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Abstract

The advent of whole slide imaging in digital pathology has introduced the computeraided diagnosis of tissue via digital image analysis. Digitized slides

can now be analyzed via a variety of machine learning algorithms, including deep learning as the most significant one. This commentary reviews recent

machine learning studies for lymphoma diagnosis. We will look at potential analysis strategies, technical considerations, advantages, limitations of such

approaches, and future research directions in this emergent field.

Abstract: Deep learning Whole slide imaging; Lymphoma diagnosis

Description

Modern pathology practice is moving toward a digital image
format, cumulating in utilizing computer monitor screens to
examine scanned histology slides. This process of digitization of
glass slides, in combination with the development of specialized
software tools to identify and measure features previously observed
via a microscope, has brought about digital image analysis on
tissue sections. Tissue image analysis, when performed optimally,
can result in highly precise and reproducible results. We will
briefly cover the timelines of the digital analysis for scanned tissue

slides and outline the current state of available software tools.

Digital Image Analysis

Analyzing images with objective tools is as old as microscopy itself.
Leeuwenhoek developed a system to measure microscopic objects
in the 17th century [1]. When digital images became available
with digital cameras, measurements could be extracted from
digitized tissue slides such as nuclear shape, nuclear size, cellular
circumference, cellular texture, area of certain stain chemical or
immunohistochemistry (IHC) stain, and a number of cells in a
selected area, etc. [2]. They are obtained by edge detection and cell
segmentation [3]. When undertaking quantification of biomarkers
such as IHC stains, image analysis tools can be of great value to
standardize the analysis as well as minimize bias, subjectivity, and
variability in the measured data. Typical examples include PD-L1
scoring and HER2 scoring.

Digital Image Analysis and the Introduction of
Whole Slide Imaging

Despite many incremental advances throughout the decades,
digital image analysis remained unchanged until the advent of
whole slide imaging (WSI) in the early 2000s [4]. With WSI, the
traditional histology glass slide is digitized via a slide scanner to
be displayed on a monitor screen at a similar resolution as light
microscopy. Compared to the traditional analog workflow of tissue
sections being prepared and viewed under a microscope, the new
digital workflow requires additional equipment (slide scanner,
image storage, and digital viewing workstation), trained personnel,
and specific quality control steps for quality control of scans, all of
which require increased laboratory resources [3]. However, there
are multiple advantages of digital workflow, including ease of case
sharing between pathologists, ease in organizing teaching slides,
and extraction of complex data in a highly reproducible fashion
via specialized digital image analysis software [2]. The market is
currently rapidly expanding with new companies that develop
software for extracting relevant information from WSI images
using artificial intelligence (AI) algorithms, a step beyond the

traditional digital image analysis.

Evolution of Artificial Intelligence

Al provides automated methods for data analysis. Its technique
is based on the ability of the machine to learn information

from previously saved data in databases and improve itself for
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better diagnostic purposes [5]. The Al frameworks have evolved
throughout the decades. The first conventional Al algorithms
included support vector machine (SVM) and neural network
(NN). These techniques were followed by the new sophisticated
deep learning (DL) algorithms such as convolutional neural
network (CNN), recurrent neural network (RNN), long short
term memory (LSTM), and extreme learning model (ELM) [5].
DL, the newest type of Al, has largely demonstrated itself as the
most effective and reliable technique when applied to the medical
field. It is a growing innovation trend in data analysis and has
been termed one of the ten breakthrough technologies of 2013
[6]. Since DL presents in many algorithmic formats, it is not
considered a single technique. Instead, DL can be described as
the latest generation of artificial neural networks, with the neuron
being the fundamental unit. DL consists of multiple layers of
neurons lying between input and output layers that permit higher
levels of abstraction and improved predictions from data input
[7]. Each neuron receives the input data from multiple neurons
of the previous layer and then uses unsupervised learning to
find certain characteristic features that will be filtered and added
together to ultimately generate an output to be communicated
to the next layer. Increasing the number of layers allows for more
features to be detected and more complex patterns to be learned
[8]. DL has been applied to a wide range of domains, from speech
recognition [9-13] to image analysis [14-16] and natural language
processing [17-19]. In recent years, DL techniques have become
the state of the art in computer vision. A specific DL neural
network subtype, the convolutional neural network or CNN
[20, 21], has become the de-facto standard in image recognition

and has been shown to approach human performance in various
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tasks [7]. Their level of performance has far exceeded that of
the traditional technique of digital analysis of measurements
by edge detection and cell segmentation. These CNN systems
excel by learning relevant features directly from raw data in large
image databases; this contrasts with the more traditional pattern
recognition techniques, which rely on detecting manually crafted

quantitative features [22].

CNN systems for digital image analysis have greatly benefited
from parallel processing since most image operations are based
on matrix manipulations [8]. Parallel processing significantly
decreases computing time by performing all similar matrix
operations at the same time instead of in a linear sequence. The
computer graphics cards, known as graphics processing units
(GPUgs), contain hundreds or thousands of processing cores and
significantly increase the computational speed. The core element
of the CNN algorithm is convolution [23], an operation in image
processing using kernels (filters), to detect certain characteristics
of an image. Mathematically, a convolution is done by multiplying
the pixels’ values in the image patch by a kernel matrix; this
effectively enhances the value of an image patch by adding the
weighted values of all the neighboring pixels together. By moving
the kernel across the input image, one obtains the feature map
as a filtered image. As shown in Figure 1, the CNN model [24]
has the following processing pipeline for the detection of visual
categories: the convolutional layers perform feature extraction
consecutively from the image patch to higherlevel features,
followed by the max-pooling layers’ down-sampling to reduce
the amount of computation in the network, finally, the fully-

connected layers provide a prediction based on the given features.
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Figure 1: Processing pipeline of a convolutional neural network for the detection of visual categories in images ([25], with permission).

Recent studies showed that CNNs are extremely effective in object recognition for digital images. Many medical image studies have

started to apply CNNs to a wide range of applications [14-16], and promising results have been emerging from recent studies [7, 20-22].

The study domains included: metastatic breast cancer in WSI of sentinel lymph node biopsies [26], skin cancers [27], HER2 status in

breast cancer [28], Gleason scoring for prostate cancer [29], Ki-67 labeling index for meningiomas [30], among others. We will discuss

the application of CNNs to the diagnosis of lymphoma.
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Convolutional Neural Networks and Diagnosis
of Lymphoma

Lymphoma is a clonal malignancy of lymphocytes, either T cells
or B cells. The different lymphoma entities are typically first
suspected by their pattern of growth and the cytologic features of
the abnormal cells via light microscopy of Hematoxylin and Eosin
stained tissue sections. Immunophenotyping is typically required
for diagnosis with flow cytometry and/or immunohistochemical
stains. In addition, cytogenetics, molecular pathology results,
and clinical features are often needed in finalizing the diagnosis
of certain lymphoma types [31]. Lymphoid malignancies are
diagnosed in 280,000 people annually worldwide and include
at least 38 entities according to the World Health Organization
(WHO) Classification of Lymphoid Malignancies [31]. Due to
subtle differences in histologic findings between various types of
lymphomas, histopathologic screening often presents a challenge
to practicing pathologists.  Moreover, lymph node diseases
are not restricted to malignancies; reactive and inflammatory
changes due to infections which can have similar clinical and
pathological presentations as lymphomas should always be part
of the differentials. Thus, there is a need to relieve the workload
on pathologists by obtaining automated software for screening

purposes.

Therecentintroduction of digital Whole Slide Imaging (WSI) opens
an opportunity for automated identification of histopathologic
features of lymphomas [32]. The quality of the images is pivotal
for optimal microscopic interpretation. Fortunately, digital image
acquisition has improved substantially in recent years with the
implementation of instrumentation capable of acquiring data at
very high rates and with excellent resolution [32]. Only two WSI
platforms have so far received the Food and Drug Administration
(FDA) approval for primary surgical pathology in the US beyond
the scope of research [33]. The first approval was granted in 2017
to the Philips IntelliSite Digital Pathology Solution. It is a closed
system that comprises a scanner/image management system and
display. The approval does not extend to frozen sections, cytology,
or non-formalin-fixed paraffin-embedded specimens. In 2020, the
second platform to have FDA approval for primary diagnosis is
the Leica Biosystem’s Scanner AT2 DX.

It has been noted that color variations in the tissue exist between
various staining techniques and stain color normalization
techniques are needed to alleviate such variations in training
and testing images for the CNN models [34]. It is important to
have the results confirmed in multi-center studies using different

staining protocols and different WSI instruments.

As mentioned above, the image interpretation process of digital
slides is actively studied in diagnostic medicine, particularly with

the advent of DL which made considerable contributions to the

realm of diagnostic pathology. Hematopathology has also earned
its part in this digitalization movement. Recent projects have

shown promising results using DL to detect lymphoma with WSI.

Recent Deep Learning Studies on Lymphoma
Diagnosis

Although DL is an active research field, its application to the
microscopic diagnosis of tumors is relatively new. Most published
work has focused on diagnosis between two disease entities,
between benign tissue and one specific tumor, or grading for a
known tumor, making it difficult to assess the practical value of the
designed CNNs. Fauzi FA, et al. (2015) [35] conducted a project
for automated grading of follicular lymphoma and confirmed the
usefulness of the method in tissue grading. Another study using
the Aperio AT2 instrument for WSI scanning for image analysis
showed 82.5% concordance between the pathologists and the
trained algorithms for subtyping of DLBCL [36]. A previous study
was conducted by Orlov NV, et al. (2010) to classify lymphomas
in one of the following three types: small lymphocytic lymphoma,
follicular lymphoma, or mantle cell lymphoma using spectral
analysis with a weighted-neighbor distance (WND) algorithm [37].
This study reported a high accuracy rate of 99%. However, only
a small number of 30 lymphoma cases were used which did not

provide an adequately rigorous validation for the model.

A study by El Achi H, et al. (2019) [38], was the first robust one
to get closer to actual practice by exploring how DL can be used
to accurately classify a test case as one of the four non-Hodgkin
lymphoma (NHL) entities: benign lymph node, diffuse large
B-cell lymphoma (DLBCL), Burkitt lymphoma (BL), or small
lymphocytic lymphoma (SLL). This study provided a proof of
concept for incorporating automated lymphoma diagnostic
screening into future pathology workflow to augment the
pathologists’ productivity. CNN was used to build a lymphoma
diagnosticmodel. The software was written in the Python language,
together with TensorFlow [25] and Keras [39], two important
Python libraries particularly useful in DL modelling. Parallel
processing was based on NVIDIA GPU with Compute Unified
Device Architecture (CUDA) [40]. WSI images of Hematoxylin
and Eosin slides were obtained for 128 cases including 32 cases
for each diagnostic category [41, 42]. Four sets of 5 representative
images, 40 x 40 pixels in dimension, were taken for each case.
A total of 2,560 images were obtained from which 1,856 were
used for training, 464 for validation, and 240 for testing. For
each test set of 5 images, the predicted diagnosis was combined
with predictions of five images in the selected set. The test results
showed excellent diagnostic accuracy at 95% for image-by-image
prediction and 100% for set-by-set prediction (Table 1 and Table
2, respectively). Out of 240 test images, a total of 228 images were
correctly diagnosed by the CNN model, and the remaining 12

images were given incorrect diagnoses, yielding an overall 95%
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accuracy for diagnostic prediction (Table 1). Among the 12
images with a lack of concordance between the observed and the
predicted diagnosis: 4 SLL images were predicted as benign, 4
other SLL images were predicted as DLBCL, and 4 benign images

were predicted as BL. It appears that diagnosis based solely on
one image is too stringent to be of practical value. Instead, the
final diagnosis needs to be based on all the five representative

images to exclude outliers for a given set.

Table 1: Accuracy in predicting diagnosis using one single image at a time ([25], with permission).

Observed Diagnosis
Benign DLBCL BL SLL
Benign 56 0 0 4
Predicted Diagnosis DLBCL 0 60 0 4
BL 4 0 60 0
SLL 0 0 0 52
Accuracy: 228/240=95%. Legends: DLBCL: diffuse large B cell lymphoma; BL: Burkitt lymphoma; SLL:
small lymphocytic lymphoma

Table 2: Accuracy in predicting diagnosis for sets of 5 images using majority voting (3 out of 5 images for each set must agree) ([25],

with permission).

Observed Diagnosis
Benign DLBCL BL SLL
Benign 12 - - P
Predicted Diagnosis DLBCL - 12 - -
BL - - 12 -
SLL - - - 12
Accuracy: 48/48=100% Legends: DLBCL: diffuse large B cell lymphoma; BL: Burkitt lymphoma; SLL: small
lymphocytic lymphoma

Strength and Limitation of Deep Learning in
Lymphoma Diagnosis

The strength of the most robust study by El Achi H, et al. (2019)
[38] lies in the inclusion of 4 lymphoid diseases and in focusing on
the more frequent NHL types, taking DL a step closer to practical
pathology work. Moreover, it included 128 cases collected from
two databases generated at different institutions. This variety of
cases from different populations and institutions combined with
the successful results confirmed that the algorithm surpasses the
inter-laboratory variations in the tissue processing as well as the
quality and type of slides staining. This contrasts with the human
eyes that must adapt to any modification of the staining, a difficult

and time-consuming process.

On the other hand, the current limitations of this preliminary
study consist first in including only four histologic categories, not

yet practical for actual clinical use in hematopathologic diagnosis.

The number of cases included in that study is 128, a substantial
number that generates 2,560 digital images but may still be
considered limited for DL projects which typically include many
more cases [8]. Since DL performs better with a large sample
volume, the database can be increased in size in the future by
applying the “Data Augmentation” methods such as random
cropping, image rotation, image inversion, etc. [43]. Finally,
the future design of CNN models could benefit from a process
known as “transfer learning” that helps improve the training
method. Transfer learning is based on exploiting a pre-trained
algorithm and calibrating it for a new application. The rationale
behind applying the technique resides in the fact that a pre-
trained network (such as one for gynecology or gastroenterology)
has already learned to extract abstract features from the images
and this network can be expanded to hematopathology; a process

that will speed up training the model [44, 45].
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Current Status of Deep Learning in Lymphoma References

Diagnosis

Transfer learning, in a globally-optimized platform with multiple
pre-trained CNNs, has been recently applied and has achieved
100% accuracy in DLBCL diagnosis [46]. Some architectures,
such as efficient net [47], use a compound scaling method,
which allows the smaller size and higher speed without loss of
accuracy. CNNs have also been used to predict the probability of
large cell transformation in follicular lymphoma and CLL from
bone marrow biopsies [48]. Another technique that has been
used recently is “weakly supervised learning”. In most supervised
learning techniques, the training slides have to be labeled in
detail at the level of patches or pixels, which is a very painstaking
process. In weakly supervised learning, the training slides can be
labeled as a whole such as “cancer” if there is any cancer on the
slide, or as “not cancer” if there is no cancer anywhere on the slide
[49]. Other supervised learning techniques include regression,
which can be used to locate the position of the tumor on the
slide, and segmentation, which can be used to digitally highlight
the tumor area. Recently, some “attention-based” models have
been tried which use a region selection mechanism to focus on
the most relevant areas for diagnosis. Some models use multi-
magnification networks which incorporate image patches at
different magnifications to better capture the context. There
are also variants of CNNs that use a dense scanning mechanism
that shares computations in overlapping regions. This can greatly
increase the speed of inference. A new pooling layer, called the
“anchor layer”, can also be used which can reconstruct the loss
from the max-pooling layers. Unsupervised transfer learning has
also been tried, which uses learned mapping functions, rather

than directly applying learned features to the target task [49].

Conclusion

In summary, recent deep learning studies provided a proof of
concept for incorporating automated lymphoma diagnostic
screening using digital microscopic images into the pathology
workflow to augment the pathologists’ productivity. Future
studies will need to include far more histologic entities and many
more cases for training, validation, and testing. Once this has
been achieved, the CNN models would be potentially suitable to
improve the efficiency of the diagnostic process in histopathology.
This could in turn lead to adapted protocols, where pathologists
would perform a more thorough analysis on difficult cases, as
the straightforward cases have already been handled by a DL
system. Most researchers believe that within the next 15 years,
DL-based applications will play an essential role in the pathology
laboratory, working alongside pathologists to provide a more
timely and accurate diagnosis. The pathologists will continue to
be instrumental in both the use and operation of image analysis
workflows, which will continue to evolve and transform both

clinical and research activities.

L.

10.

Meijer GA, Belién JA, Van Diest PJ, Baak JP. Origins of...
image analysis in clinical pathology. Journal of Clinical
Pathology. 1997 May;50(5):365. https://doi.org/10.1136/
jcp.50.5.365

Aeffner F, Wilson K, Bolon B, Kanaly S, Mahrt CR,
Rudmann D, Chatles E, Young GD. Commentary: Roles
for pathologists in a high-throughput image analysis team.
Toxicologic Pathology. 2016 Aug;44(6):825-34. https://doi.
org/10.1177/0192623316653492

Griffin ], Treanor D. Digital pathology in clinical use: Where
are we now and what is holding us back?. Histopathology.

2017 Jan;70(1):134-45. https://doi.org/10.1111/his.12993

Zarella MD, Bowman D, Aeffner F, Farahani N, Xthona
A, Absar SF, Parwani A, Bui M, Hartman DJ. A practical
guide to whole slide imaging: A white paper from the digital
pathology association. Archives of Pathology & Laboratory
Medicine. 2019;143(2):222-34. https://doi.org/10.5858/
arpa.2018-0343-ra

Razzak MI, Naz S, Zaib A. Deep learning for medical image
processing: Overview, challenges and the future. Classification
in BioApps. 2018:323-50. https://doi.org/10.1007,/978-3-
319-65981-7_12

MIT Technol. Rev., 2013. Deep Learning | MIT Technology

Review.

LeCun Y, Bengio Y, Hinton G. Deep learning. Nature.
2015  May;521(7553):436-44.  https://doi.org/10.1038/
nature 14539

Janowczyk A, Madabhushi A. Deep learning for digital
pathology image analysis: A comprehensive tutorial with

selected use cases. Journal of Pathology Informatics.

2016;7;29. https://doi.org/10.4103/2153-3539.186902

Dahl G, Ranzato M, Mohamed A-R, Hinton GE. Phone
recognition with the mean-covariance restricted Boltzmann

machine. In: Advances in Neural Information Processing

Systems. Curran Associates. 2010:469-477.

Hinton G, Deng L, Yu D, Dahl GE, Mohamed AR,
Jaitly N, Senior A, Vanhoucke V, Nguyen P, Sainath TN,
Kingsbury B. Deep neural networks for acoustic modeling
in speech recognition: The shared views of four research

groups. IEEE Signal Processing Magazine. 2012 Oct
18;29(6):82-97. https://doi.org/10.1109/MSP.2012.2205597

Citation: Professor. Andy N.D. Nguyen and Kareem A. Allam (2022) Deep Learning for Digital Image Analysis with Whole Slide Imaging for
Lymphoma Diagnosis: Challenges and Promises, 21* Century Pathology, Volume 2 (2): 116



Professor. Andy N.D. Nguyen, et al.

Volume 2, Issue 2

21* Century Pathol-2-116 | Page 6 of 7

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

Seide F, Li G, Yu D. Conversational speech transcription using
context-dependent deep neural networks. In Twelfth annual
conference of the international speech communication

association. 2011.

Dahl GE, Yu D, Deng L, Acero A. Context-dependent pre-
trained deep neural networks for largevocabulary speech
recognition. IEEE Transactions on Audio, Speech, and
Language Processing. 2011 Apr 5;20(1):30-42. https://doi.
org/10.1109/TASL.2011.2134090

Mohamed AR, Dahl GE, Hinton G. Acoustic modeling
using deep belief networks. IEEE Transactions on Audio,
Speech, and Language Processing. 2011 Jan 31;20(1):14-22.
https://doi.org/10.1109/TASL.2011.2109382

Hinton GE, Osindero S, Teh YW. A fast learning algorithm for
deep belief nets. Neural Computation. 2006 Jul 1;18(7):1527-
54. https://doi.org/10.1162/neco.2006.18.7.1527

Bengio Y, Lamblin P, Popovici D, Larochelle H. Greedy
layer-wise training of deep networks. Advances in Neural

Information Processing Systems. 2006;19.

Krizhevsky A, Sutskever I, Hinton GE. Imagenet classification

with deep convolutional neural networks. Advances in

Neural Information Processing Systems. 2012;25:1106-1114.

Mikolov T, Deoras A, Kombrink S, Burget L, Cernocky J.
Empirical evaluation and combination of advanced language

modeling techniques. Interspeech. 2012;2:605-608.

Socher R, Huang EH, Pennin ], Manning CD, Ng A.
Dynamic pooling and unfolding recursive autoencoders
for paraphrase detection. Advances in Neural Information

Processing Systems. 2011;24:801-809.

Bordes A, Glorot X, Weston ], Bengio Y. Joint learning of
words and meaning representations for open-text semantic

parsing. In: International Conference on Artificial
Intelligence and Statistics. JMLR. 2012;22:127-135.

Krizhevsky A, Sutskever I, Hinton GE. ImageNet classification

with deep convolutional neural networks. Advances in

Neural Information Processing Systems. 2012;25:1097-1105.

Szegedy, C. et al. Going deeper with convolutions.
arXiv:1409.4842v1  (2014).  https://doi.org/10.48550/
arXiv.1409.4842

Gurcan MN, Boucheron LE, Can A, Madabhushi A,
Rajpoot NM, Yener B. Histopathological image analysis: A

review. [EEE Reviews in Biomedical Engineering. 2009 Oct
30;2:147-71. https://doi.org/10.1109/RBME.2009.2034865

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

Solomon C, Breckon T. Fundamentals of Digital Image
Processing: A practical approach with examples in Matlab.

John Wiley & Sons; 2011;30-37.

Greenspan H, Van Ginneken B, Summers RM. Guest
editorial deep learning in medical imaging: Overview
and future promise of an exciting new technique. IEEE
Transactions on Medical Imaging. 2016 Apr 29;35(5):1153-9.
https://doi.org/10.1109/TMI1.2016.2553401

TensorFlow, An end-to-end open source machine learning

platform. https://www.tensorflow.org/

Kovalev V, Kalinovsky A, Liauchuk V. Deep learning in big
image data: Histology image classification for breast cancer
diagnosis. In Big Data and Advanced Analytics, Proc. 2nd
International Conference, BSUIR, Minsk 2016 Jun;pp: 44-
53.

Esteva A, Kuprel B, Novoa RA, Ko ], Swetter SM, Blau HM,
Thrun S. Dermatologistlevel classification of skin cancer
with deep neural networks. Nature. 2017 Feb;542(7639):115-
8. https://doi.org/10.1038/nature21056

Minot DM, Kipp BR, Root RM, Meyer RG, Reynolds CA,
Nassar A, Henry MR, Clayton AC. Automated cellular
imaging system III for assessing HER2 status in breast cancer
specimens: development of a standardized scoring method
that correlates with FISH. American Journal of Clinical
Pathology. 2009 Jul 1;132(1):133-8. https://doi.org/10.1309/
AJCPJVOSKAF2PCMY

Arvaniti E, Fricker KS, Moret M, Rupp N, Hermanns T,
Fankhauser C, Wey N, Wild PJ, Rueschoff JH, Claassen
M. Automated Gleason grading of prostate cancer tissue

microarrays via deep learning. Scientific Reports. 2018 Aug

13;8(1):12054. https://doi.org/10.1038/541598-018-30535-1

Kim Y], Romeike BF, Uszkoreit ], Feiden W. Automated
nuclear segmentation in the determination of the Ki-67

labeling index in meningiomas. Clinical Neuropathology.

2006 Mar 1;25(2):67-73.

Swerdlow SH, Campo E, Harris NL, Jaffe ES, Pileri SA, Stein
H, Thiele J, Arber DA, Hasserjian RP, Le Beau MM. WHO

classification of tumors of hematopoietic and lymphoid
tissues (Revised 4th edition) IARC. Lyon, France. 2017.

Newitt VN. Whole slide imaging for primary diagnosis: ‘Now
it is happening’. CAP Today. 2017 Mar.

Jahn SW, Plass M, Moinfar F. Digital pathology: Advantages,

limitations and emerging perspectives. Journal of Clinical

Citation: Professor. Andy N.D. Nguyen and Kareem A. Allam (2022) Deep Learning for Digital Image Analysis with Whole Slide Imaging for

Lymphoma Diagnosis: Challenges and Promises, 21* Century Pathology, Volume 2 (2): 116



Professor. Andy N.D. Nguyen, et al.

Volume 2, Issue 2

21* Century Pathol-2-116 | Page 7 of 7

34.

35.

36.

37.

38.

39.

40.

41.

Medicine. 2020 Nov;9(11):3697. https://doi.org/10.3390/  42. Virtual Slide Box from University of [owa. Available at: The

jcm9113697

Tam A, Barker J, Rubin D. A method for normalizing
pathology images to improve feature extraction for
quantitative pathology. Medical Physics. 2016 Jan;43(1):528-
37. https://doi.org/10.1118/1.4939130

Fauzi MF, Pennell M, Sahiner B, Chen W, Shana’ah A,
Hemminger ], Gru A, Kurt H, Losos M, Joehlin-Price A,
Kavran C. Classification of follicular lymphoma: the effect
of computer aid on pathologists grading. BMC Medical
Informatics and Decision Making. 2015 Dec;15(1):115.
https://doi.org/10.1186,/s12911-015-0235-6

Goldstein JS, Lee S, Jordan ], Jaye DL, Flowers C, Cooper L.
Ultilizing digital pathology informatics algorithms for diffuse
large B-cell lymphoma subtyping. Blood. 2017 Dec 8;130:4147.
https://doi.org/10.1182/blood.V130.Suppl_1.4147.4147

Orlov NV, Chen WW, Eckley DM, Macura TJ, Shamir
L, Jaffe ES, Goldberg IG. Automatic classification of
lymphoma images with transform-based global features. IEEE
Transactions on Information Technology in Biomedicine.
2010  Jul  8;14(4):1003-13.  https://doi.org/10.1109/
TITB.2010.2050695

El Achi H, Belousova T, Chen L, Wahed A, Wang I, Hu
Z, Kanaan Z, Rios A, Nguyen AN. Automated diagnosis
of lymphoma with digital pathology images using deep
learning. Annals of Clinical & Laboratory Science. 2019 Mar
1;49(2):153-60.

Keras: The Python Deep Learning library. Available at:
https://keras.io/

Nvidia Cuda-Getting Started Guide for Microsoft Windows.
DU-05349-001_v6.5, August 2014.

Virtual Pathology at the University of Leeds. Available at:
Slide Library | Virtual Pathology at the University of Leeds.

43.

4.

45.

46.

41.

48.

49.

lowa Virtual Slidebox | MBF Bioscience.

Ratner AJ, Ehrenberg H, Hussain Z, Dunnmon ], Ré C.
Learning to compose domain-specific transformations

for data augmentation. Advances in Neural Information

Processing Systems. 2017;30: 3239-3249.

Shin HC, Roth HR, Gao M, Lu L, Xu Z, Nogues I, Yao
J, Mollura D, Summers RM. Deep convolutional neural
networks for computer-aided detection: CNN architectures,
dataset and learning. IEEE
Transactions on Medical Imaging. 2016 Feb 11;35(5):1285-
98. https://doi.org/10.1109/TMI1.2016.2528162

characteristics transfer

Karpathy A. CS231n Transfer Learning. http://cs231n.

github.io/transfer-learning

Li D, Bledsoe JR, Zeng Y, Liu W, Hu Y, Bi K, Liang A, Li S.
A deep learning diagnostic platform for diffuse large B-cell
lymphoma with high accuracy across multiple hospitals.
Nature Communications. 2020 Nov 26;11(1):1-9. https://
doi.org/10.1038/541467-020-19817-3

Steinbuss G, Kriegsmann M, Zgorzelski C, Brobeil A,
Goeppert B, Dietrich S, Mechtersheimer G, Kriegsmann
K. Deep learning for the classification of non-Hodgkin

lymphoma on histopathological images. Cancers. 2021
Jan;13(10):2419. https://doi.org/10.3390/cancers13102419

Irshaid L, Bleiberg J, Weinberger E, Garritano J, Shallis RM,
Patsenker J, Lindenbaum O, Kluger Y, Katz SG, Xu ML.
Histopathologic and machine deep learning criteria to predict
lymphoma transformation in bone marrow biopsies. Archives
of Pathology & Laboratory Medicine. 2022 Feb;146(2):182-
93. https://doi.org/10.5858/arpa.2020-0510-OA

Srinidhi CL, Ciga O, Martel AL. Deep neural network models
for computational histopathology: A survey. Medical Image
Analysis. 2021 Jan 1;67:101813. https://doi.org/10.1016/].
media.2020.101813

Citation: Professor. Andy N.D. Nguyen and Kareem A. Allam (2022) Deep Learning for Digital Image Analysis with Whole Slide Imaging for

Lymphoma Diagnosis: Challenges and Promises, 21* Century Pathology, Volume 2 (2): 116



