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Abstract. Early lymphoma diagnosis is essential to improve the patients’ sur-
vival rate and avoid irreversible damage. Immunohistochemistry-based lymphoma
diagnostics is an expensive and time-consuming process, especially in developing
countries with limited resources. Image-based lymphoma diagnostics might serve
as an inexpensive, yet less accurate alternative to immunohistochemistry-based
methods. One challenge in image-based methods is that carcinoma can occur in
the same organ as lymphoma, thus making it hard to differentiate the two types
of cancer. To assist lymphoma diagnostics, this study proposes a deep learning-
based method to classify nasopharyngeal microscopic biopsy images into one of
three classes: lymphoma, carcinoma, and benign lesion. The method works by
splitting the images into patches, classifying each patch using a deep learning
model, and taking the average confidence score of each patch. We compared three
deep learning-based feature extractor architectures and studied the effects of three
image color preprocessing techniques on classification performance. We reached
88.7% sensitivity and 91.3% specificity in differentiating lymphoma on 400xmag-
nification CLAHE-enhanced microscopic images using the InceptionResNetV2
model. We also reached 87.0% three-class classification accuracy using the same
model.

Keywords: Lymphoma · InceptionResNetV2 · Deep learning

1 Introduction

Lymphoma is a neoplasm or abnormal tissue that grows on lymph nodes and lymph
tissues. Generally, there are two kinds of lymphoma: Hodgkin Lymphoma (HL) and
non-Hodgkin Lymphoma (NHL) [1]. In HL cases, neoplasm growth occurs localized in
lymphoid cells. This disease also has a relatively high survival rate [2]. On the contrary,
neoplasm growth in NHL happens in the majority of lymphoid tissues. NHL can prop-
agate to lymphadenopathy surface, digestive system, and even central nervous system
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[3]. According to the Global Cancer Observatory (GLOBOCAN) 2018 data, the number
of new cases of NHL lymphoma reached 14,164, ranked seventh in the standings of new
cancer cases in Indonesia. The death rate caused by NHL lymphoma was also ranked
seventh in the cancer death toll, with a mortality of 565 [4]. A study on 25 NHL patients
held at RSUP Sanglah Denpasar in 2014 showed that 68% of NHL patients had a poor
prognosis with a two-year and five-years life expectancy of 34% and 26% respectively.
This low life expectancy was caused by the patient’s non-compliance to the treatment,
the availability of chemotherapy drugs, poor hygiene, and inadequate observation time
of the NHL cases [5].

National guidelines for cancer treatment state that the procedure for diagnosing
lymphoma is based on anamnesis, physical observation, and supportive observation [6].
Supportive observation in histopathology and immunohistochemistry was performed to
determine the further appropriate treatment for the patient [7]. Histopathology examina-
tion was performed by biopsy staining using haematoxylin and eosin stain or H&E stain
[7]. The samples were analyzed on the architectural, cellular, and subcellular levels, and
it is crucial to obtain cell morphology such as epithelium, stroma, and lymphoid from
segmentation on an architectural level so that the malignancy of lymphoma can be deter-
mined considering the quantity, density, diameter, shape, and chromatism distribution
of the germinal center and also area, thickness, and chromatism of the marginal zone.
Malignancy of lymphoma is also judged by the ratio of germinal center and marginal
zone area.

In some cases, those parameters are biased, somalignant lymphoma looks like benign
follicular hyperplasia [8]. In addition to the benign lesion, carcinoma also can not be
ignored. Carcinoma is the most common cancer which begins in epithelial tissue [9].
Most of the organs in the respiratory tract have an epithelial layer and adenoid layer,
which is part of the lymph system [10].Onnasopharyngeal tissue, carcinoma is often con-
fusedwith lymphomadue to its rather similar growth pattern [11].However, synchronous
malignancy of lymphoma and carcinoma in the head and neck region is extremely rare
[12]. Thus, the classification system must classify the H&E stain images into three
classes: benign lesions, carcinoma, and lymphoma.

As such, immunohistochemistry or IHC was performed to gain a better diagnosis.
However, the IHC method for lymphoma diagnosis requires various tools that are not
widely accessible in Indonesia. Generally, the IHC method of diagnosis is available
only in Type A hospitals. An alternative approach to solve this issue is by improving
the quality of histopathology screening diagnosis based on sample images by utilizing
an automated system to make an interpretable classification. This approach may tackle
the hardships in identifying fine-grained morphological features [8] in histopathology
examination. Feature identification is a type of pattern recognition, a task proven to be
solvable by machines accurately. Furthermore, this alternative solution may reduce the
volume of samples previously screened by immunohistochemistry, saving only precious
resources for necessary cases.

Deep learning [13], is a machine learning method that uses a large amount of data
to train a deep neural network to recognize patterns and acquire predictive properties.
One of the deep learning architectures, the convolutional neural network (CNN), is
an architecture that boosts deep learning’s performance in image-related fields [14].
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CNN-based deep learning models are already developed to solve various medical image
classifications, i.e., melanoma classification [15], breast cancer, diabetic retinopathy
classification [16–18], and lymphoma classification itself [8].

A deep learning-based system can decide whether the morphology change of the
lymph cells recorded on the WSI is classified as follicular lymphoma (FL) or follicular
hyperplasia (FH) [8]. This study processes H&E-stained images in various resolutions
using a Bayesian Neural Network (BNN). The system starts the classification process
by breaking down the images into small patches of lower resolutions. The system will
then classify each patch separately as FL or FH. This method can perform automatic
end-to-end lymphoma classificationwith an accuracy of 91% and an area under the curve
of 0.99 [8]. A study by H. Miyoshi et al. shows that a deep learning-based classifier can
perform lymphoma diagnosis with an accuracy of up to 97.0%, higher and faster than
pathologists who can perform the same task with an average accuracy of 83.3% [19].
This result is obtained by using a deep neural network that consists of 11 layers, with 4
convolutional layers and 2 fully connected layers. This classifier takes an H&E-stained
image as input and will locate and classify the lesions on the given image. Besides
its use as an independent lymphoma diagnosis method, deep learning also finds use
in processing images collected by devices. For example, a study by Hyungsoon et al.
utilizes CNN to classify lymphoma on a contrast-enhanced micrography (CEM) device.
The device yields holographic images, which are then used as input to the learning
process. The system will then detect the existence of lymphoma based on the amount of
B-cell on the image and the clonality value. By training and testing the system, it was
found that the device can diagnose lymphomawith 91% sensitivity, 100% specificity, and
95% accuracy. It can also decide whether the lymphoma is aggressive or benign with an
accuracy of 86% [20]. Aside from the studies above, a few other studies [21] investigate
the application ofmachine learning, especially by deep learning and convolutional neural
network, to aid in the lymphoma diagnosis process. Those studies developed classifiers
that can perform lymphoma identification and classification with high accuracy and
reliability.

In this study, we propose a deep learning-based method to classify H&E-stained
nasopharyngeal microscopic biopsy images into one of three classes: lymphoma,
carcinoma, and benign lesion.

2 Material and Methods

2.1 Dataset

The dataset used in this study was provided by Padjadjaran University Education Hospi-
tal. This dataset contains 430 H&E-stained histopathology microscopic images with the
dimension of 1038× 1376 pixels and 3 channels from 18 samples. Images in the dataset
were taken using two magnification settings which are 100x and 400x. The average
number of images for each sample is 23.8 images, with 11.7 standard deviations. There
are 235, 99, and 96 images of lymphoma (LY), carcinoma (CA), and benign lesion (BL)
samples respectively. Thus, the distribution of images is skewed towards lymphoma.
Image samples from each class are shown in Fig. 1.
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Fig. 1. Dataset visualization of (a) lymphoma, (b) carcinoma, and (c) benign lesion classes.

Fig. 2. Dataset preprocessing diagram flowchart, this pipeline is applied to every image in the
training and testing set.

2.2 Data Preprocessing

The dataset used in this study consists of two sets: 100x magnification and 400x magni-
fication. The dataset of 100x magnification was split into training and testing sets with
a ratio of 4:1. As for the 400x magnification dataset, we reduced the number of images
with lymphoma class to balance the distribution of each class. Each image in the train-
ing and testing set is preprocessed according to the pipeline illustrated in Fig. 2. Each
original image was segmented into 24 patches of 224 × 224 × 3 pixels as shown in
Fig. 3. However, we discard the 24th image located in the bottom-right as it contains the
magnification annotation. We also discard image patches that have more background
pixels than foreground pixels as it contains little to no information. Background pixels
are defined as pixels that have saturation values in the range of 0 to 25. Finally, image
color preprocessing techniques are applied to the patches. The final composition of the
two datasets used in this study is shown in Table 1.
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Fig. 3. Image patch segmentation and resizing to 224 × 224 × 3.

Fig. 4. Color preprocessing scenarios. (a) no preprocessing, (b) grayscale, and (c) image
enhancement with CLAHE.

Table 1. Dataset distribution

Magnification Class Training Test

100x LY 666 890

CA 653 188

BL 582 153

400x LY 1141 2629

CA 893 245

BL 1094 276

Image normalization was used to scale image pixel values to float numbers between
0 and 1 inclusively. In addition, the dataset was augmented with a random horizontal
flip, random vertical flip, random rotation, and random zoom to increase the model’s



208 A. Ammar et al.

generalization ability. In this study, we use three scenarios of image color preprocessing:
(1) no color preprocessing, (2) grayscale, and (3) image enhancement with Contrast
Limited Adaptive Histogram Equalization (CLAHE). The visualization of each image’s
color preprocessing result is shown in Fig. 4.

2.3 Model’s Architectures

We compare three kinds of feature extractor architecture in this study: (1) NASNetLarge
[22], (2) InceptionResNetV2 [23], and (3) Xception [24]. Our choice was motivated
by the top-5 accuracy on the ImageNet dataset, where the models above achieved the
highest scores and were readily available for use via Keras API. We use transfer learning
to install each architecture with pre-trained weights trained on ImageNet.

The NASNetLarge architecture [22] currently tops the ImageNet dataset validation
accuracy chart, beating all other readily available architectures on Keras API with a
top-5 accuracy of 96.0%. The NASNetLarge architecture was designed by employing
reinforcement learning search on the ImageNet dataset to infer the optimal architecture
to perform classification on the said dataset. The resulting architecture is a transferable
CNN of 88 million parameters which receives a 331 × 331 pixels image as input.

The InceptionResNetV2 [23] is an Inception and ResNet hybrid architecture, boast-
ing a top-5 accuracy of 95.3% on the ImageNet dataset validation accuracy chart with
only 55million parameters. The combination lies in the residual connection that replaces
the filter concatenation stage of the Inception architecture, making it more efficient [25].
The final architecture of this hybridmodel contains 572 layers and classifies input images
of 224 × 224 pixels size.

TheXceptionmodel is also available onKerasAPIwith a top-5 accuracy of 94.5%on
the ImageNet dataset validation accuracy chart. Furthermore, the amount of parameters
required to classify the image is only 22 million. The architecture of the Xception
model consists of a linear stack of 36 depthwise separable convolution layers. The
residual connection helps the Xception model improve its speed and final classification
performance [24]. In total, the Xception architecture is built of 126 layers. It receives
224 × 224 pixels-sized images as classification input.

The classifier used in this study is a global average pooling 2D layer connected to
fully connected layers with dropouts, ending in a three-node dense layer with a softmax
activation function. The classifier is appended to each CNN model’s output to process
the feature maps into class predictions. The predicted value is a class probability score
ranging from 0 to 100 percent, giving confidence information and class prediction.

2.4 Classification Pipeline

The inputs of this classification system are images of both 100x and 400x magnification
from the same specimen. Each image is segmented into 23 patches of 224 × 224 × 3
pixels images. Each patch is fed into the respective CNN model which will return the
prediction score for each class. Finally, we take the average prediction score value over
all the patches as our prediction result.
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2.5 Hyperparameters

Hyperparameters set parameter values before the training process begins, affecting the
model’s performance later on [26]. Hyperparameters used in this study include the batch
size of 16 and epochs of 300. Other hyperparameters used are learning rate, loss function,
metric, andoptimizer. The learning rate is a step size of each iteration to achieve the global
cost minimum of a loss function [27]. The loss function is a measure of anymisclassified
data from the model [28]. On the other hand, a metric measures the model’s performance
during training and test [29]. An optimizer is an algorithm used to find a neural network’s
optimal weights and learning rate to achieve as minimal loss function as possible, which
means the model could perform better. The loss function, metric, and optimizer used in
the training process were sparse categorical cross-entropy, accuracy, and Adam (with
0.03 learning rate and learning rate scheduler to divide the learning rate by the factor of
e0.001 for every epoch equal or greater than 25).We used sparse categorical cross-entropy
as the loss function and accuracy as the metric, considering the main objective of the
algorithm is to classify dataset images into three classes. Adam optimizer was chosen
because of its computational efficiency and less tuning for the hyperparameters [30].

The trainingwas done in 300 epochswith three callbacks functions: (1) early stopping
to stop training if the validation loss is not improving in 50 epochs, (2) model checkpoint
to save the model’s weight for every epoch resulting in the best model performance in
terms of validation loss, and (3) learning rate scheduler asmentioned before.We train our
model while freezing the feature extractor layers to preserve the weight from ImageNet.
Each training batch consisted of 32 images. The training was done by using TensorFlow
2.3. While training, the training set was split into a training and validation set with a
ratio of 4 to 1.

2.6 Metrics

We divide the metrics into two categories: metrics used in the CNN classification model
and the metrics used in the final pipeline. Metrics used in the CNN classification are
average accuracy, per class sensitivity, per class specificity, and area under the curve. Per
class, sensitivity and specificity were calculated in a one-vs-all manner. Metrics used in
the final pipeline are accuracy, sensitivity, and specificity.

2.7 Activation Heatmap

To assist the pathologist further, we opt to provide an activation heatmap for each image
patch. To do so, we use Gradient-weighted Class Activation Map (Grad-CAM) [31] to
process the gradients of the classification result found in the final convolutional layer of
the model. The Grad-CAM finally yields a localization map highlighting the important
regions in the input image, leading to the classification decision. Thus, by providing an
activation heatmap to the pathologist, the pathologist can verify the classification result
more easily.
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2.8 Experiment Environment

The experiment was performed in the Google Colaboratory platform that uses 1× Tesla
K80 GPU, 1 × single-core Intel® Xeon® CPU @2.30 GHz, 13 GB RAM, and 38 GB
disk size.

3 Results and Discussion

The training set was divided into two scenarios: (1) 100x magnification set; and (2)
400x magnification set. For each CNN feature extractor architecture, six models will be
trained, each one using a different magnification setting and image color preprocessing
scheme. The trained model was then used to classify image patches from the test set.
The average classification accuracies of each image patch of each model are shown in
Table 2.

From the data in Table 2, it can be seen that all the models performed better on
the 400x than the 100x magnification. Among all the models on the 400x magnifi-
cation, InceptionResNetV2 performed the best overall, reaching 80.3% average patch
classification accuracy on the CLAHE-enhanced image patches.

The previous experiment classified each image patch separately, as opposed to clas-
sifying a whole image. To improve the classification performance of each image, we
proposed an image classification strategy based on the average score of each patch in the
image. Our classification pipeline strategy, as mentioned in the previous section, consists
of three steps: (1) image patching to 23 patches, (2) classification by either 100x or 400x
magnification model, and (3) taking the average score of each class over all patches as
the final score. Then we take the class with the highest score as our prediction.

We tested this approach by using the three best models we acquired based on the
previous experiment. It is known from the previous experiment that the best way to
classify 100x magnification images is by using the Xception (grayscale), NASNetLarge
(CLAHE), and InceptionResNetV2 (normal) models. As for 400xmagnification images,
the three best models are InceptionResNetV2 (CLAHE), NASNetLarge (normal), and
InceptionResNetV2 (normal).

Table 2. Experiment results using (a) the normal scenario, (b) grayscale image, and (c) CLAHE-
enhanced image, with the best result of each criterion written in boldface

Set Model Average accuracy

(a) (b) (c)

100x NASNetLarge 40.5% 29.1% 46.7%

InceptionResNetV2 42% 35.3% 38.1%

Xception 26.2% 48.5% 37.9%

400x NASNetLarge 77.1% 50.3% 59.0%

InceptionResNetV2 73.8% 65.2% 80.3%

Xception 67.5% 61.1% 60.1%
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Fig. 5. Confusion matrix of final classification pipeline using Xception on 100x test dataset with
grayscale preprocessing.

Fig. 6. Confusion matrix of final classification pipeline using InceptionResNetV2 on 400x test
dataset with image enhancement using CLAHE.

The results of this experiment are shown in Fig. 5 and Fig. 6. Figure 5 and Fig. 6
show the confusion matrix of the final classification pipeline of Xception (grayscale)
and InceptionResNetV2 (CLAHE), the best performing model in 100x and 400x
magnification.

The confusion matrix in Fig. 5 shows that the Xception (grayscale) model often
misclassified lymphoma as carcinoma. This phenomenon is less apparent in the Incep-
tionResNetV2 (CLAHE)’s confusion matrix shown in Fig. 6, which works with 400x
magnification images. However, relatively speaking, the misclassified lymphoma sam-
ples are most often classified as carcinoma. This shows that the phenomenon in Xception
(grayscale) also exists in InceptionResNetV2 (CLAHE), although on amuch lower scale.

As shown in Table 2, the lymphoma classification system using 400x magnification
images yields better accuracy, sensitivity, and specificity than the system using 100x
magnification images. This result is in line with the previous experiments, where the
models work better on 400x than 100x magnification images. Carcinoma is different
from lymphoma and benign lesion due to its morphologywhich the cells can be syncytial
and form some island-like structure [32]. On the contrary, lymphoma and benign lesion
are more diffuse. Then lymphoma and benign lesions are different in the appearance
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Fig. 7. The activation heatmap of an image patch of a 400 times magnified lymphoma image
processed by InceptionResNetV2.

of the nucleolus. Lymphoma cell has lobated nuclei and forms centroblasts which are
multiple nuclei with irregular round shape and dispersed chromatin, but benign lesion
does not [33–35]. These differences are observed better in higher magnification. Thus,
the classification system using 400x magnification images has better performance.

The proposed image classification strategy performed better than classifying each
patch separately on 400x magnification. InceptionResNetV2 (CLAHE) saw a 6.7%
increase in average accuracy, improving its previous 80.3% average accuracy to 87%.
In similar fashion, NASNetLarge (normal) and InceptionResNetV2 (normal) also saw
a 2.9% and 11.0% increase in average accuracy. This shows that the proposed strategy
is able to counter outlier patches and make the whole image classification more robust
and accurate, improving the overall performance.

Interestingly, the proposed strategy shows to be lowering the accuracy on 100x
magnification.Thismaybe causedby the low, under 50%, average accuracyof themodels
when working on 100x magnification images. This means that the misclassified patches
outnumber the correctly classified ones. Thus, when the proposed strategy is used, the
correctly classified patches are considered outliers instead. This, in turn, hampered the
models’ performance.

Figure 7 shows the activation heatmap of three lymphoma image patches of 400x
magnification, each enhanced by CLAHE and predicted by InceptionResNetV2. The
brighter a pixel is, the more important that pixel is to the classifier decision. Conversely,
the darker a pixel is, the less important that pixel is to the classifier decision. Although the
significance of the highlighted regions is not immediately clear to an untrained human’s
eye, it might help a pathologist verify the classifier decision because this classifier model
has been used in microscopic image analysis [36].

The best nasopharyngeal microscopic biopsy images classification system in this
research is the one that uses 400x magnification images and the InceptionResNetV2
model with image enhancement using CLAHE. InceptionResNetV2with CLAHEyields
87% accuracy. Its performance in differentiating lymphoma images over carcinoma and
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benign lesions images are outperforming other methods with 88.7% sensitivity and
91.3% specificity. On the other hand, the classification performance on 100x magnifica-
tion images is inadequate. The proposed image classification strategy can increase the
models’ average image classification accuracy up to 11.0%, as long as it has a good
enough per patch accuracy. Further research with a larger and better-annotated dataset
is essential to verify and improve this method. Aside from using popular deep learning
architectures, research on customized architecture is also recommended.
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