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Abstract

Integrating medical imaging with computing technologies, such as Artificial Intelligence (Al) and its
subsets: Machine learning (ML) and Deep Learning (DL) has advanced into an essential facet of present-
day medicine, signaling a pivotal role in diagnostic decision-making and treatment plans (Huang et al.,
2023). The significance of medical imaging is escalated by its sustained growth within the realm of
modern healthcare (Varoquaux and Cheplygina, 2022). Nevertheless, the ever-increasing volume of
medical images compared to the availability of imaging experts. Biomedical experts and radiologists
have resulted in a widening disparity, causing an excess and overwhelming workload on these
healthcare professionals (Chen et al., 2021). Several studies indicate that the present-day biomedical
radiologist is now saddled with the daunting task of interpreting an image almost every 10 seconds to
keep pace with the burgeoning clinical demands (McDonald et al., 2015; Hosny et al., 2018; Lantsman
et al., 2022). This cognitive drain has invariably led to inevitable consequences such as delays in
diagnosis and an amplified risk of diagnostic errors — thus, the biomedical imaging aspect is in dire need
of methods that would aid accurate diagnostics and analytics for improved decision making. In this
review, the importance of Al-related technologies such as ML and/or DL methods are reviewed in
relation to the processing of medical or biomedical images along with their potentials, challenges, and
possible suggestions for future studies in the health landscape. The focus will be on machine learning
methods associated with the medical field of image classification.

2. Background and Literature Review

In the past few years, there has been a growing trend in the application of ML techniques for image
classification in medical data. Since Machine and Deep learning were developed, image classification
accuracy has greatly increased. Amplifying this growth, Weibin et al. (2019) particularly noted an
emphasized the shift in paradigm for image classification, as a result of the application of machine
learning techniques that escalate the process of determining patterns, structures, and anomalies in
medical images. In their emphasis, the automation of the manual imagery processing for biomedical
experts and radiologist has enhanced accuracy in diagnosis and effectiveness in classifying medical
images such as MRI, brain, spine, etc. via the integration of Al-related technologies known as ML.
Supporting the perspective of biotech image classification and also considering the imperious landscape
of timely and accurate diagnoses, Varoquaux and Cheplygina, (2022) pointed out the existence of an
unrelenting need to seamlessly integrate technology-based systems such as Al and its subsets into the
medical imaging workflow. Such integration holds the promise of not only alleviating the associated
with the classification and analysis of medical imaging but also enhancing the overall efficiency and
precision of the diagnostic process in future time.

The use of ML and DL in the medical field of image classification has to a greater extent shown
revolutionized growth in the public health landscape, particularly for image diagnosis, analysis, and
computer vision (Chen et al., 2021). Its wide adoption and application in several domains have impacted
changes in the way data is being processed and presented across the health sectors. (Varoquaux and
Cheplygina, 2022). Machine learning algorithms are used in the classification of medical images into
various categories of disease and can also be used to optimize the next step of the diagnosis. In the
context of medical data, medical imaging is seen as “sets of procedures used to acquire clinically
meaningful information from techniques, commonly for diagnosis or prognosis” (Surendar and Shital,
2019). Adding to this conception, Meghavi and Megha (2022) further explained that medical images



are considered as “actual origin of appropriate information required for disease detection” “. On the
construct of image classification, Weibin et al. (2019) connoted and emphasized it to be the series of
procedures involved in assigning an image to one or more labels. In this sense, image classification is
seen as a core task for computer vision (CV) which is facilitated by supervised learning methods where
trained data are classified into predefined classes during the training phase (Hosny et al., 2018; Sarker,
2021).

The path of ML in medical imaging not only projects its proficiency but also emphasizes its pivotal role
in the realization of the broader ambitions established forth by early proponents of Al in several domains
of medicine (Hosny et al., 2018). The convergence of technological advancements, clinical practices,
and the overarching vision of Al in medicine positions the application of ML methods as a
transformative key to unearthing unparalleled diagnostic precision and efficiency (Acito, 2023). Thus,
the building blocks of Al and its subsets ML or DI are the models, techniques, algorithms, or methods
driving its support for a variety of application in the medical field. For medical imaging or precisely
image classification, several ML methods exist and several studies within the past decade have reviewed
a plethora of theses methods in different medical domains (Hosny et al., 2018; Ghosh et al., 2019; Che
et al., 2021, Chen et al., 2022; Acito, 2023; Huang et al., 2023). There are various machine learning
methods used for image classification. They are discussed succinctly in subsequent section.

3. Machine Learning Methods and Image Classification

1. Convolutional Neural Network (CNN): O’Shea & Nash (2015) defined CNN as a network
that is comprised of neutrons that are self-optimized through learning”. The primary usage of
CNN is in the field of pattern recognition within images (Keiron & Ryan, 2015). Ghosh et al.,
(2020) defined CNN as “a special type of multilayered neural network inspired by visual
system”. CNN is applied in a wide range of fields which includes: image classification, text
recognition, action recognition, image caption generation, medical image analysis, security and
surveillance, automatic colorization of image and style transfer, and satellite imagery (Ghosh
et al., 2020). The CNN comprises two main layers, the convolutional layer and the pooling
layer.

2. Support Vector Machine (SVM): The SVM is a ML method that support the classification of
medical image, which is employed by locating a hyperplane that totally separates two classes
of data. It presents results in high accuracy and very suitable for handling large datasets because
of its ability to handle non-linear data and its high spatiality (Zhang, 2011).

3. Decision Tree (DT): This ML method is a popular non-parametric supervised learning
technique used for both regression and classification tasks (Sarker, 2021). It supports a tree-like
interpretation of automated imaging outcomes.

4. K-Nearest Neighbors (K-NN): the KNN method is a supervised ML technique of classifying
medical image that is simple and effective (Acito, 2023). Utilizing pixel values or extracted
characteristics, the KNN compares the similarity of images to classify them. Ranjan et al.,
(2019) noted that the KNN is “one of the better methods when there is no proper knowledge
about the distribution of incoming data”. The KNN is also used in regression tasks. The major
drawback of KNN as identified by Acito in 2023 is that “each time a new observation needs to
be classified, a routine scan of the training data is conducted hence, it can be time-consuming
for larger datasets”.

5. AdaBoost: This is called Adaptive Boosting. Tharwat (2018) indicated that the main objective
of the AdaBoost method is to “improve the performance of different weak classifiers”.

6. Naive Bayes: the Naive Bayes methodology has gained popularity because of its “incremental
learning characteristics of integrating prior knowledge. One major advantage of this method is
that it only needs to estimate the required parameters based on few amount of training data.
Applications of the Naive Bayes method include areas in clinical medicine, telecommunication,



gene technology, precision instruments, linguistics, and artificial intelligence” (Chen et al.,
2021).

7. Recurrent Neural Network (RNN): these are supervised learning methods that comprise of
artificial neurons with one or more feedback (Salehinejad et al., 2017).

Each of these methods is potentially effective and defective in different aspects of managing medical
data. By potentials in accurately classifying images, three of these ML methods or techniques trend the
chart according to some studies: CNN, SVN, and RF (Ghosh et al., 2020; Sarker, 2021; Chen et al.,
2022; Acito, 2023). Based on the research and analysis conducted by various researchers, the CNN
method is considered the most used method of image classification. CNN was proven to have very high
performance with very high accuracy, Taner et al., (2021) concluded that CNN has “gained great
popularity as an effective method for classifying images and has received much more attention than
other machine learning algorithms”. 4. Challenges Associated with the Use of ML Methods for
Medical Data Classification

The methods or techniques linger for the use of ML and DL in the classification of medical data and it
has improved the diagnosis, processing, and analysis of medical images via computer visions and other
forms of Al. However, these technologies are not without challenges and according to some studies,
there have been failures leading to causality issues with the use of these technologies (Taner et al., 2021;
Chenetal., 2022; Huang et al., 2023). Transparency as an issue was frowned upon by Chen et al. (2022)
because the use of ML techniques hides the process from the users and thus, the relationship between
the methods and biomedical experts is vague in the classification of medical data. Another threat to this
intervention for image classification in the medical landscape is the causality burden in medical imaging
as expressed by Castrol et al. (2020). This challenge is associated with the annotation of images and
their causal relationships when classified with automated methods like ML or DI techniques. This lack
of transparency amounts to the “scarcity of high-quality annotated data and mismatch between the
development dataset and the target environment”. If not considered, it may lead to poor semantic
insights on decision-making by radiologists and other image professionals. Finally, most ML methods
are customary to datasets and domains leading to poor performance outside the domain of applicability.

Possible recommendations for these identified challenges and future guides suggest that:

+  For consistency in domain volatility, improvement can be done by developing transfer learning
approaches where pre-trained learning models are fine-tuned on the target dataset. This would
increase the applicability of ML methods with accuracy across domains.

* To enhance transparency between the ML methods and image annotation processes or
procedures, causal reasoning or theory is advised. This may provide more insights for users via
an explainable medical imagining perspective.

» The integration of self-supervised learning methods into image classification appears as a
promising and strategic solution to surmount the inherent complexities associated with the
curation of largescale annotations in the medical community. In the aspect of medical image
classification, the selfsupervised learning paradigm offers a compelling avenue to evade the
resource-intensive task of producing meaningful representations using unlabeled data. By this
concision, leveraging inherent structures and relationships within the data itself can empower
machine learning methods to autonomously learn meaningful representations, alleviating the
dependency on methodically annotated datasets. This not only addresses the challenges posed
by the dearth of annotated medical images but also holds the potential to significantly augment
and improve the robustness of the classification methods within the medical imaging domain.

» On afinal note, an empirical study is needed to establish further the effectiveness of these ML
methods and their application in actual medical data image classification.



5. References

Acito, F. (2023). k Nearest Neighbors. In: Predictive Analytics with KNIME. Springer, Cham.
https://doi.org/10.1007/978-3-031-45630-5_10

Application of Learning-based Resource Allocation Scheme for Different UE Antenna Orientations
JIPENG LI KTH
ROYAL INSTITUTE OF TECHNOLOGY SCHOOL OF ELECTRICAL ENGINEERING. (n.d.).

Chen, H., Gomez, C., Huang, CM. et al. (2022). Explainable medical imaging Al needs human-centered
design: guidelines and evidence from a systematic review. npj Digit. Med. 5, 156.
https://doi.org/10.1038/s41746-022-00699-2

Chen, H., Hu, S., Hua, R., & Zhao, X. (2021). Improved naive Bayes classification algorithm for traffic
risk management. EURASIP Journal on Advances in Signal Processing, 2021(1), 1-12.
https://doi.org/10.1186/513634-021-00742-6

Chen, X., Chen, D. G., Zhao, Z., Zhan, J., Ji, C., & Chen, J. (2021). Artificial image objects for
classification of schizophrenia with GWAS-selected SNVs and convolutional neural network.
Patterns, 2(8). https://doi.org/10.1016/j.patter.2021.100303

Dan Lantsman, C. et al. (2022). Trend in radiologist workload compared to number of admissions in
the emergency department. Eur. J. Radiol. 149, 110195

Dhillon, A., and Verma, G.K. (2020). Convolutional neural network: a review of models, methodologies
and applications to object detection. Prog Artif Intell 9, 85-112 https://doi.org/10.1007/s13748-
01900203-0

Ghosh, A., Sufian, A., Sultana, F., Chakrabarti, A., & De, D. (2019). Fundamental concepts of
convolutional neural network. In Intelligent Systems Reference Library (Vol. 172, pp. 519-567).
Springer. https://doi.org/10.1007/978-3-030-32644-9_36

Hosny, A., Parmar, C., Quackenbush, J., Schwartz, L. H. & Aerts, H. J. W. L. (2018) Artificial
intelligence in radiology. Nat. Rev. Cancer 18, 500-510.
https://doi.org/10.1016/jisprsjprs.2016.01.011

Adewale, Sikiru, Tosin Ige, and Bolanle Hafiz Matti. "Encoder-Decoder Based Long Short-Term
Memory (LSTM) Model for Video Captioning.” arXiv preprint arXiv:2401.02052 (2023)

Huang, SC., Pareek, A., Jensen, M. et al. (2023). Self-supervised learning for medical image
classification: a systematic review and implementation guidelines. npj Digit. Med. 6, 74
https://doi.org/10.1038/s41746-023-00811-0

Kommaraju, V., Gunasekaran, K., Li, K., Bansal, T., McCallum, A., Williams, I., & Istrate, A. M.
(2020). Unsupervised Pre-training for Biomedical Question Answering. CEUR Workshop
Proceedings, 2696.

Okomayin, Amos, and Tosin Ige. "Ambient Technology & Intelligence.” arXiv preprint
arXiv:2305.10726 (2023).

McDonald, R. J. et al. (2015). The effects of changes in utilization and technological advancements of
crosssectional imaging on radiologist workload. Acad. Radiol. 22, 1191-1198.

Mohapatra, N., Shreya, K., & Chinmay, A. (2020). Optimization of the Random Forest Algorithm. In
Lecture
Notes on Data Engineering and Communications Technologies (Vol. 37, pp. 201-208). Springer
Science and
Business Media Deutschland GmbH. https://doi.org/10.1007/978-981-15-0978-0_19

Naive-Bayes Classification Algorithm. (n.d.). http://www.convo.co.uk/x02/
O’Shea, K., & Nash, R. (2015). An Introduction to Convolutional Neural Networks.



https://doi.org/10.1007/978-3-031-45630-5_10
https://doi.org/10.1007/978-3-031-45630-5_10
https://doi.org/10.1007/978-3-031-45630-5_10
https://doi.org/10.1007/978-3-031-45630-5_10
https://doi.org/10.1007/978-3-031-45630-5_10
https://doi.org/10.1007/978-3-031-45630-5_10
https://doi.org/10.1007/978-3-031-45630-5_10
https://doi.org/10.1007/978-3-031-45630-5_10
https://doi.org/10.1007/978-3-031-45630-5_10
https://doi.org/10.1007/978-3-031-45630-5_10
https://doi.org/10.1038/s41746-022-00699-2
https://doi.org/10.1038/s41746-022-00699-2
https://doi.org/10.1038/s41746-022-00699-2
https://doi.org/10.1038/s41746-022-00699-2
https://doi.org/10.1038/s41746-022-00699-2
https://doi.org/10.1038/s41746-022-00699-2
https://doi.org/10.1038/s41746-022-00699-2
https://doi.org/10.1038/s41746-022-00699-2
https://doi.org/10.1186/s13634-021-00742-6
https://doi.org/10.1186/s13634-021-00742-6
https://doi.org/10.1186/s13634-021-00742-6
https://doi.org/10.1186/s13634-021-00742-6
https://doi.org/10.1186/s13634-021-00742-6
https://doi.org/10.1186/s13634-021-00742-6
https://doi.org/10.1186/s13634-021-00742-6
https://doi.org/10.1186/s13634-021-00742-6
https://doi.org/10.1016/j.patter.2021.100303
https://doi.org/10.1016/j.patter.2021.100303
https://doi.org/10.1007/s13748-019-00203-0
https://doi.org/10.1007/s13748-019-00203-0
https://doi.org/10.1007/s13748-019-00203-0
https://doi.org/10.1007/s13748-019-00203-0
https://doi.org/10.1007/s13748-019-00203-0
https://doi.org/10.1007/s13748-019-00203-0
https://doi.org/10.1007/s13748-019-00203-0
https://doi.org/10.1007/s13748-019-00203-0
https://doi.org/10.1007/978-3-030-32644-9_36
https://doi.org/10.1007/978-3-030-32644-9_36
https://doi.org/10.1007/978-3-030-32644-9_36
https://doi.org/10.1007/978-3-030-32644-9_36
https://doi.org/10.1007/978-3-030-32644-9_36
https://doi.org/10.1007/978-3-030-32644-9_36
https://doi.org/10.1007/978-3-030-32644-9_36
https://doi.org/10.1007/978-3-030-32644-9_36
https://doi.org/10.1007/978-3-030-32644-9_36
https://doi.org/10.1007/978-3-030-32644-9_36
https://doi.org/10.1016/jisprsjprs.2016.01.011
https://doi.org/10.1016/jisprsjprs.2016.01.011
https://doi.org/10.1016/jisprsjprs.2016.01.011
https://doi.org/10.1016/jisprsjprs.2016.01.011
https://doi.org/10.1038/s41746-023-00811-0
https://doi.org/10.1038/s41746-023-00811-0
https://doi.org/10.1038/s41746-023-00811-0
https://doi.org/10.1038/s41746-023-00811-0
https://doi.org/10.1038/s41746-023-00811-0
https://doi.org/10.1038/s41746-023-00811-0
https://doi.org/10.1038/s41746-023-00811-0
https://doi.org/10.1038/s41746-023-00811-0

http://arxiv.org/abs/1511.08458

Puttagunta, M., & Ravi, S. (2021). Medical image analysis based on deep learning approach. Multimedia
Tools and Applications, 80(16), 24365-24398. https://doi.org/10.1007/s11042-021-10707-4

Ranjan, G S K & Verma, Amar & Sudha, Radhika. (2019). K-Nearest Neighbors and Grid Search CV
Based Real Time Fault Monitoring System for Industries. 1-5. 10.1109/12CT45611.2019.9033691.
DOI:10.1109/12CT45611.2019.9033691

Salehinejad, H., Sankar, S., Barfett, J., Colak, E., & Valaee, S. (2017). Recent Advances in Recurrent
Neural Networks. http://arxiv.org/abs/1801.01078

Sarker, 1. H. (2021). Machine Learning: Algorithms, Real-World Applications and Research Directions.
In SN Computer Science (Vol. 2, Issue 3). Springer. https://doi.org/10.1007/s42979-021-00592-x

Seetha, M. & Muralikrishna, lyyanki & Deekshatulu, Bulusu & Malleswari, B. & Hegde, Pranav.
(2007). Artificial neural networks and other methods of image classification.

Amos Okomayin, Tosin Ige, Abosede Kolade , ” Data Mining in the Context of Legality, Privacy, and
Ethics ” International Journal of Research and Scientific Innovation (IJRSI) vol.10 issue 7, pp.10-
15 July 2023 https://doi.org/10.51244/1JRSI1.2023.10702

T. Ige and C. Kiekintveld, "Performance Comparison and Implementation of Bayesian Variants for
Network Intrusion Detection,” 2023 IEEE International Conference on Atrtificial Intelligence,
Blockchain, and Internet of Things (AIBThings), Mount Pleasant, MI, USA, 2023, pp. 1-5, doi:
10.1109/A1BThings58340.2023.10292485

Taner, A., Oztekin, Y. B., & Duran, H. (2020). Performance Analysis of Deep Learning CNN Models
for Variety Classification in Hazelnut. Sustainability, 13(12), 6527.
https://doi.org/10.3390/su13126527

Tchito Tchapga, C., Mih, T. A., Tchagna Kouanou, A., Fozin Fonzin, T., Kuetche Fogang, P., Mezatio,
B. A., & Tchiotsop, D. (2021). Biomedical Image Classification in a Big Data Architecture Using
Machine Learning Algorithms. In Journal of Healthcare Engineering (Vol. 2021). Hindawi
Limited. https://doi.org/10.1155/2021/9998819

Tharwat, Alaa. (2018). AdaBoost classifier: an overview. 10.13140/RG.2.2.19929.01122.

Toh, C., & P. Brody, J. (2021). Applications of Machine Learning in Healthcare. In Smart
Manufacturing - When Artificial Intelligence Meets the Internet of Things. IntechOpen.
https://doi.org/10.5772/intechopen.92297

Varoquaux, G., Cheplygina, V. (2022). Machine learning for medical imaging: methodological failures
and recommendations for the future. npj Digit. Med. 5, 48. https://doi.org/10.1038/s41746-022-
00592-y

Wang, Weibin & Dong, Liang & Chen, Qingging & Iwamoto, Yutaro & Han, Xian-Hua & Qiaowei,

Zhang & Hu, Hongjie & Lin, Lanfen & Chen, Yen-Wei. (2020). Medical Image Classification
Using Deep Learning. 10.1007/978-3-030-32606-7_3.

Zhang, J., Xie, Y., Wu, Q., & Xia, Y. (2019). Medical image classification using synergic deep learning.
Medical Image Analysis, 54, 10-19. https://doi.org/10.1016/j.media.2019.02.010

Zhang, X. (2011). Support Vector Machines. In: Sammut, C., Webb, G.I. (eds) Encyclopedia of
Machine Learning. Springer, Boston, MA. https://doi.org/10.1007/978-0-387-30164-8 804



http://dx.doi.org/10.1109/I2CT45611.2019.9033691
http://dx.doi.org/10.1109/I2CT45611.2019.9033691
http://dx.doi.org/10.1109/I2CT45611.2019.9033691
https://doi.org/10.3390/su13126527
https://doi.org/10.3390/su13126527
https://doi.org/10.1038/s41746-022-00592-y
https://doi.org/10.1038/s41746-022-00592-y
https://doi.org/10.1038/s41746-022-00592-y
https://doi.org/10.1038/s41746-022-00592-y
https://doi.org/10.1038/s41746-022-00592-y
https://doi.org/10.1038/s41746-022-00592-y
https://doi.org/10.1038/s41746-022-00592-y
https://doi.org/10.1038/s41746-022-00592-y
https://doi.org/10.1038/s41746-022-00592-y
https://doi.org/10.1038/s41746-022-00592-y
https://doi.org/10.1016/j.media.2019.02.010
https://doi.org/10.1016/j.media.2019.02.010

