0.5 Degrees (C), and Rotate + 0.1
Degrees (D). More details are displayed in Table 2.

Dataset balancing resulted in 165 samples for each dataset, both for the simply
enhanced and green-channel extracted versions. Depending on the original number of
samples, datasets could have no replicated samples up to five replicated samples. Once
finished, the pre-processed images were exported as.PNG image files sized 1376× 1038
pixels. Details on the samples after dataset balancing is shown in Table 3.
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Table 3. Three different samples with two level of magnification and five different actions

Type Actions

Original A B C D

Carcinoma 100 × 47 47 47 24 0

Carcinoma 400 × 50 50 50 15 0

Benign Lesion 100 × 37 37 37 37 17

Benign Lesion 400 × 60 60 45 0 0

Lymphoma 100 × 69 69 27 0 0

Lymphoma 400 × 165 0 0 0 0

2.2 Method Implementation I: ResNet50

ResNet-50 is a convolutional neural network that is 50 layers deep. This training model
also has other variants such as ResNet101 and ResNet152. Residual Networks (ResNet)
are deep convolutional networks with the basic idea of skipping blocks of convolutional
layers by using a shortcut connection [12].

The model tries to learn some residual blocks instead of features in residual learning
[14]. ResNet can optimize trainable parameters in error backpropagation using these
shortcut architectures and avoid the vanishing gradient problem. The learning process
can help construct a deeper CNN structure and improve the final result.

2.3 Method Implementation II: MobileNet

MobileNet is a convolutional neural network feature extractor architecture developed by
Google in 2018. It is 88 layers deep with 3,538,984 parameters for the feature extractor
alone. MobileNetV1 uses depth-wise separable convolution, a strategy to reduce com-
plexity while computing convolution. The classical MobileNetV1 architecture consists
of blocks of layers organized as follows: (1) 3× 3 depth-wise convolution with stride 1
with ReLU6 activation function; (2) 1× 1 pointwise convolution with ReLU6 activation
function [13].

2.4 Method Implementation III: VGG16

VGG16 is a convolutional neural network architecture that introduces the effect of depth
(numberof layers stacked) in deep learning [16]. VGG16 is said to be an improved
version of the older model AlexNet, mainly in its convolutional kernel size. VGG16
uses a smaller convolutional kernel and produces a more accurate result than AlexNet.
Despite this, training VGG16 models usually takes a lot of time. One source reported it
takes weeks to perform calibration and fine-tuning [15].



198 M. Yosephine et al.

3 Result and Discussion

In summary, we trained all three models with all dataset sizes. As an alternative, we also
provide green channels from the dataset at 100X and 400X magnifications. The data
train used has a size of 1376 × 1037 pixels.

3.1 The 100x Magnification

With the ResNet50 model, we conducted two training sessions using the green channel
dataset with a magnification of 100X. We use the pipeline to get the average accuracy
of each class. We added four output layers in the form of the dense layer with ReLU
activation, global average pooling layer, and three layers of batch normalization and
dropout layer. We added a prediction layer with softmax activation. The highest mean
accuracy was 0.56 in the lymphoma class from the first train trial. The mean accuracy
of the other two classes was 0.383 in the carcinoma class and 0.04 in the benign lesion
class. This trial is trained for up to 8 epochs. In the second train trial, the highest average
accuracy was 0.925 in the carcinoma class. The mean accuracy of the other two classes
was 0.259 in the benign lesion class and 0.022 in the lymphoma class. This trial was
trained for up to 15 epochs. Using the VGG16 model, we trained the green channel
dataset with 100X magnification. We also use Pipeline to get the average accuracy for
each class. The layers used in this training are the same as the ResNet50 model. The
highest average accuracy was obtained in the lymphoma class with a value of 0.386. The
mean accuracy in the other two classes was 0.323 in the benign lesion class and 0.291
in the carcinoma class. This model is trained for up to 8 epochs.

Using the MobileNet model, we conducted training on our green channel dataset
with a magnification of 100x. Before implementation, we divided the dataset into three
sets: data train, test, and validation. For the model we created, we used a modified
MobileNetV1 layer.We add three output layers in the form of the dense layer with ReLU
activation and a prediction layer with softmax activation. We trained and validated the
model with 25 epochs. The results of the trained model can be seen in Fig. 3.

Fig. 3. A) Training and validation accuracy of MobileNet, B) Training and validation loss of
MobileNet in 100 × magnified slide images.
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Fig. 4. A) Training and validation accuracy of MobileNet, B) Training and validation loss of
MobileNet in 400 × magnified slide images.

Due to our device limitations, the iteration process can only be done 25 times. In
the 25th iteration, it can be seen that the tendency of the accuracy value has stabilized,
though it is not the case with the loss value. The accuracy value of the model ranges
from 0.56 to 0.95, with the highest accuracy obtained at the 23rd epoch of 0.95. We
also measured the pipeline accuracy for each class prediction. The highest accuracy was
obtained for carcinomawith a value of 0.998. For the other two classes, it has an accuracy
of 0.72 in the lymphoma and 0.991 in the benign lesion.

3.2 The 400x Magnification

Wealso conducted a training session using the green channel datasetwith amagnification
of 400X using the same pipeline to get the average accuracy of each class. We added
four output layers in the form of the dense layer with ReLU activation, global average
pooling layer, and three layers of batch normalization and dropout layer. We added a
prediction layer with softmax activation. The highest mean accuracy was 0.839 in the
carcinoma class. The mean accuracy of the other two classes was 0.873 in the benign
lesion class and 0.161 in the lymphoma class. This trial is trained for up to 8 epochs.

Using the VGG16 model, we trained the green channel dataset with 400X magnifi-
cation. We also use Pipeline to get the average accuracy for each class. The layers used
in this training are the same as the ResNet50 model. The highest average accuracy was
obtained in the lymphoma class with a value of 0.393. The mean accuracy in the other
two classes was 0.317 in the benign lesion class and 0.288 in the carcinoma class. This
model is trained for up to 8 epochs.

Using the MobileNet model, we also conduct training on our green channel dataset
with a magnification of 400x and divide it into three classes (carcinoma, benign lesion,
lymphoma). We use the same layer as the 100x magnification model in this trained
model. The model is also trained with 25 epochs. The results of the trained model can
be seen in Fig. 4.

The accuracy value of the model ranges from 0.56 to 0.95, with the highest accuracy
obtained at the last epoch.As for the pipeline accuracy for each class, the highest accuracy
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Table 4. Comparison of model accuracy for each class (lymphoma, carcinoma, benign lesion)
and magnification level (100 × and 400 ×)

Model Class

Lymphoma Carcinoma Benign Lesion

100 × 400 × 100 × 400 × 100 × 400 ×
MobileNet 0.723 0.854 0.998 0.943 0.991 0.994

ResNet50 0.561 0.161 0.383 0.839 0.040 0.873

VGG16 0.386 0.393 0.291 0.288 0.323 0.317

was obtained in the class of benign lesions with a value of 0.99. For the other two classes,
themodel has an accuracy of 0.85 in the lymphoma class and 0.94 in the carcinoma class.

3.3 Comparison

The comparison of the model accuracy for each class between the three methods
implemented is shown in Table 4.

From Table 4, the MobileNet model has the best accuracy for the carcinoma class
detection at 100X magnification with an accuracy value of 0.998. From the 400X mag-
nification dataset, the highest accuracy is in the benign lesion class, with an accuracy
value of 0.994. As for the other models, the ResNet model accuracy is quite inconsistent
for each case and dataset, while the VGG16 model accuracy is very low compared to
MobileNet.

We see that there is roomfor improvement in thisworkbyperforminghyperparameter
tuning and changing the hidden layer. In this work, the authors are constrained by the
small number of datasets provided, thereby reducing the number of trains carried out
in the experiment and constrained by the device’s inadequate capabilities (requiring a
long computation time for each iteration). Therefore, we hope to have larger datasets
and computers with better specifications in the subsequent development.

The comparison of the models in the available architecture provided by the Keras
library has shown that these architectures can classify H&E histopathology slide images
into three classes: lymphoma, benign lesion, and carcinoma, with a significant accuracy
score. Green channel extraction is often used to get a less noisy grayscale version of
an image. However, it was proven that color profiles contributed a great deal to the
algorithm’s accuracy in this case. Furthermore, the datasets with a magnification of
100x and 400x also contributed greatly to the algorithm’s accuracy, depending on the
case predicted and the model architecture. The proposed transfer learning method using
architecture models has its own set parameter, giving different results. Based on the
accuracy, the best architecture to diagnose each class case is the MobileNet architecture.
Despite the accuracy of MobileNet to predict lymphoma still less than 90%, further
optimization of the model is still possible with fine-tuning. Changing the hidden layer
and the weight of each layer should be considered to get the optimum result as it is meant
to tune the architecture towards the dataset.
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