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Abstract: Current cancer diagnosis procedure requires expert knowledge and is time-consuming, which raises the need to build an accurate diagnosis support system for lymphoma identification and classification. Many studies have shown promising results using Machine Learning and, recently, Deep Learning to detect malignancy in cancer cells. However, the diversity and complexity of the morphological structure of lymphoma make it a challenging classification problem. In literature, many attempts were made to classify up to four simple types of lymphoma. This paper presents an approach using a reliable model capable of diagnosing seven different categories of rare and aggressive lymphoma. These Lymphoma types are Classical Hodgkin Lymphoma, Nodular Lymphoma Predominant, Burkitt Lymphoma, Follicular Lymphoma, Mantle Lymphoma, Large B-Cell Lymphoma, and T-Cell Lymphoma. Our proposed approach uses Residual Neural Networks, ResNet50, with a Transfer Learning for lymphoma’s detection and classification. The model used results are validated according to the performance evaluation metrics: Accuracy, precision, recall, F-score, and kappa score for the seven multi-classes. Our algorithms are tested, and the results are validated on 323 images of 224 × 224 pixels resolution. The results are promising and show that our used model can classify and predict the correct lymphoma subtype with an accuracy of 91.6%.
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1  Introduction

Lymphoma is one of the mortal cancerous diseases that is formed by abnormal cell mutation in the immune system. Many different histological subtypes exist, whose diagnosis is typically based on sampling (biopsy) [1]. According to the American Cancer Society [2], the expected new lymphoma cases will top 85,720 cases in 2021, while the death rate will jump to 21,000 cases in both sexes. Compared to other types of cancer, lymphoma records a moderate rate of incidence and death. However, those numbers are still worrying as the diversity and development of lymphoma types surge in the shadow of diagnosis difficulties. According to Leukemia & Lymphoma Society [3], more than 60 subtypes of lymphoma are classified as Hodgkin and non-Hodgkin lymphoma based on their morphological and biological structures. Those types are originating from T-cells or B-cells forming T or B lymphocytes, respectively, where the latter is responsible for 85% of total cases. Histologically, this breakdown, along with various features of each subtype, requires an expert specialist to be determined. However, similar patterns and some morphological structures are difficult to be distinguished by the naked eye [4]. Therefore, Machine Learning (ML) could be exploited to increase diagnosis precision based on extracting precise features from digitized images.

The digitization of histological images is prepared from stained microscopic tissue slices in different steps. First, microtomical techniques are used to slice tissue blocks into different thickness tissue slides for the purposes of analysis and classification [5]. Next, samples are commonly, stained by Hematoxylin and Eosin (H&E), which both stain different parts of the cell with a different color for computation and visualization. Finally, a microscopic embedded camera is used for digitizing histological slides. Indeed, the revolution of modern digital computers opens the door for the rapid development of digital image processing. Therefore, different computer algorithms are used to extract valuable information from such images. Moreover, the digital image can be segmented to indicate interesting regions such as tumors or cancerous cell formation. Advanced Machine Learning algorithms like Support Vector Machine (SVM), Naïve Bayes, or Deep Learning algorithms are used in digital images and computer vision applications to automatically detect and classify significant patterns based on extracting discriminant features.

Feature extraction is a technique applied to the digital image to find the most relevant information that can be the training set for pattern recognition and classification. The digital image contains scattered and redundant data challenging to recognize. The data is reduced to the most discriminant feature vector. Indeed, there are many methodologies that can be used to extract such features, and mostly statistical tools such as mean, standard deviation, and random numbers used to find the most likelihood gathering of data that can be considered as valuable features. In biomedical digital images like digitized lymphoma slides, each type can be recognized morphologically by patterns that could be taken as features for recognition and classification purposes.

For instance, Follicular lymphoma (FL) and Mantle cell lymphoma (MCL) are both non-Hodgkin subtypes that share some standard biological features such as cellular cleaved nuclei and a tiny amount of cytoplasm. However, FL is characterized by centroblast, which is enlarged B-cells rapidly spread in the germinal centers, which is the absent feature in MCL [6]. Hence, centroblast is a discriminant morphological feature that can be observed when the tissues get stained by H&E. However, these lymphomas are rare and are not fully characterized; MCL is characterized by an aggressive clinical evolution with few survivors in a long time. The diagnosis of a large B-cell lymphoma LBCL and classic Hodgkin lymphoma CHL is often straightforward. However, in some cases, these simple diagnoses can be quite complex. The diagnostic difficulty may be due to the evaluation of their morphologic and immunophenotypic features. The more complex cases of follicular lymphoma versus LBCL, or regrouping more than one lymphoma type such as peripheral T-cell lymphomas PTCL with large B-cell proliferations or PTCL with Hodgkin/Reed-Sternberg-like cells. More efforts from an expert are needed to help the detection of such diseases.

The main contribution of this paper is to classify seven subtypes of lymphoma, Non-Hodgkin (NHK) and Hodgkin (HK) Lymphoma, which are HK-Classical Hodgkin Lymphoma, HK-NLP Nodular Predominant, NHK-BcellBurkitt, NHK-BcellFollecular, NHK-BcellMantel, NHK-LargeBcell, and NHK-Tcell. These subtypes are aggressive, rare, silent-growing, and morphologically similar lymphomas [7], which add complexity factors to the classification process. Therefore, we used the transfer learning technique with RestNet50 as a pre-trained model, and the results show that this approach was able to classify up to 91.6% of testing images.

The rest of this paper is organized as follows: Related work and recent techniques applied in the domain are discussed in Section 2. The proposed methodology and material setup are given in Section 3. Section 4 presents results and discussion. Finally, the paper and most relevant results are concluded in Section 5.

2  Related Work

Lymphomas, the most common type of cancers, have more than 60 subtypes. For decades, cancer diagnosis procedure has required an expert person to identify any abnormalities in color, texture, or morphology. The human mistake of identifying cancer cells is highly probable, and the process of studying each sample is time-consuming. Therefore, the need to build an accurate and automated diagnosis support system for lymphoma identification is essential [8]. The revolutionary of digital computers opens the door for research works to rapidly develop complex computational algorithms such as a Deep Learning (DL) using the Convolutional Neural Networks (CNN) to help to solve different biomedical problems.

The CNN shows remarkable progress in image classification tasks and diverts the compass of current image classification research toward such competitive methodology [9–11]. A review study that focuses on applying CNNs to image classification tasks is presented in Rizwan et al. [12]. The study covers their development from their predecessors to recent works in deep learning techniques by reviewing the contributions and challenges of over 300 publications. A study about recent advances in image processing techniques in classifying NHL was presented in Azevedo Tosta et al. [13]. Authors gave the most used segmentation techniques such as thresholding, region-based methods, and K-means clustering algorithm. Besides, it includes reviewing validation techniques and potential directions of research in the segmentation of this neoplasia. Another survey on researches published between 2010 and 2017 on the detection of NHK-L types is reviewed and compared in Battula et al. [14]. Many image-based algorithms have been discussed to find any abnormal changes in the images, such as the change in color, shape, size, texture, etc. Color deconvolution is the main technique used in preprocessing, and different classifiers are used in predicting the correct type of lymphoma. Nascimento et al. [15] presented computer-aided biopsy analysis support system of NHK-L classification. The approach is used for the classification of information extracted from morphological and non-morphological features of nuclei of lymphoma images. It achieved higher AUC and ACC values for all cases, the obtained rates were between 95% and 100%.

A multiple instance learning setting was exploited in Lippi et al. [16] where support vector machines and random forests are used as classifiers at both single VOIs (instances) and patients (bags) levels. Results were presented on two datasets comprising patients that suffer from four different types of malignant lymphomas, namely diffuse large B cell lymphoma, follicular lymphoma, Hodgkin’s lymphoma, and mantle cell lymphoma. The study indicated that texture analysis features extracted from positron emission tomography, combined with multiple-instance machine learning algorithms, can be discriminating for different malignant lymphomas subtypes. They achieve 97% for recall and 94% for the precision of analyzing 60 patients. Orlov et al. [17] classify three subclasses of lymphoma: SLL, Follicular lymphoma, and Mantle lymphoma. They use spectral analysis with a weighted neighbor distance algorithm. The model obtains high accuracy of 99%, but only 30 lymphoma images were used. Recent studies using Deep Learning have shown promising results. Brancati et al. [18] used ResNet27 model in the classification of three NH lymphoma subtypes. The study was done by adopting a residual convolutional 27 layers neural network. Their performances have been evaluated on the public datasets of digital histological images and have been compared with those obtained by using different deep neural networks (UNet and ResNet). The experimental results show an improvement of 5.06% based on the F-score for the detection task and an improvement of 1.09% inaccuracy measure for the classification task. A fully automated system based on Deep NN is presented in Tambe et al. [19]; such method predicts the class label of 75 images in the given test dataset. El Hachi et al. [20] used Deep Learning with a convolutional neural network (CNN) algorithm to build a lymphoma diagnostic model for three categories of diseases, diffuse large B-cell lymphoma, Burkitt lymphoma, and small lymphocytic lymphoma and Benin case. The test results showed excellent diagnostic accuracy at 95% using 240 images for the test set.

Other studies concentrated on predicting certain types of lymphoma subtypes such FL as it grows silently and is usually diagnosed in its later stages. Somaratne et al. [21] proposed a deep learning model that uses transfer learning with fine-tuning to improve the identification of FL on images from new sites that are different from those used during training. The proposed approach improves the prediction accuracy from 12% to 52% compared to the initial prediction of the model for the same testing images.

With respect to the previous research works, we used transfer learning with RestNet50 pretrained model to classify seven lymphoma subtypes for diagnosis purposes with obtained accuracy of 91.6%. Types were chosen according to their silent growing and difficulty of their diagnoses. Under some circumstances, detection and classification of B-cell or CHL lymphomas might be quite complex due to uncertainty in the evaluation of morphological and immune-phenotypical features along with biological continuum. Moreover, some lymphomas such as Composite Follicular and Mantle Cell are rare and not fully characterized, more efforts are needed to help to detect such diseases and save a life for many people [22].

3  Materials and Method

3.1 Lymphoma Image Dataset (L.I.D)

In our proposed diagnosis system shown in Fig. 7, we built Lymphoma Image Dataset (L.I.D) with RGB images of 224 × 224 pixels size to match the ResNet50 image size. Our Lymphoma Image Dataset is composed of 323 color images. This dataset is divided into seven different categories of lymphoma characterized by color and textured features. Two classes, Hodgkin Lymphoma (HK-L) and Non-Hodgkin Lymphoma (NHK-L).

The Hodgkin Lymphoma class has two subtypes; (1) Classical Hodgkin Lymphoma, where most cells are B lymphocyte and so-called Reed-Sternberg (RS) cells, the Nodular Lymphoma Predominant (HK-NLP), and (2) Non-Hodgkin Lymphoma classified as B or T cell Lymphoma. Five subtypes of them are selected, NHK-BcellBurkitt, NHK-BcellFollicular, NHK-BcellMantel, NHK-LargeBCell, and NHK-TCellLymph. Fig. 1 shows some images from each class. As shown in Fig. 2, the L.I.D has the same number of images for each class to build our classifier efficiency. Some images in our dataset are extracted from Refs. [23,24].
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Figure 1: Representation of 16 RGB images 224 × 224 pixels size from Lymphoma Image Dataset (L.I.D)
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Figure 2: Distribution of labeled images: 323 total images divided by 7, about 50 images by class

Our approach uses Residual Neural Network architecture (ResNet) with the Transfer Learning to classify complex textural images of lymphoma cancer. The implemented system trains five different models as lymphoma detectors on L.I.D dataset and selects the optimal model that shows the best classification results. This model is validated according to the performance metrics of confusion matrices. Finally, through the third stage of our work, network performance was evaluated against the used data set.

3.2 Training and Testing Protocols

The evaluation of the proposed ResNet model is done by using K-fold cross-validation method to assure that any biases in the dataset are detected [25]. This method helps to obtain a reliable estimation of the model's generalization error and gives predictions of how the model performs on unseen data. At the first step, data is randomly divided into training and testing sets. The data is split into K equal subsets. For each iteration, a different data are reserved for testing, and all the others are used for training the new classifier. A single subset is retrained as the validation data for testing the model. The process was repeated K times (iterations) and generated a model for each iteration. Cross-validation is used to pick the model that gives the best accuracy on various data partitions. Generally, averaged accuracies overall testing sets were taken for selection. Fig. 3 summarizes our proposed protocol of K-fold Cross-Validation following the 5F-CV Algorithm.

The K value should be chosen carefully for the data sample. A poorly chosen value of K may result in a misrepresentative idea of the model skill. As K gets larger, the difference in size between the training set and the resampling subsets gets smaller. Typically, one performs K-fold C.V using K = 5 or K = 10. These values have empirically shown to yield test error rate estimates that suffer neither from excessively high bias nor very high variance. We tested both values; the best results were obtained with K = 5. This choice is due to the reduced number of data used.

[image: images]

Figure 3: 5 Folds cross-validation for training and testing protocols

In the second step, our method used a transfer learning technique for feature extraction and classification. Residual Neural network architecture was adopted through our work using a ResNet50 deeper network with 50 layers. This network gave a significant performance in various medical imaging applications [26,27]. Its architecture achieved an optimal tradeoff between a speed and efficiency.

3.3 Residual Neural Network (ResNet)

The deep Residual Learning framework for image classification task supports several architectural configurations [28]. It allows achieving a suitable ratio between speed and quality of the model. This allows one to use deeper ResNet, which are faster to train and computationally less expensive than conventional CNNs and other architectures [29]. ResNet network converges faster compared to different architectures. However, the problem arises as the network depth increases resulting in fast decaying of accuracy. He et al. [30] solve this problem using the Deep Residual Learning framework with identity shortcuts. This identity shortcut (x) can be directly used when the input and output are of the same dimensions as represented in Eq. (1) and shown in Fig. 4.


y=F(x,{Wi})+x
(1)

Designing the networks of Fig. 5 as follow:

1.    Use 1*1 or 3*3 filters mostly,Tab. 1.

2.    Downsampling with CNN layers with stride 2, 50 layers for ResNet50,

3.    Global average pooling layer and a 1000-way fully connected layer with Softmax in the end.

ResNet uses four modules made up of residual blocks. Each module uses blocks with the same number of output channels. The additional 1 × 1 convolutional layer is to change the stride or number of channels in Fig. 6. The network used a 7 × 7 convolutional layer with 64 output channels followed by 3 × 3 maximum pooling. A batch normalization layer is added after each convolutional layer. The ResNet50 network is designed as follows: The first module has 3 residual blocks, 4, 6, and 3 for the 2nd, 3rd, and 4th module, respectively. Each first residual block has 1 × 1 and 3 × 3 convolutional layers with the same number of output channels, and the number of output transformed in the last block, adding 1 × 1 convolution for the first module block as a shortcut. The resolution decreases while the channel number increases until the global average pooling aggregates all features. The global average-pooling layer extracted 2048 features, followed by the fully connected layer output and using the Softmax regression classifier as the final step of the process, as illustrated in Fig. 5.
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Figure 4: Residual block
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Figure 5: ResNet50 block diagram
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Figure 6: ResNet block with 1 × 1 convolution

3.4 Evaluation Metrics

The effectiveness of the proposed method was evaluated and validated using the confusion matrices and its performance metrics, as shown in Fig. 8. The confusion matrices tell how the currently selected classifier performs in each class and identifies the poorly performed areas. The classification model forecasts the type of each data instance, attributing to each observation its predicted label (positive or negative): thus, at the end of the classification, every observation corresponds in one of the following four cases [31]. A confusion matrix of size N × N associated with the classifier shows the predicted and actual classification. Tab. 1 shows a confusion matrix for binary classification N = 2. In our case, we use multi-classes (7 classes) where N = 7.
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The trained network was tested on the test dataset and assessed quantitatively through four accuracy parameters extracted from the confusion matrix: Recall (True Positive/Sensitivity Rate), Precision (Positive Predictive Value), F-score (F1), and Kappa score, calculated in Tab. 2. Fig. 7 summarizes the global schema of our method.
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Figure 7: Global block diagram of our approach

4  Results and Discussion

All our experiments were developed in Matlab R2020a and trained using Intel Core i5-7200U CPU. In this section, we explore the results obtained using the pre-trained network, ResNet50, as a classifier to categorize an image into seven lymphoma diseases: Classical Hodgkin Lymphoma, Nodular Lymphoma Predominant, Burkitt Lymphoma, Follicular Lymphoma, Mantle Lymphoma, LargeBCell Lymphoma, and TCell Lymphoma.
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Figure 8: L.I.D Organization and categories distribution of training and test sets for each model

To evaluate the model performance across the random dataset and assuring that any biases in the dataset will be detected, our approach uses a 5-fold cross-validation method (Fig. 7). It helps us to obtain reliable estimates of the model’s generalization error and gives how well it performs on unseen data. The complete dataset is divided into five subsets. It is trained and tested five times. In each iteration, one subset was used to test the model, and the other four subsets were used for training the classifier. We assessed the average performance of the model by calculating the estimated error for each subset. 80% of the L.I.D are used for the training set, and 20% are used for the testing set, as shown in Fig. 8. The training and validation accuracy at the end of 40 epochs is given in Fig. 9. It illustrates the curves of model 3 (iteration3) for (1) training and (2) testing sets.

The classification results of the training and test sets for the 5 models are summarized in Tab. 3. We can see that, for each subset, the training classification accuracy was almost 99%. The results show that the network performs very well. The training accuracy is high for every model of ResNet50, with an averaging accuracy of 0.9923. It means the network is thriving in classifying 99.23% of the Images from all the training sets. For the test set, the minimum accuracy was noticed at iteration 4 (Fold4), with 89.36%. The maximum error (misclassifications) observed is 10.6%. The average classification accuracies were 91.61% without over-fitting the data. Our approach has been able to achieve the highest validation accuracy of about 92%. The key benefits of k-fold CV are the evaluation of the classification performance and elimination of over-fitting issues that occurred in ResNet models.

[image: images]

Figure 9: Training and Validation progress using ResNet50: 1a) Training accuracy curves, 2a) Validation accuracy curves with 40 epochs: case Model 3 (Fold1). 1b) Training loss of Model 3 (fold1) 176 mn time training, 2b) Validation loss
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Once we have trained our model, we want to see other metrics before concluding the usability used. Classification accuracy is typically not enough evidence to decide where your designed classifier is good enough to make robust predictions. The problem with accuracy is that it cannot discriminate among diverse kinds of misclassifications. Additionally, we computed other performance metrics such as Macro and Weighted of precision and recall, F-score (F1), and Kappa-score using the confusion matrix [34,35]. These terms are generally defined for multi-classification problems where the outcome is either positive or negative. As we have seven classes and dealing with the multi-class problem, we computed the four metrics while calculating TN, TP, FP, and FN of each class separately.

To create the confusion matrix, we have made the predictions over the test set. The actual class is taken directly from the original test dataset, whereas predicted class values are obtained from the classifier on the test dataset. The raw represents the true class labels, and the column is the predicted class. Along the first diagonal represent the correct classification, whereas all off-diagonal show misclassification (FP and FN). Fig. 10 illustrates the ResNet50 confusion matrix for the seven categories of lymphoma classes. It can be seen that the model has predicted 2 samples of class HK-NLP, 2 samples of NHK-TCell as wrongly predicted HK-Classical class, and 0 samples for other classes. Their classification was correct.

We have computed and summarize the results of TP, TN, FP, and FN of each of the seven lymphoma subtypes in Tab. 4. We can show that the model perfect for classifying NHK-LargeBCell with TP = 43, FP = 0, and FN = 1. The samples for this class are 43. This means no misclassification for this disease. We observe that the misclassifications are high for HK-Classical (TP = 48, FP = 11, and FN = 4). However, it gives better classification results for all other classes. A total of 27 misclassifications for 323 samples were noticed for the model. The rest of the 296 observations were correctly classified, with high accuracy of 91.6%.
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Figure 10: Confusion matrix results using ResNet50 for the 7 multi classes. HK-NLP has 2 observations wrongly predicted as class HK-Classical. Validation Accuracy = 296/323 = 0.916, Error = 0.084
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The results obtained to compare the performance of the classifier shows that the approach performs exceptionally well. We observe that all precision values are superior to 0.93 (93%), with the highest score for NHK-BcellFollicular and NHK-LargeBcell, which have respectively, a precision of 0.98 (98%) and 1 (100%). The low results are observed for HK-Classical RS with 81.4% and NHK-TCell class with 85%. Combining the per-class precision into a single number, the average precision for multi-classes (seven classes) is called Macro-Precision. Macro-Precision is 92% for the multi-classes. It means that low than 8% of predictive data are false positive.

We have computed our method using just four lymphomas (NHK-LargeBcell, NHK-BcellFollicular, NHK-Mantel, and HK-NLP) to compare our approach to Brancati et al. [18]. Our positive predictive value (precision) is highest with 97.73% against 94% for the method.

We also observe that the significant results using the model are promising and give high recall values of 0.955, 0.975, and 0.977 for NHK-BcellBurkitt, NHK-BcellMantel, and NHK-LargeBcell, respectively. The Macro-Recall of the 7 multi-classes is about 91.9%. It means that 8% of predictive data are false negatives.

As shown in Fig. 11, the comparison of the two performance metrics (Precision and Recall), the precision and recall can not give the correct performance of the model. We observe that the precision rate for HK-NPL is high 94.55% when the recall is low 85.25%. The same results for the NHK-Follicular class. Low recall and high precision show that we miss many positive examples (high FN), but those we predict as positive are indeed positive (low FP). Adding to the previous parameters, the harmonic mean of the precision and recall, we calculated, F-score (F1) to measure a test accuracy and reach the best value. The model achieves a Macro-F1 of 91.9% for the 7 multi-classes.

When averaging the macro-F1, we gave equal weights to each class. The Weighted-F1 weight the score of each class by the number of samples (images) from each class. The results are equally convincing. The model gives a Weighted-F1 of 91.6% for the 7 multi-classes. The problem is that parameter F1 ignores the count of True Negatives.

In contrast, the Kappa score measures, for the multi-classes, the degree of agreement between the true values and the predicted values by the classifier. Sun [34] commented that the Kappa score is high only if the classifier is doing well on both the negative and the positive elements. The values obtained to confirm the previous excellent results, as shown in Tab. 4, the average Kappa score for the seven multi-classes, is 91.5%. Since 0.915 means perfect agreement.

[image: images]

Figure 11: Performance metrics comparison

We have test 10 new lymphoma images with our trained classifier. Fig. 12 illustrates the 9 images of the results. Tab. 5 shows the score of each new test image (1 means 100%). Nine images from 10 were successfully classified.

We believe that the results obtained are very relevant. For most of the images, the system predicted almost 100% of the disease class. Two cases require the opinion of an expert. Image 6 that we believe to group two lymphoma types T-cell lymphomas with large B-cell proliferation and whose system has predicted both classes well NHK-Tcell and NHK-LargeBcell with scores of 40% and 44%, respectively. This result is very interesting. The score is shared almost equally. It is due to the presence of two lymphoma in the same image. However, a patient can develop two forms of lymphoma since the disease can mutate.

[image: images]

Figure 12: A new set of Lymphoma test images: good classification of 8 images, Error detection (img8) HK-NLP score = 55%
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5  Conclusion

We have proposed an approach to assist pathologists in classifying lymphoma disease using Transfer Learning. The approach classifies seven different lymphomas types that rare, aggressive, and difficult to be diagnosed. The Deeper Residual Neural Network, ResNet50, is performing and showing its capability of classifying the seven types of lymphomas with accuracy that can top to 91.6%. The disadvantage is in the training time, where for one fold and 323 images, our system process in 176 mn can be solved using parallel processing. Our experimental results suggest that the proposed approach can classify the correct lymphoma disease accurately. However, to improve accuracy in our future works, we plan to increase the number of images. We also intend to analyze the image locally, combining several diseases in the same image when the patient develops different lymphoma types.
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Table 1: The standard contusion matrix (2 X 2)

Predicted Positive Predicted Negative

Actual Positive TP
Actual Negative TN

True positives (TP) and true negatives (TN) are the correct predictions, while false negatives (FN) and
false positives (FP) are the incorrect predictions (misclassified cases).
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Table 3: Classification accuracy for the 5 Fold CV on the training and testing L.I.D dataset

Training Validation

Tacc (%) Vacc (%) Error (%)
K=1 99,61 92,31 7,69
K=2 98,84 90,77 9,23
K=3 99,22 93,79 6,21
K=4 99,23 89,36 10,64
K=5 99,23 91,82 8,18
Avg acc 99,23 91,61 8,39
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Table 4: Performance metrics for predictive model evaluation

TP TN FP FN Precision  Recall F-score Kappa

HK-Classical RS 48 260 11 4 0,814 0,923 0,865 0,914
HK-NLP NodPred 52 259 3 9 0,945 0,852 0,897 0,914
NHK-Bcellgurkitt 42 276 3 2 0,933 0,955 0,944 0,915
NHK-BcellFollicular 39 280 1 3 0,975 0,929 0,951 0,915
NHK-BcellMantel 39 280 3 1 0,929 0,975 0,951 0,915
NHK-Largel3Cell 43 279 0 1 1,050 0,977 0,989 0,915
NHK-TCellLymph 33 277 6 7 0,846 0,825 0,835 0,915

Macro Mean 0,920 0,919 0,919 0,915

Weighted mean 0.916 0,918 0,916
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Table 2: Accuracy Metric Parameters [32-34]

Recall/Sensitivity Rate

Precision/Positive Prediction
value
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Kappa-score
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where :

. YT,
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Total observations = ) F, + > Fy
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Table 5: Validation score of new dataset

Score
Lymphoma Class Imgl img2 img3 img4 img5 img6b img7 img8  img9
HK-Classical RS 0,00 0,00 0,00 0,00 0,01 0,16 0,95 0,00 0,03
HK-NLP NodPred 1,00 0,00 1,00 0,00 0,00 0,00 0,01 0,55 0,12
NHK-BcellBurkitt 0,00 1,00 0,00 0,00 0,00 0,00 0,00 0,00 0,00
NHK-BcellFollicula 0,00 0,00 0,00 1,00 0,00 0,00 0,02 0,00 0,00
NHK-BcellMantel 0,00 0,00 0,00 0,00 0,99 0,00 0,00 0,00 0,00
NHK-LargeBCell 0,00 0,00 0,00 0,00 0,00 0,44 0,02 0,00 0,03
NHK-TCellLymph 0,00 0,00 0,00 0,00 0,00 0,40 0,00 0,45 0,83
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