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Abstract: Deep Learning (DL) drives academics to create models for cancer diagnosis using medical image processing because of its
innate ability to recognize difficult-to-detect patterns in complex, noisy, and massive data. The use of deep learning algorithms for real-
time cancer diagnosis is explored in depth in this work. Real-time medical diagnosis determines the illness or condition that accounts
for a patient’s symptoms and outward physical manifestations within a predetermined time frame. With a waiting period of anywhere
between 5 days and 30 days, there are currently several ways, including screening tests, biopsies, and other prospective methods, that
can assist in discovering a problem, particularly cancer. This article conducts a thorough literature review to understand how DL
affects the length of this waiting period. In addition, the accuracy and turnaround time of different imaging modalities is evaluated
with DL-based cancer diagnosis. Convolutional neural networks are critical for real-time cancer diagnosis, with models achieving up
to 99.3% accuracy. The effectiveness and cost of the infrastructure required for real-time image-based medical diagnostics are
evaluated. According to the report, generalization problems, data variability, and explainable DL are some of the most significant
barriers to using DL in clinical trials. Making DL applicable for cancer diagnosis will be made possible by explainable DL.
Keywords: artificial intelligence, Al, machine learning, DL, CNN, healthcare, real-time diagnosis, classification, image processing,
elastography, feedforward neural network

Introduction

Applications across a wide range of industries, including healthcare, climate change,' agriculture,® etc. are being
revolutionized by DL. Computers can perform tasks like picture categorization, object identification, and landmark
location better than trained human operators. Experts agree that Machine Learning (ML) is a revolutionary technology
with the potential to revolutionize how imaging data are interpreted. However, the application of such potent technol-
ogies to medical imaging is still in its infancy. Medical imaging will facilitate finding therapies suited to each person’s
needs and assist with the limited medical competence accessible in developing countries.

In a professional context, there are two ways to detect cancer: through a biopsy, the findings known in a few days, or
invasive surgery. Without invasive testing, Al can identify cancer in minutes. In® and,* wireless capsule endoscopy is
used to obtain medical images. Convolutional neural network (CNN) are the foundation of the majority of Al-based
methods for cancer detection.’

Several neural network models are being developed and employed to attain the best outcomes in medical diagnostics
due to the increased innovation in DL. Specifically, the most common models used are GoogleNet, ResNet50, AlexNet,
SegNet, VGG, Inception, and Xception.

The paper begins with a brief introduction to Al. It emphasizes current developments in DL research that have
practical applications for or could have future implications for cancer research. Cancer research was chosen because it
offers the most significant potential for DL for medical image processing. With this narrative literature review,

* This paper aims to increase public knowledge of DL’s existing contributions to cancer research and its potential.
Readers in various professions unfamiliar with such technology’s technical details will find this interesting.
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* In this work, DL approaches were exclusively evaluated. DL techniques are being considered since, in recent times,
DL has proven to be more suitable for image categorization. Further, it was explored to perform image-based cancer
diagnosis, and the emphasis is mainly on deep-learning techniques.

* From this paper, the readers will clearly understand the best image modality for a particular type of cancer
diagnosis, its pros and cons, and the recent clinical trials carried out.

* Applicability of different pre-trained models for various cancer diagnoses, that too in real-time is verified and
highlighted.

 This paper also highlights the Expected accuracy of existing methods and possible improvements for the existing
techniques.

Methods

The protocols used to find, collect, and evaluate the state of the art being studied are described in this section. The
potential for real-time cancer detection analysis was looked at first, followed by the efficacy and accuracy of several

models used in cancer detection. The PRISMA diagram for the systematic review conduction is shown in Figure 1.

Search Strategy
The following supplementary queries were also considered.
* Which approach was used?
* Which models were used in the approach?
* Is the approach able to generate real-time results?
« If a real-time analysis is impossible, why is it not possible?
» What was the accuracy of the models involved?
For this systematic review, the search criteria defined for the selection of articles are as follows:

[ Identification of Studies through Databases & Registers ]
B
~ Records removed before screening:
o Records identified from® Records marked asineligible by automation
B Databases (n = 3.84.500) tools (n=3,66.641) because they were published
g ~ before 1% January 2018 )
E )
"‘ - Records exciuded™*:
) v ] (n=16.818) because they were published not
(n=17, 859) related to the 7 most common types of ancer
that has better accuracy with image diagnostics
I *
8 Reports assessed for eligibility Reports excluded
5 | (=104D (n =769) because results were not in real-time
w2
v
Reports sought for retrieval Reports excluded
(n=272) (n = 187) were not open-access
— (n=85y***
=
K Studies included in review
g (n=85) ]

Figure | PRISM flow diagram of the systematic review conducted.
Notes: *Records were identified from PubMed and Google Scholar. **Records included only if they mentioned all or one of the most common types of cancer (top 6).
***Most common imaging techniques alone were considered. Example, CT, MRI, X-RAY, Mammography.
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e Domain
o Cancer Detection
o Real-Time Cancer Detection
o Secure Transmission of Medical Data

e Metrics
o Possibility of real-time analysis and detection
o Accuracy of models
o Categorization
o Target organs covered

e Techniques Used
o DL and its types

o Time of Research and Publication
o Articles published in 2018 or later

DL Models

Based on the above observations, this paper shall study the techniques and infrastructure used in 22 of 25 cited references
where real-time cancer detection was possible. DL includes techniques like CNNs, Long Short Term Memory Networks
(LSTMs), Recurrent Neural Networks (RNNs), Generative Adversarial Networks (GANs), Radial Basis Function
Networks (RBFNs), Self-Organizing Maps (SOMs) and Deep Belief Networks (DBNs) and their use based on’ is
comprehensively given in Table 1. Table 2 summarizes the CNN techniques used for cancer diagnosis with images as

input.

Imaging Modalities in Cancer Diagnosis

Radiological imaging is one of the most often utilized image modalities for cancer diagnosis. As per,*® in cancer disease,
when the tumor is apparent in radiological imaging, a body tissue of 1 cm? in size will include approximately 1 billion
cancer cells. Detection at this point would be too late because phenotypic alterations might already be underway. Early
molecular cancer identification is crucial for effective treatment.>® This is where molecular-level nuclear imaging is
superior. To perform early diagnosis, ascertain the stage of the disease, comprehend fundamental pathological processes,
predict the course of the disease, and administer customized medication, nuclear imaging takes non-invasive photographs
of the pathophysiologic state and provides information on specific molecular changes. In Table 3, Imaging modalities for

different types of cancer are highlighted based on®’*? and.** *®

Table | Suitability of DL Techniques for Cancer Detection

Technique Suitable for Cancer Detection using Images? Real-Time?
LSTM No. Image data input not suitable Yes
CNN Yes, especially with images Yes
SOM No. Clusters of nodes are used but individual nodes use CNN | Yes
DBN No. Ideal for image generation only Yes
Journal of Multidisciplinary Healthcare 2024:17 https: 4413
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Table 2 Convolution Neural Network Models for Cancer Detection

Organ(s) Underlying | Remarks Real-Time? Accuracy Reference
Targeted Technique
Barrett’s CNN Camera inside Esophagus, Possible 89.9% [6]
Esophagus Global prediction Classified as EAC if
(classification), Dense prediction > 90%
prediction for segmentation
Pancreas Invasive PancSeq protocol: (Invasive), | Not possible. >90% [7]
Exome DNA Sequencing, Exome Real-time DNA Sequencing
Analysis Analysis, Mutational Signature | and exome analysis are
Analysis of WES data, RNA possible. However, in the
sequencing. Mutation calling biopsy, some pieces of tissues
uses the MuTect algorithm may need processing of 29—
39 days.
Colon: CNN CNN based on SegNet Possible Sensitivity 94.38% [8]
Colonoscopy sequentially Specificity 95.92%
warped into a binary image
I: Polyp
0: No polyp
Prostate gland Shear Wave Ultrasound, Vibration Possible Sensitivity varies from 65 to [9]
Elastography | elastography, 85%
Acoustic radiation force, Specificity varies from 33 to
Shear wave elastography 82%
Colon: CNN Al-doscopist Possible Polyp-based [10]
The exact source code Results are generated on- Sensitivity: 96.875%
requires a license to use. site, instead of the patient Specificity: 92.9%
Regression-based CNN having to wait 2 weeks.
structure, ResNet50,
YOLOv2
Oesophagus CNN CAD systems Possible Image datasets — 98.04% [rm
CNN for classification; sensitivity, 95.03% specificity
results on the heat map.
Yellow -> high probability of
cancerous lesion, blue ->
non-cancerous lesion
Liver CNN Image Fusion Techniques Possible US Modal + CT/MRI: 98.7% [12]
DL models include CNN, (only 1.3% of inconspicuous
Convolutional Sparse lesions). Combining PET and
Representations, Stack MRI can boost liver cancer
Autoencoders, Image Fusion diagnosis rates from 94.4% to
Indicators 100%
Data shortage could be
a problem. A proposed
solution is to augment the
data using techniques like
GAN
(Continued)
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Table 2 (Continued).

Organ(s) Underlying | Remarks Real-Time? Accuracy Reference
Targeted Technique
Barrett’s CNN CNN model using feature Possible Dysplasia detection: 95.414% | [13]
oesophagus extraction and classification, accuracy (437 of 458 true
YOLOV2 dataset used predictions from given
confusion matrix)
Upper CNN Reduction of blind spot rate | Possible In actual EGD videos, [14]
gastrointestinal during EGD in the diagnosis WISENSE accurately
tract of upper gastrointestinal detected blind areas with
lesions. Image categorization a 90.4% accuracy rate.
was the primary technique.
Thyroid Ultrasound + | 96 individuals with 97 thyroid | Possible With a sensitivity of 0.881, [15]
Shear Wave nodules who had pathology NPV of 0.788, an accuracy of
Elastography | results underwent 0.804 (80.4%), and Youden’s
conventional B-mode index of 0.57, B-mode
ultrasonography, 2D SWE, ultrasound plus 2D SWE
and 3D SWE. produced the best results.
Gastrointestinal | CNN On the Kvasir dataset, Possible AUC was 99.98%, sensitivity | [16]
Tract benchmark CNN models was 96.8%, specificity was
including GoogleNet, 99.20, and accuracy was 97%
ResNet50, and AlexNet were for AlexNet.
pre-trained.
Colon CNN Mask-RCNN with ResNet50 | Possible Segmentation results of [17,18]
and ResNetl01| backbones, 66.07% IOU on the ETIS-
LARIB dataset, 69.04% IOU
on the CVC-Colon dataset
Prostate Gland RTSE + CETRUS (Ultrasound), Real- | Possible Sensitivity: 92.1% [19]
CETRUS Time Strain Elastography Accuracy: 86.2%
Negative Predictive Value:
84.6%
Gastrointestinal | CNN Five CNN models were Possible Accuracies are as follows: [20]
Tract trained: VGG, ResNet, VGG: 98.3%
MobileNet, Inception-v3, and ResNet: 92.3%
Xception. MobileNet: 97.6%
Training on Google Colab; Inception-v3: 90%
Keras was used for neural Xception: 98.2%
networks
Lower FFNN FFNN is based on hybrid Possible Accuracy: 99.3% [21]
Gastrointestinal features of GoogleNet, LBP, Precision: 99.2%
Tract GLCM, and FCH Sensitivity: 99%
Specificity: 100%
AUC: 99.87%
(Continued)
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Table 2 (Continued).

Organ(s) Underlying | Remarks Real-Time? Accuracy Reference
Targeted Technique
Gastrointestinal | CNN Training using the VGG-19 Possible 83% accuracy, Fl score of [22]
Tract CNN dataset, 0.821
Logistic Regression and
Ensemble of extracted
features were best for
validation.
Gastrointestinal | CNN VGG-16, ResNet-18, and Possible Accuracy: 97% [23]
Tract DenseNet-201 combined for
an ensemble of deep features
as a singular feature vector,
Feature extraction based on
SVD for optimization
Breast MRI/ MRI for detecting the lesion Possible The error values of the [24]
Ultrasound and creating a tumor model, three-dimensional views
CNN + Optotrak system for 3D were 0.75, 0.99, and 0.80
Augmented location of the lesion respectively
reality +
optical 3D
sensor
Breast CNN The model were created by Possible The final models, “model 1” | [25]
fusing the Tensorflow and and “model 2”, respectively,
Keras Python libraries, and attained AUCs of 0.785 and
the Curated Breast Imaging 0.774.
Subset of the DDSM Digital
Database for Screening
Mammography (CBISDDSM)
was used in this work
Knee CNN MRI of the knee 3D deep Possible ROC-AUC values of 0.983 [26]
neural network model for 0.006, and 0.983 are obtained
ACL injuries. with standard knee dataset
Lung CNN Two CNN architectures are | Possible ResNet has higher accuracy [27]
used for testing. Named VGG when the ImageNet dataset is
and ResNet. More precisely used (75.2% vs 70.5% for
VGG16 and ResNet50. And Top-| accuracy and 93% vs
is trained on Automatic 91.2% for Top-5 accuracy).
Cancer Detection and Results showed that CNN
Classification in Whole slide can be used for lung cancer
Lung Histopathology detection but efforts are
(ACDC@LUNGHP) dataset. required to increase
classification accuracy.
(Continued)
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Table 2 (Continued).

Organ(s) Underlying | Remarks Real-Time? Accuracy Reference
Targeted Technique
Skin CNN Human Against Machine Possible The DCNN has given [28]
(HAM) 10000 dataset is used superior results compared to
for the classification of skin VGGI6 and VGGI9. Having
cancer. VGGI6, VGGI9, and training accuracy of 99
a Deep CNN model are (VGGI6: 98 and VGG 9: 96),
implemented, trained, and testing accuracy of 99
evaluated. (VGG16: 96 and VGG19: 94),

training loss of 0.03 (VGG é:
0.12 and VGG19: 0.19) and
testing loss of 0.02 (VGG é:
0.16 and VGG19: 0.20).

Skin CNN Human Against Machine with | Possible Better results were obtained | [29,30]
10000 training images using CNN trained and
(HAM1000) dataset is used. testing accuracy was 83.11%
Different CNN architectures with precision 0.81 and recall
along with a few standard 0.80. Fscore obtained was
ways for comparison are 0.82.
used.
Breast ROlI-based Applying ROI-based DL on Possible The area under the curve will | [31,32]
DL for CAD | digital mammogram images to be a problematic issue in
and multi- extract relevant features diagnosis. But with multi-
fractal fractal dimension approach
dimension, and feature fusion, this can be
feature handled better.
fusion
Breast Transfer Modified Xception Model Possible Accuracy: 99% [33,34]
Learning helps achieve better results Precision: 99.003%

Recall: 98.995%
Sensitivity: 98.55%
Specificity: 99.14%

Table 3 Various Image Modalities and Cancer Affected Organs

Cancer affected Suitability of Image Modality
organs

Breast Popular Image Modalities:

Digital Breast Tomosynthesis (DBT); Mammography (MMG); MRI; Dedicated CT; positron emission mammography;
Dynamic contrast-enhanced MRI; ultrasound imaging;

Suitability:

MMG has the highest accuracy of 87.3%

Ophthalmology Popular Image Modalities:

Optical coherence tomography (OCT); Retinal Fundus Photographs (RFP)
Suitability:

RFP has the best accuracy of nearly 100%

(Continued)
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Table 3 (Continued).

Cancer affected Suitability of Image Modality
organs
Respiratory Popular Image Modalities:
CT scans, chest X-rays (CXR)
Suitability:

CT has the highest accuracy of 88.7%

Ovary Popular Image Modalities:

Optical Imaging; CT; MRI

Suitability:

Optical has the highest accuracy of 86%

Leukemia Popular Image Modalities:

Fluorodeoxyglucose with Positron Emission Tomography (FDG-PET); MRI; Positron emission tomography-computed
tomography (PET-CT) Scans; Ultrasound Imaging

Suitability:

Even though it is extremely difficult to detect leukemia, MRI is the most suitable

Gl tract Popular Image Modalities:
Ultrasound (US); CT; MRI Imaging; PET
Suitability:

FDG Pet with 90% accuracy

Gliomas Popular Image Modalities:

Computed Tomography, MRI, Hyperstereoscopy Image, MR Spectroscopy
Suitability:

98% accuracy for classification is achieved using MR images

Image Pre-Processing

Images can be gathered after an imaging modality is selected for a specific disease type. It might be impossible to extract
the information required for medical analytics for illness diagnosis from the image data in its raw format. Pre-processing
for the photos must be done in stages. Image pre-processing methods for cancer illness identification are highlighted in
this subsection. Pre-processing includes a five-step procedure: background removal, identification of the bounding box,
enlarging the bounding box, normalizing image intensity, and image resizing. Table 4 shows the pre-processing

techniques used for various types of cancer.*’ >’

Immunotherapy and DL Models
The field of immunotherapy is becoming more and more popular for treating cancer. There are numerous immunotherapy

56,57

strategies available, and it is necessary to determine which therapy is best for each individual patient. For accurate

58,59

therapy, these identifications should also be made in real-time with diagnostics. DL methods like those in are applied

to increase the precision. The use of ML and DL methods as an immunotherapy modality is covered in full in.>

Challenges
With the prevalent use of image processing for medical diagnosis, the following challenges are encountered for real-time
use.

* To ensure that image processing aids in real-time medical diagnosis, scalable algorithms and cutting-edge
parallelization approaches must be created. With the development of scalable algorithms and more advanced paralle-
lization approaches in recent years, a sustainable ecosystem for image-based medical diagnostics is still required.
Every tool and method for accessing everywhere should be present in this ecosystem. This might be disseminated in
a cloud setting.
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Table 4 Pre-Processing Techniques for Various Types of Cancer

Cancer Type Image Pre-Processing Techniques used

Breast Cancer | Mean filter or average filter; Median filter, Wiener filter; Adaptive median filter. The adaptive Median Filter is the one that
provides the best accuracy.
® Maximum accuracy with Pre-processing: 95.42%

® Maximum accuracy with Pre-processing: 98.34%

Lung Cancer Enhancement; Noise/background removal; contrast optimization
® Maximum accuracy with Pre-processing: 92%

® Maximum accuracy with Pre-processing: 86%

Skin Cancer CHC-Otsu algorithm; Otsu Thresholding. In addition to showing improvement in accuracy, these techniques also reduced the
execution time.
® Maximum accuracy with Pre-processing: 93.3%

® Maximum accuracy with Pre-processing: 92.1%

Gl Tract Augmentation approaches; Gaussian noise; salt and pepper noise; Poisson noise removal
Cancer ® Maximum accuracy with Pre-processing: 93.3%

® Maximum accuracy with Pre-processing: 92.1%

Gliomas The maximum accuracy achieved for detecting cancerous brain tumors is 98%.

* Real-time image processing for medical diagnostics requires a High-Performance Computing (HPC) environment
like a GPU, TPU, or FPGA. Additionally, a computerized process and analog microscopes for examination necessitate
significant infrastructure investments. Global attention must be paid to the availability of this infrastructure in rural
areas, emerging countries, and underdeveloped countries for these technologies to be used worldwide. Rural places
with limited equipment and experience, particularly those with imbalanced medical expertise, will profit from these
developments.

* Due to network capacity limitations, transmitting breast cancer pathology images will be complex. Moreover, there
is no guarantee that highly qualified cancer specialists at big city hospitals will always be accessible for online diagnosis.
Making an automated version that is on par with human expertise in making informed decisions is necessary.

» Even though the cloud environment is faster, edge devices in the health care centers could become a bottleneck.
Edge devices must have faster processing power. When possible, computations should be performed entirely on edge

devices, with the least amount of data being uploaded or downloaded to or from the cloud.

Discussions
This section highlights the essential findings in the current work made during the literature survey to provide a real-time
medical diagnosis of diseases like cancer.

Computer-assisted diagnosis (CAD) is used to help diagnose early esophageal squamous cell carcinomas (ESCCs)

126073 1t is crucial to find cancer early. However, endoscopic

and precancerous lesions in real-time are done in.
examination quality control and the general need for skilled endoscopists are significant issues on a global scale. For
automating to enable a CAD system to function as “a second observer” during an endoscopic examination and help non-
experts diagnose cancer and reduce missed diagnoses, high-performance DL models are required. In theory, there are
proofs for high-performance deep-learning models that can detect cancer in an automated manner. In the real-time
diagnosis of cancer and spinal illnesses, execution speed is just as crucial as accuracy. In,”* Rapid findings are available
from the IdyllaTM EGFR Mutation Test three hours after the request. This study sought to evaluate the results of the

IdyllaTM EGFR Mutation Test in comparison to those from the most recent standardized testing.
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Possibility of Real-Time Analysis and Detection

Millions of AI/DL models for cancer and spinal illness detection were never used in clinical settings.”> ™ This is due to
several factors. One is that, until recently, there needed to be more relevant regulatory agency instruction regarding the
procedures required for regulatory approval. This has recently begun to alter. One significant and occasionally under-
appreciated impediment to the application of Al in healthcare settings is the unavailability of user-friendly software. With
many advancements in DL models for exascale computing in the cloud, it becomes a reality to have real-time medical
diagnostics in remote and rural areas in the absence of experts and costly equipment.

The first step in applying DL in clinical practice is digitization. While pathology has been reluctant to adopt
digitization, radiography has already undergone this change. Since more than 20 years ago, there have been tools for
digitizing pathology samples, but advancements have needed to be faster. The speed of digital images has significantly
increased recently, and cloud storage is now widely available. An additional innovation is required to make this
technology more user-friendly, affordable, and accessible in environments with limited resources.

One of the main problems in medicine is communication. Pathologists currently dictate reports entered into electronic
health records and distributed to clinicians. “How AI will function in this communication system” is unclear.
Furthermore, it is unclear how the doctor would receive the Al reports and what they will contain. Finally, it is unclear
how the clinician will apply this knowledge to the patient’s clinical management. DL experts will need to address some
of these problems collaboratively with pathologists and physicians.

Accuracy of Models in Real-Time

When data to train AI models is more easily accessible, one imagines that DL models predicting response to medicines
will develop and perform well enough to be integrated into clinical. In the long run, DL models may be used to create
precise medication based on the distinct profiles of each patient. DL models can be used to find individualized strategies
for lowering risky behaviors (such as smoking and binge eating) that increase a person’s likelihood of acquiring cancer.
DL models, which will soon be a standard toolset for comprehending extensive experimental results, can be used to
understand gene expression and genetic programs in cancer diagnosis and treatment. With high accuracy, it can be used
to model the response to cancer treatment and create therapeutics. Large datasets and DL models will increase our
understanding of cancer biology and cancer immunology, which will ultimately help us identify the pattern and
correlation of different features in images for cancer diagnosis.

Clinical Trials, DL, and Roadblocks for Computer-Aided Cancer Diagnosis

DL in cancer diagnosis aspires to eventually automate an activity currently performed by humans with improved speed or
accuracy. A comparison is needed between human decisions or another “ground truth” set of diagnoses or classifications
to determine the effectiveness of a DL model. This section explains the current literature analysis for any work on the
clinical usage of a deep-learning cancer diagnosis. A supervised mode of DL is used in all the clinical applications
discussed here. In,** Coudray et al developed a model to detect lung cancer with an accuracy of 97%. Here the model
was tested in a clinical workflow with tile-based slide images. When the same model was used for the whole slide image,
the accuracy dropped to 83%. In,** local gene expression was done using histopathology images from 23 breast cancer
patients. ST-Net was used to do the modeling and achieved better accuracy. In®® and,®” DL based model for treating gut
cancer was proposed and analyzed for its clinical efficiency. In,°® intraoperative cancer diagnosis based on a DL model is
proposed with an accuracy of 94.6%. Many CNN models are increasingly being used in clinical trials for aiding cancer
diagnosis using medical image diagnostics. Even though complete automation of cancer diagnosis using DL in the
clinical workflow is not possible currently, many clinical trials use DL capabilities to understand the statistics better and
make better decisions.

Explainable DL: Road Ahead for DL in Clinical Cancer Diagnosis
Studying the biological patterns or processes revealed by DL could increase our knowledge and contribute to the medical
community’s trust in such systems. DL clinical applications currently suffer from scalability and customizability
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difficulties. Explainable DL models®®°' can ensure doctors that the DL system is performing as expected. To comply
with health regulatory norms, this is necessary. Patients may also utilize it to understand how their diagnosis and
treatment are being carried out and if they feel the need to contest the results. The clinical study in®? explains that using
an explainable DL model in lung cancer diagnosis achieved more than 98% accuracy. A detailed review of explainable

9 94,95
3 In,™

DL for medical diagnosis is done in. comprehensive frameworks for cancer diagnosis using pre-trained CNN

models are proposed. These models have better computationally cost and accuracy.

Regulatory-Approved DL for Clinical Cancer Diagnosis

The discipline of radiology is a trailblazer for regulatory-approved devices/techniques available in the market. This is
likely because DL technology intensely loves imaging, and radiology is an image-intensive field. Regulatory-approved
devices are increasingly available, with many developed countries adopting Software as a Medical Device (SaMD). As
explained in this paper, autonomous cancer diagnostics is possible through imaging techniques, and many of these
devices are already regulatory-approved. ML/DL-based SaMD are strongly tied to each nation’s industrial and cultural
histories; a development concentrated on each nation’s advantages can result in increased global competitiveness.
Additionally, considering each nation’s advantages and building a framework for more operational improvements are
necessary to maximize DL’s healthcare possibilities.

Future Directions

The automated real-time diagnosis of medical conditions will increase by deploying new DL techniques across scientific
research, inquiry, and healthcare support. The data and computational resources available will determine the growth rate
and application scope. Further, DL-driven efforts will be made in these areas, for example, to guide and plan the use of
radiation and systemic therapy and to forecast cancer patients’ reactions using multimodal data dynamically. The hope
and enthusiasm around Al will continue to be fueled by such initiatives. However, clinical translation will not advance
until a rigorous statistical foundation, regulatory infrastructure, and standards for benchmarking to ensure quality control
and validation. The first will be DL tools that focus on workflow efficiencies.

Conclusions
The main objective of this systematic review was “Can DL models automate medical diagnosis (particularly for cancer
illnesses) in real-time?” It was found that automated cancer diagnosis is only possible with a high-performance DL
model, high-performance infrastructure, and sophisticated governance mechanism.”® The literature was examined to find
DL models that can conduct precise medical diagnoses utilizing photos without a specialist’s assistance. High-
performance DL models with this kind of potential have been found.’””® The next step is to confirm that these models
can be used in a way that allows for real-time outcomes. These kinds of high-performance DL models have been
discovered. The next stage is to verify that these models can be applied in a fashion that allows for real-time results.
Real-time results depend on the model’s efficiency and the availability of high-performance infrastructure. The high-
performance infrastructure includes

« advanced input devices (AR/VR-based radiography instruments),

* high-performance processing units (GPU, TPU, and FPGA), and

* a high-speed communication medium with incredibly swift edge devices.

Even though such high-performance infrastructure is only accessible in far-off places, it is via widespread use that
a sustainable digital healthcare system will be created. A sophisticated governance framework, protocols for utilizing
high-performance DL models and high-performance infrastructure must all be designed. This last criterion is still a work
in progress. Society can only have a fully automated, real-time-delivering DL model if all three conditions are met.

For DL to be practically used in cancer diagnosis, the biological relevance of explainability must be thoroughly
studied. Explainability will help receive regulatory approval and make DL a diagnostic tool. Medical imaging comprises
cross-validating clinically significant regions discovered by DL against pathology analysis. The best guess method of DL
will not be sufficient for clinical usage in diagnosing cancer. Probabilistic DL to quantify prediction uncertainty will be
crucial in aiding DL to be a better diagnostic tool.

Journal of Multidisciplinary Healthcare 2024:17 https: 4421

Dove:


https://www.dovepress.com
https://www.dovepress.com

Sriraman et al Dove

Disclosure
The authors declare no conflicts of interest in this work.

References

—_

o0

20.

21.
22.

23.

24.

25.

26.

217.
28.

29.

30.

31.

32.

. Haq MA, Jilani AK, Prabu P. DL-based modeling of groundwater storage change. CMC-Comp Material Contin. 2021;70(1):4599-4617.
.Haq MA. CNN-based automated weed detection system using UAV imagery. Comput Syst Sci Eng. 2022;42(2):837-849. doi:10.32604/

csse.2022.023016

Jia X, Xing X, Yuan Y, Xing L, Meng MQ. ”Wireless capsule endoscopy: a new tool for cancer screening in the colon with deep-learning-based

polyp recognition” in Proceedings of the IEEE, Venice, Italy, pp. 178197, 2020.

. Nadeem S, Tahir MA, Naqvi SS, Zaid M, “Ensemble of texture and DL features for finding abnormalities in the gastro-intestinal tract”, Springer,

Cham International Conference on Computational Collective Intelligence, Bristol, UK, pp. 469-478, 2018.

. Dabeer S, Khan MM, Islam S. Cancer diagnosis in histopathological image: CNN based approach. Inf Med Unlocked. 2019;16(1):100231.

doi:10.1016/j.imu.2019.100231

. Ebigbo A, Mendel R, Andreas M, et al. Real-time use of Al in the evaluation of cancer in barrett’s oesophagus. BMJ Gut. 2019;69(4):615-616.

doi:10.1136/gutjnl-2019-319460

. Markey MK, Joseph YL, Georgia D, Carey E. Self-organizing map for cluster analysis of a breast cancer database”. Al in Medicine. 2003;27

(2):113-127.

. Wang P, Berzin TM, Brown JR, et al. Real-time automatic detection system increases colonoscopic polyp and adenoma detection rates:

a prospective randomized controlled study. BMJ Gut. 2019;68(10):1813—-1819. doi:10.1136/gutjnl-2018-317500

. Zhang Y, Meng Z, Xu Y, Lu Q, Hou R. Real-time elastography in the diagnosis of prostate cancer: a systematic review. Medical Ultrasonography.

2019;21(3):327-335. doi:10.11152/mu-1965

. Poon C, Jiang Y, Zhang R, et al. Al-doscopist: a real-time deep-learning-based algorithm for localising polyps in colonoscopy videos with edge

computing devices. Npj Digital Med. 2023;3(73):14-18.

. Li C, Zhu A. Application of image fusion in diagnosis and treatment of liver cancer. Appl Sci. 2020;10(3):1171. doi:10.3390/app10031171
. Guo L, Xiao X, Wu C, et al. Real-time automated diagnosis of precancerous lesion and early esophageal squamous cell carcinoma using a deep

learning model. Gastrointestinal Endoscopy. 2019;91(1):41-51. doi:10.1016/j.gie.2019.08.018

. Hashimoto R, Requa J, Dao T, et al. Artificial intelligence using convolutional neural networks for real-time detection of early esophageal neoplasia

in barrett’s esophagus. Gastrointest End. 2020;91(6):1264-1271. doi:10.1016/j.gie.2019.12.049

. Wu L, Zhang J, Zhou W, et al. Randomised controlled trial of WISENSE, a real-time quality improving system for monitoring blind spots during

esophagogastroduodenoscopy. BMJ Gut. 2019;68(12):2161-2169. doi:10.1136/gutjnl-2018-317366

. Han RJ, Du J, Li FH, et al. Comparisons and combined application of two-dimensional and three-dimensional real-time shear wave elastography in

diagnosis of thyroid nodules. J Cancer. 2019;10(9):1975-1984. doi:10.7150/jca.30135

. Al A, Mosleh S, Ebrahim A, et al. DL algorithms for detection and classification of gastrointestinal diseases. Complexity. 2021;20:1-12.
. Gamage C, Wijesinghe I, Chitraranjan C, Perera I. “GI-Net: anomalies classification in gastrointestinal tract through endoscopic imagery with deep

learning”, IEEE Moratuwa Engineering Research Conference (MERCon), Moratuwa, Sri Lanka, pp. 66-71, 2019.

. Bousselham W. ”Deep learning for automated real-time detection and segmentation of intestinal lesions in colonoscopies” 15th International Joint

Conference on Computer Vision, Imaging and Computer Graphics Theory and Applications, Valletta, Malta, pp. 783—793, 2020.

. Chang Y, Yang J, Hong H, et al. The value of contrast-enhanced ultrasonography combined with real-time strain elastography in the early diagnosis

of prostate cancer. Aging and Disease. 2018;9(3):480-488. doi:10.14336/AD.2017.0704

Igbal MJ, Javed Z, Sadia H, et al. Clinical applications of artificial intelligence and machine learning in cancer diagnosis: looking into the future.
Cancer Cell Int. 2021;21(1):—270. doi:10.1186/512935-021-01981-1

Dheir IM, Abu-Naser SS. Classification of anomalies in gastrointestinal tract using DL. In/ J Acad Eng Res. 2021;6(3):1.

Fati SM, Senan EM, Azar AT. Hybrid and deep learning approach for early diagnosis of lower gastrointestinal diseases. Sensors. 2022;22(11):4079.
doi:10.3390/522114079

Poturnayova A, Dzubinova L, Burikova M, Bizik J, Hianik T. Detection of breast cancer cells using acoustics aptasensor specific to HER2
receptors. Biosensors. 2019;9(2):72. doi:10.3390/bi0s9020072

Goudarzi S, Whyte J, Boily M, et al. Segmentation of arm ultrasound images in breast cancer-related lymphedema: a database and deep learning
algorithm. IEEE Trans Biomed Eng. 2023;10(11):1-12.

Vivarelli S, Salemi R, Candido S, et al. Gut microbiota and cancer: from pathogenesis to therapy. Cancers. 2019;11(38):11. doi:10.3390/
cancers11010038

Aggarwal R, Sounderajah V, Martin G, et al. Diagnostic accuracy of deep learning in medical imaging: a systematic review and meta-analysis. Npj
Digital Med. 2021;4(65):982-990. doi:10.1038/s41746-021-00438-z

Frangioni JV. New technologies for human cancer imaging. J clin oncol. 2018;26(24):4012—4021. doi:10.1200/JC0O.2007.14.3065

FuY, Lei Y, Wang T, et al. A review of deep learning-based methods for medical image multi-organ segmentation. Elsevier Phys Med. 2021;1
(65):107-122. doi:10.1016/j.ejmp.2021.05.003

Kinkel L, Ying L, Marcus B, Robert S, Ruedi F. Detection of hepatic metastases from cancers of the gastrointestinal tract by using noninvasive
imaging methods (US, CT, MR imaging, PET): a meta-analysis. Radiology. 2008;224(3):748-756. doi:10.1148/radiol.2243011362

Irshad R, Shahid H, Shahab S, et al. A novel loT-enabled healthcare monitoring framework and improved grey wolf optimization algorithm-based
deep convolution neural network model for early diagnosis of lung cancer. Sensors. 2023;23(6):29-32. doi:10.3390/s23062932

Zebari DA, Dheyaa Al Diyar QZ, et al. Systematic review of computing approaches for breast cancer detection-based computer-aided diagnosis
using mammogram images. Appl Artif Intell. 2021;35(15):2157-2203. doi:10.1080/08839514.2021.2001177

Mukhlif AA, Al-Khateeb B, Mohammed M. Classification of breast cancer images using new transfer learning techniques. fragi J Comp Sc Math.
2023;4(1):167-180.

4422 s Journal of Multidisciplinary Healthcare 2024:17

Dove!


https://doi.org/10.32604/csse.2022.023016
https://doi.org/10.32604/csse.2022.023016
https://doi.org/10.1016/j.imu.2019.100231
https://doi.org/10.1136/gutjnl-2019-319460
https://doi.org/10.1136/gutjnl-2018-317500
https://doi.org/10.11152/mu-1965
https://doi.org/10.3390/app10031171
https://doi.org/10.1016/j.gie.2019.08.018
https://doi.org/10.1016/j.gie.2019.12.049
https://doi.org/10.1136/gutjnl-2018-317366
https://doi.org/10.7150/jca.30135
https://doi.org/10.14336/AD.2017.0704
https://doi.org/10.1186/s12935-021-01981-1
https://doi.org/10.3390/s22114079
https://doi.org/10.3390/bios9020072
https://doi.org/10.3390/cancers11010038
https://doi.org/10.3390/cancers11010038
https://doi.org/10.1038/s41746-021-00438-z
https://doi.org/10.1200/JCO.2007.14.3065
https://doi.org/10.1016/j.ejmp.2021.05.003
https://doi.org/10.1148/radiol.2243011362
https://doi.org/10.3390/s23062932
https://doi.org/10.1080/08839514.2021.2001177
https://www.dovepress.com
https://www.dovepress.com

Dove Sriraman et al

33.

34.

35.

36.

37.
38.

39.

40.

Tandel G, Mainak BS, Omprakash G, et al. A review on a deep learning perspective in brain cancer classification. Cancers. 2019;11(1):111.
doi:10.3390/cancers11010111

Al-Antari MA, Al-Masni MA, Choi MT, et al. A fully integrated computer-aided diagnosis system for digital X-ray mammograms via deep learning
detection, segmentation, and classification. Int J Med Inform. 2018;117(1):44-54. doi:10.1016/j.ijjmedinf.2018.06.003

Ebrahim S, Mukti E, Jadhav T, et al. Early diagnosis of brain tumour mri images using hybrid techniques between deep and machine learning.
Comput Mat Meth. 2022;13(9):1609.

Benzheng W, Zhongyi H, Xueying H, et al. “Deep learning model-based breast cancer histopathological image classification” IEEE 2nd
International Conference on Cloud Computing and Big Data Analysis (ICCCBDA), pp. 348-353, 2017.

Rasool M, Nor A, Wadii B, et al. A Hybrid deep learning model for brain tumour classification”. Entropy. 2022;24(6):799. doi:10.3390/e24060799
Chatterjee S, Faraz A, Andreas N, Oliver S. Classification of brain tumours in MR images using deep spatiospatial models. Sci Rep. 2022;12
(1):1505. doi:10.1038/541598-022-05572-6

Beeravolu AR, Azam S, Jonkman M, et al. Preprocessing of breast cancer images to create datasets for deep-CNN. IEEE Access. 2021;9
(1):33438-33463. doi:10.1109/ACCESS.2021.3058773

Debelee TG, Kebede SR, Schwenker F, Shewarega ZM. Deep Learning in selected cancers’ image analysis-a survey. J Imaging. 2020;10
(6):111-121.

41. Ayshath T, Thasleema AP, Rajesh R. Lung cancer detection using CT scan images: a review on various image processing techniques. Data
Analytics and Learning. 2019;1(1):413-419.

42. Makaju S, Prasad PW, Abeer A, Singh AK, Elchouemi A. Lung cancer detection using CT scan images. Procedia Comput Sci. 2018;125
(1):107-114. doi:10.1016/j.procs.2017.12.016

43. Adegun A, Viriri S. Deep learning techniques for skin lesion analysis and melanoma cancer detection: a survey of state-of-the-art. Artif Intell Rev.
2021;54(1):811-841. doi:10.1007/s10462-020-09865-y

44. Joseph S, Oludayo O. Preprocessing effects on performance of skin lesion saliency segmentation. Diagnostics. 2022;12(2):344. doi:10.3390/
diagnostics12020344

45. Loyez M, Hassan E, Liu MLF, et al. Rapid detection of circulating breast cancer cells using a multiresonant optical fiber aptasensor with plasmonic
amplification. ACS Sens. 2020;5(2):454-463. doi:10.1021/acssensors.9b02155

46. Aguirre A, Nowak J, Camarda N, et al. Real-time genomic characterization of advanced pancreatic cancer to enable precision medicine. Cancer
Discovery. 2018;8(9):1096—-1111. doi:10.1158/2159-8290.CD-18-0275

47. Zhao Y, Junkai X, Qisong C. Analysis of curative effect and prognostic factors of radiotherapy for esophageal cancer based on the CNN.
J Healthcare Engi. 2021;1(1):8.

48. Ai A, Chen L, Xiaoyan L, et al. A state-of-the-art review for gastric histopathology image analysis approaches and future development. BioMed
Rese Intern. 2021;9(1):2296.

49. Almadhoun H, Rafiq SS, Abu N. Detection of brain tumor using deep learning. Int J Academic Engin Res. 2022;6(3):29-47.

50. Jeon Y, Yoshino K, Hagiwara S, Watanabe A, Quek Et.al ST. Interpretable and lightweight 3-D deep learning model for automated ACL diagnosis.
IEEE J Biomed Health Inform. 2021;25(7):2388-2397. doi:10.1109/JBHI1.2021.3081355

51. Sari¢ M, Russo M, Stella M, Sikora M, “CNN-based method for lung cancer detection in whole slide histopathology images” 4th International
Conference on Smart and Sustainable Technologies (SpliTech), Bol and Split, Croatia, pp. 1-4, 2019.

52. Vente CD, Vos P, Hosseinzadeh M, Pluim J, Veta M. Deep learning regression for prostate cancer detection and grading in bi-parametric MRI. /[EEE
Trans Biomed Eng. 2021;68(2):374-383. doi:10.1109/TBME.2020.2993528

53. Islam R, Matin A, “Detection of COVID 19 from CT image by the novel LeNet-5 CNN architecture” 23rd International Conference on Computer
and Information Technology (ICCIT), Dhaka, Bangladesh, pp. 1-5, 2020.

54. Nafi’iyah N, Setyati E, “Lung X-Ray image enhancement to identify pneumonia with CNN” 3rd East Indonesia Conference on Computer and
Information Technology (EIConCIT), Surabaya, Indonesia, pp. 421-426, 2021.

55. Chittajallu SM, Deepthi ML, Parasa D, Bano S, “Classification of binary fracture using CNN” Global Conference for Advancement in Technology
(GCAT), Bengaluru, India vol. 1, no. 1, pp. 1-5, 2019.

56. Guven DC, Sahin TK, Erul E, et al. The association between albumin levels and survival in patients treated with immune checkpoint inhibitors:
a systematic review and meta-analysis. Front Mol Biosci. 9:1039121. doi:10.3389/fmolb.2022.1039121

57. Dall’Olio FG, Rizzo A, Mollica V, Massucci M, Maggio I, Massari F. Immortal time bias in the association between toxicity and response for
immune checkpoint inhibitors: a meta-analysis. Immunotherapy. 2021;13(3):257-270. doi:10.2217/imt-2020-0179

58.Yang Y, Zhao Y, Liu X, Huang J. Artificial intelligence for prediction of response to cancer immunotherapy. In Semi Canc Biolog.
2022;87:137-147. doi:10.1016/j.semcancer.2022.11.008

59. McGale JP, Chen DL, Trebeschi S, et al. Artificial intelligence in immunotherapy PET/SPECT imaging. Eur Radiol. 2024;1-13.

60. Kalyan CG, Neelakanteswara P, Nagaraj J, Harika S, Basha CZ, “Automatic classification of human gender using X-ray images with fuzzy C means
and convolution neural network™ 4th International Conference on Electronics, Communication and Aerospace Technology (ICECA), Coimbatore,
India, pp. 919-923, 2020.

61. Pradhan A, Sarma B, Dey BK, “Lung cancer detection using 3D convolutional neural networks” International conference on Computational
Performance Evaluation (ComPE), Shillong, India, pp 765-770, 2020.

62. Ravikumar A, Sriraman H, Saketh PMS, Lokesh S, Karanam A. Effect of neural network structure in accelerating performance and accuracy of
a convolutional neural network with GPU/TPU for image analytics. PeerJ Comput Sci. 2022;8:¢909. doi:10.7717/peerj-cs.909

63. Jing C, Ge Z, Mengkun D, et al. Real-time arrhythmia classification algorithm using time-domain ECG feature based on FFNN and CNN. Math
Proble Engine. 2021;2021(1):17.

64. Gopi K, Selvakumar J. Cloud-based lung tumor detection and stage classification using deep learning Techniques. Biomed Res Int. 2022;2022
(1):17.

65. Hsu CH, Chen X, Lin W, et al. Effective multiple cancer disease diagnosis frameworks for improved healthcare using machine learning.
Measurement. 2021;175(1):109145. doi:10.1016/j.measurement.2021.109145

66. Hollon TC, Pandian B, Adapa AR, et al. Near real-time intraoperative brain tumor diagnosis using stimulated Raman histology and deep neural
networks. Nature Medicine. 2020;26(1):52—58. doi:10.1038/s41591-019-0715-9

Journal of Multidisciplinary Healthcare 2024:17 https: 4423

Dove:


https://doi.org/10.3390/cancers11010111
https://doi.org/10.1016/j.ijmedinf.2018.06.003
https://doi.org/10.3390/e24060799
https://doi.org/10.1038/s41598-022-05572-6
https://doi.org/10.1109/ACCESS.2021.3058773
https://doi.org/10.1016/j.procs.2017.12.016
https://doi.org/10.1007/s10462-020-09865-y
https://doi.org/10.3390/diagnostics12020344
https://doi.org/10.3390/diagnostics12020344
https://doi.org/10.1021/acssensors.9b02155
https://doi.org/10.1158/2159-8290.CD-18-0275
https://doi.org/10.1109/JBHI.2021.3081355
https://doi.org/10.1109/TBME.2020.2993528
https://doi.org/10.3389/fmolb.2022.1039121
https://doi.org/10.2217/imt-2020-0179
https://doi.org/10.1016/j.semcancer.2022.11.008
https://doi.org/10.7717/peerj-cs.909
https://doi.org/10.1016/j.measurement.2021.109145
https://doi.org/10.1038/s41591-019-0715-9
https://www.dovepress.com
https://www.dovepress.com

Sriraman et al Dove

67.

68.
69.

70.

Siafaka PI, Okur N, Karantas ID, Okur ME, Giindogdu EA. Current update on nanoplatforms as therapeutic and diagnostic tools: a review for the
materials used as nano theranostics and imaging modalities. Asian J Pharm Sci. 2020;16(1):24—46. doi:10.1016/j.ajps.2020.03.003

Lubdha M, Shah M, Salzman LK. Imaging of spinal metastatic disease. Int/ J Surg Oncol. 2011;2011:12.

Godersky JC, Smoker WR, Knutzon R. Use of magnetic resonance imaging in the evaluation of metastatic spinal disease. Neurosurgery. 1987;21
(5):676—680. doi:10.1227/00006123-198711000-00013

Karabulut EM, Ibrikci T. Effective automated prediction of vertebral column pathologies based on logistic model tree with SMOTE preprocessing.
J Medical Syst. 2014;38(50). doi:10.1007/s10916-014-0050-0

71. Scholl I, Aach T, Deserno TM, Kuhlen T. Challenges of medical image processing. Com Scie Res Develop. 2011;26(1):5-13. doi:10.1007/s00450-
010-0146-9

72. Nagpal K, Foote D, Liu Y, et al. Corrado GS. development and validation of a deep learning algorithm for improving Gleason scoring of prostate
cancer. Npj Digital Med. 2(1):482019.

73. Yu K, Tan L, Lin L, et al. Deep-learning-empowered breast cancer auxiliary diagnosis for 5GB remote E-health. IEEE Wireless Commun. 2021;28
(3):54-61. doi:10.1109/MWC.001.2000374

74. Luo H, Xu G, Li C, et al. Real-time artificial intelligence for detection of upper gastrointestinal cancer by endoscopy: a multicentre, case-control,
diagnostic study. Lancet Oncol. 2019;20(12):1645-1654. doi:10.1016/S1470-2045(19)30637-0

75. O’Shea RJ, Sharkey AR, Cook GJR, Goh V. Systematic review of research design and reporting of imaging studies applying convolutional neural
networks for radiological cancer diagnosis. Eur Radiol. 2021;31:7969-7983. doi:10.1007/s00330-021-07881-2

76. Frauke W, Ihling C, Méhes G, et al. Pan-tumor T-lymphocyte detection using deep neural networks: recommendations for transfer learning in
immunohistochemistry. J Pathology Inform. 2023;14(1):100301. doi:10.1016/j.jpi.2023.100301

77. Ruichen R, Wang S, Zhang X, et al. Enhanced pathology image quality with Restore-GAN. Am J Pathol. 2023;193(4):404-416. doi:10.1016/j.
ajpath.2022.12.011

78. Khairalseed M, Hoyt K. High-resolution ultrasound characterization of local scattering in cancer tissue. Ultrasound Med Biol. 2023;49(4):951-960.
doi:10.1016/j.ultrasmedbio.2022.11.017

79. Khan SI, Sharior A, Karim R, et al. MultiNet: a deep neural network approach for detecting breast cancer through multi-scale feature fusion. J King
Saud Un Compu Inform Scie. 2022;34(8):6221-6228. doi:10.1016/j.jksuci.2021.08.004

80. Sonam M, Tiwari S, Mothukuri MC, et al. A review on recent developments in cancer detection using machine learning and deep learning models.
Biomed. Signal Process. Control. 2023;80(1).

81. Munipraveena R, Rao N, Reddy R. A diagnosis system by U-net and deep neural network enabled with optimal feature selection for liver tumor
detection using CT images. Multim Tools Appl. 2023;82(3):3185-3227. doi:10.1007/s11042-022-13381-2

82. Muhammad I, Khan S, Hossain S, Uddin MN. Data augmentation guided breast cancer diagnosis and prognosis using an integrated deep-generative
framework based on breast tumor’s morphological information. Inf Med Unlocked. 2023;37(1).

83. Bhattacharyy D, Stephen E, Rao NT. Medical image analysis of lung cancer CT scans using deep learning with swarm optimization techniques,
Machine Intelligence, Big Data Analytics, and IoT in Image Processing. Practl Appl. 2023;23(1):23-50.

84. Hameedur R, Fatima T, Bukht N, et al. Efficient breast cancer diagnosis from complex mammographic images using deep convolutional neural
network. Comput Intell Neurosci. 2023;1(1).

85. Coudray N, Ocampo PS, Sakellaropoulos T, et al. Classification and mutation prediction from non-small cell lung cancer histopathology images
using deep learning. Nature Med. 2018;24(10):1559-1567. doi:10.1038/s41591-018-0177-5

86. Bryan H, Bergenstréhle L, Stenbeck L, et al. Integrating spatial gene expression and breast tumour morphology via deep learning. Nat Biomed Eng.
2020;4(8):827-834. doi:10.1038/541551-020-0578-x

87. laniro C, Ahern G, Carbone A, et al. Gut microbiome, big data and machine learning to promote precision medicine for cancer. Nat Rev
Gastroenterol Hepatol. 2020;17(1):635-648. doi:10.1038/s41575-020-0327-3

88. Hamm CA, Baumgirtner GL, Biessmann F, Beetz NL, Hartenstein Et.al A. Interactive explainable deep learning model informs prostate cancer
diagnosis. MRI Radiology. 2023;307(4):276-282.

89. Hrinivich WT, Wan T, Wang C. Interpretable and explainable machine learning models in oncology. Front Oncol. 2023;22(13):428-440.

90. Mukhtorov D, Rakhmonova M, Muksimova S, Cho YI. Endoscopic image classification based on explainable deep learning. Sensors. 2023;23
(6):3176-3186. doi:10.3390/523063176

91. Singh A, Sengupta S, Vasudevan L. Explainable deep learning models in medical image analysis. J Imaging. 2020;6(6):52. doi:10.3390/
jimaging6060052

92. Alsinglawi B, Alshari O, Alorjani M, et al. An explainable machine learning framework for lung cancer hospital length of stay prediction. Sci Rep.
2022;12(1):1-10. doi:10.1038/s41598-021-04608-7

93. Cordova C, Muiloz R, Olivares R, et al. HER2 classification in breast cancer cells: a new explainable machine learning application for
immunohistochemistry. Oncol Lett. 2022;2:1-9.

94. Humayun M, Khalil MI, Almuayqil SN, Jhanjhi NZ. Framework for detecting breast cancer risk presence using deep learning. Electronics.
2023;12:2403. doi:10.3390/electronics12020403

95. Gouda W, Sama NU, Z. Jhanjhi N, Jhanjhi NZ, Jhanjhi NZ. Detection of skin cancer based on skin lesion images using deep learning. Healthcare.
2022;10(7):1183. doi:10.3390/healthcare10071183

96. Ravikumar A, Sriraman H. Computationally efficient neural rendering for generator adversarial networks using a multi-GPU cluster in a cloud
environment. /EEE Access. 2023;11(1):45559-45571. doi:10.1109/ACCESS.2023.3274201

97. Siddiqui SY, Haider A, Ghazal TM, Khan MA, Naseer Et.al 1. Secure IoMT for disease prediction empowered with transfer learning in healthcare
5, the Concept and Case Study. IEEE Access. 2023;11(1):146478-146491.

98. Khan F, Khan MA, Abbas S, et al. Cloud-based breast cancer prediction empowered with soft computing approaches. J Healthcare Engin.
2020;1:8017496-8017512.

4424 https: Journal of Multidisciplinary Healthcare 2024:17

Dove!


https://doi.org/10.1016/j.ajps.2020.03.003
https://doi.org/10.1227/00006123-198711000-00013
https://doi.org/10.1007/s10916-014-0050-0
https://doi.org/10.1007/s00450-010-0146-9
https://doi.org/10.1007/s00450-010-0146-9
https://doi.org/10.1109/MWC.001.2000374
https://doi.org/10.1016/S1470-2045(19)30637-0
https://doi.org/10.1007/s00330-021-07881-2
https://doi.org/10.1016/j.jpi.2023.100301
https://doi.org/10.1016/j.ajpath.2022.12.011
https://doi.org/10.1016/j.ajpath.2022.12.011
https://doi.org/10.1016/j.ultrasmedbio.2022.11.017
https://doi.org/10.1016/j.jksuci.2021.08.004
https://doi.org/10.1007/s11042-022-13381-2
https://doi.org/10.1038/s41591-018-0177-5
https://doi.org/10.1038/s41551-020-0578-x
https://doi.org/10.1038/s41575-020-0327-3
https://doi.org/10.3390/s23063176
https://doi.org/10.3390/jimaging6060052
https://doi.org/10.3390/jimaging6060052
https://doi.org/10.1038/s41598-021-04608-7
https://doi.org/10.3390/electronics12020403
https://doi.org/10.3390/healthcare10071183
https://doi.org/10.1109/ACCESS.2023.3274201
https://www.dovepress.com
https://www.dovepress.com

Dove Sriraman et al

Journal of Multidisciplinary Healthcare Dove

Publish your work in this journal

The Journal of Multidisciplinary Healthcare is an international, peer-reviewed open-access journal that aims to represent and publish research in
healthcare areas delivered by practitioners of different disciplines. This includes studies and reviews conducted by multidisciplinary teams as well
as research which evaluates the results or conduct of such teams or healthcare processes in general. The journal covers a very wide range of areas
and welcomes submissions from practitioners at all levels, from all over the world. The manuscript management system is completely online and
includes a very quick and fair peer-review system. Visit http://www.dovepress.com/testimonials.php to read real quotes from published authors.

Submit your manuscript here: https://www.dovepress.com/journal-of-multidisciplinary-healthcare-journal

Journal of Multidisciplinary Healthcare 2024:17 n il in n Dove 4425


https://www.dovepress.com
http://www.dovepress.com/testimonials.php
https://www.facebook.com/DoveMedicalPress/
https://twitter.com/dovepress
https://www.linkedin.com/company/dove-medical-press
https://www.youtube.com/user/dovepress
https://www.dovepress.com
https://www.dovepress.com

	Introduction
	Methods
	Search Strategy
	DL Models
	Imaging Modalities in Cancer Diagnosis
	Image Pre-Processing
	Immunotherapy and DL Models

	Challenges
	Discussions
	Possibility of Real-Time Analysis and Detection
	Accuracy of Models in Real-Time
	Clinical Trials, DL, and Roadblocks for Computer-Aided Cancer Diagnosis
	Explainable DL: Road Ahead for DL in Clinical Cancer Diagnosis
	Regulatory-Approved DL for Clinical Cancer Diagnosis

	Future Directions
	Conclusions
	Disclosure

