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ARTICLE INFO  ABSTRACT 
   Background: Recent years have seen continuous progress 

in the medical industry to enable correct medical diagnosis. 
Machine learning is another key area which defines the 
capability of a system to learn from large-scale data entities 
within the field of medicine to diagnose illnesses. 
Purpose: To this end, the review sought to assess the part 
that is played by machine learning in identifying certain 
diseases. This was in a bid to find commonalities and 
disparities of various supervised learning techniques that 
may be helpful in the diagnosis of illnesses. 
Materials and Methods: Some of the machine learning 
techniques compared within the study included Supervised, 
Unsupervised, and Semi-supervised Machine Learning, 
Active Learning, Reinforcement Learning, Evolutionary 
Learning, as well as Deep Learning. The authors analyzed 
various approaches to machine learning used in healthcare 
to diagnose images, where preference was given to various 
medical specialties. 
Results: After going through the various methods, the 
researcher suggested that deep learning should be 
implemented in Machine Learning processes since it has 
various functions in medical diagnosis. Moreover, the most 
compelling argument raised as to why one should adopt 
multiple approaches to learning indicated that learning 
improves the accuracy of medical diagnostic imaging. 
Conclusion: Homomorphic Filtering (MHFIL) is applied to 
enhance the images contrast in medical diagnostic imaging 
hence is the recommendation. This method allows for the 
simultaneous overcoming of issues that low contrast 
machine learning poses in efficient diagnosis. 
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1. Introduction 

Machine learning (ML) is the branch of artificial intelligence (AI) study that has 

been experiencing rapid growth in recent years. A lot of attention is being paid 

to the application of (ML) in the medical department (Dwivedi et al., 2021). Since 

the early days, medical datasets have been processed, employing machine-

learning algorithms which have been conceived & developed based on the idea.  

ML is continuously playing a significant role in enabling the diagnosis of diseases.  

Explain diagnosis as the process of identifying which illness or condition an 

individual has based on examination. Diagnosis can be arrived at by checking on 

the patients' medical records, through the signs and symptoms portrayed, or by 

imaging (R. Pandey & Choudhary, 2023). Imaging has been identified as the most 

accurate way for accurately undertaking diagnosis. To help conduct efficient 

learning, machine learning plays a vital role because it presents information to 

medical practitioners to allow for making conclusions (Schrider & Kern, 2018). 

There are various techniques and methods used in clinical modalities to acquire 

physiological and functional medical imaging of the human body. 

Diagnostic imaging is one of the new treatment benchmarks for diseases such as 

cancer, trauma, and etc. Modern imaging technologies focus on ease of use, 

which raises the question of how to increase throughput while maintaining a 

high level of specificity, such that information can be obtained quickly and 

efficiently (Tamimi et al., 2016). These ideas are effective inexpensive and 

suitable for multiple forms of treatments (Myszczynska et al., 2020). In 

particular, the development of digital imaging opened up a new generation of 

performance and speed because it offered new forms of data access and 

transmission and produced new amounts of data.  

ML occurs with continuous improvement in technology, which results in an 

improvement in machines and their capabilities. The machines improve to 

increase efficiency and accuracy of diagnosis. Additionally, they enable to reduce 

the time taken to diagnose a condition. The medical sector thus highly benefits 

in the medical diagnosis. To enable increased accuracy in diagnosis, allowing for 

early treatment (Geras et al., 2019).  

Machine learning refers to the capability of a system to obtain and incorporate 

knowledge by large-scale corporations using large datasets. This review aims to 

enhance the systems by enabling them to gain new knowledge autonomously 

rather than relying on the new knowledge to directly program the system. 
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Consequently, the information acquired through machine learning empowers 

the system to refine and expand its functions effectively.  

The following paper takes a review of medical diagnostic imaging through the 

assessment of ML. The review was significant in understanding the views of 

different researchers regarding the significance of machine learning in 

undertaking diagnosis. Also, the conclusions about the arguments are 

presented. Additionally, the paper provides recommendations to help improve 

machine learning for improved medical diagnostic imaging. 

Based on the regularities of the framework described in the review paper, it is 

suggested to advance the subjects of implementation. The subsequent sections 

of this work are systematically organized. 

 

2. Methods of Measurements 

This study's materials and data were collected from secondary sources.  Books, 

online resources, journals, and peer-reviewed publications were among the 

sources used. The review gathered information from a number of sources to 

investigate the aspects of medical diagnosis imaging utilizing machine learning, 

as well as the issues found along the way. There was a discussion of many 

researchers' arguments on using machine learning to improve medical 

diagnostic imaging. The data collection process takes a month. The time was 

sufficient to allow for adequate information collection. The time allowed for the 

comparison of the similarities and differences between the sources. Also, it 

allowed for the making of conclusions as well as the identification of possible 

loops in the papers. Furthermore, it facilitated the identification of the 

challenges faced in machine learning regarding medical diagnostic imaging. 

The information collection process started on the 1st of September after 

consideration of the important information needed to arrive at the ultimate 

conclusion. Approximately one and a half months was taken to acquire 

information from the diverse secondary sources from which the researcher 

compared the information. The research was a qualitative type and it used the 

Grounded Theory method. The grounded theory explains the reason(s) why a 

course of action progressed the way it did as elaborated (Tamimi et al., 2016). 

The objective was to describe how machine learning has evolved to facilitate 

medical diagnostic imaging and how this has taken place over time. It also 

evaluated diverse and multiple numbers of subjects, which is a characteristic of 
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the grounded theory method. In the case of this review, there was the use of 

different articles, journals, and books; were analyzed to provide sufficient 

information to make conclusions regarding machine learning use in medical 

diagnostic imaging.  

The review was a retrospective type in which information from past analyses 

was collected and compared. The collected information enabled the making of 

conclusions and identification of challenges. These factors enabled the 

researcher to outline recommendations for improving ML, which can enhance 

the process of medical diagnosis imaging, especially in responding to the 

challenges involved. 

 

3. Medical Image Modalities 

Another area that is fast emerging as a standard in medical therapy for diseases 

like cancer and many others is medical imaging. Differences in using complex 

analytical means and methods of image analysis for accelerating the process of 

tumor identification and diagnosis can make cancer diagnosis more accurate 

(Abas, 2022)(Latif et al., 2019). Every technology could give detailed information 

about which part of the body is being assessed or attended to (Yassin et al., 

2018). The principal function of a medical imaging review is to ascertain the 

positioning, measurements, and properties inherent in the organ by using ML 

(Murtaza et al., 2020). This is done to gain as much usable information from large 

volumes of information as possible. Therefore, several researchers focused on 

developing new types of medical images and on evaluating how such images 

could categorize the vast majority of diseases. Over the past few years, the field 

of medicine has experienced rapid growth and is even enriched by means of 

artificial intelligence and machine learning, specifically in the recognition of 

images (Leithner et al., 2019). Using other imaging techniques is quite well-

established and productive in diagnosing breast cancer. This diagnostic 

technique includes; a CT scan, mammography, PET scan, MRI scan, duplex 

ultrasound scan, and radiographic imaging (Quintanilla-Domínguez et al., 2018). 
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4. Machine Learning and Issues Involved in Medical Diagnosis 

The procedure of functioning assessment of digital imaging in medical diagnosis 

processing is complicated and contains numerous diverse properties as 

explained. Also, elaborates that digital imaging requires complex knowledge to 

understand the disease or pathogen, which presents the significant role of ML in 

identifying a disease-medical diagnosis (Syeda-Mahmood, 2018) (De Filippis et 

al., 2019). The processing techniques of digital imaging for medical diagnosis are 

embedded in different computer systems. The validation of image processing 

techniques is significant because it allows for the implementation of certain 

procedures. These procedures act as stimuli towards the performance of these 

systems. Hence, it avails decisions and actions depending on the techniques in 

medical imaging, which helps in disease diagnosis by medics (Langlotz et al., 

2019).  

 

So, elaborate that imaging provides numerous fundamental and advanced 

damage evaluation and visualization tools for improved disease identification. 

Thus, all researchers accepted the fact that machine learning and imaging are 

complex and necessary in the medical diagnosis process (De Filippis et al., 2019).  

It also, adds that ML plays a significant role in achieving (AI) and that the best 

way to portray human intelligence is through AI also outlined that artificial 

intelligence and machine learning are important in enabling medical diagnosis 

because of the imaging element (Bera et al., 2019). The authors further add the 

element of deep learning (DL), which they explain that combined with machine 

learning, the two enable AI. The authors argue that AI is the primary domain 

while ML and DL function under the primary domain in enabling medical 

diagnosis (R. Pandey & Choudhary, 2023)  as presented in Figure 1 below : 
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Figure (1): Artificial Intelligence, Machine Learning, and Deep Learning Domain 

5. Steps Undertaken on Medical Images Before Medical Diagnosis 

The purpose of this kind of analysis is to review the steps of medical imaging 

before coming up with a conclusion that tells the result of the operation, 

including a medical diagnosis (Langlotz et al., 2019). It starts with the feeding of 

the medical imaging into the machine along with the deep learning algorithms 

as parameters where deep learning is of immense importance. Subsequently, 

the particular image is subdivided into various parts to enhance the probability 

of zooming to the point of interest, which requires significant medical knowledge 

as well as proper practical experience (De Filippis et al., 2019) . The third phase 

is the isolation of features from these segments with the help of conventional 

information reclamation strategies. Lastly, it maintains all those necessary 

characteristics of an object while excluding any unnecessary characteristics. 

This argument supports the notion that the use of machine learning demands a 

considerable level of specialty. Therefore, we evaluate the following ways used 

in the diagnosis of disease by using ML (Latif et al., 2019). This evaluation will 

seek to confirm whether indeed the claim that ML is impossible to implement 

without adequate experience among other factors as presented in Figure 2, the 

steps used in ML. 
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Figure (2): Techniques of machine learning to classify medical image diagnosis 

6. Types of Machine Learning Techniques 

For the efficient process of medical diagnostic imaging, there are different 

types of ML techniques that are considered important as shown in Figure 3. 
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Figure (3): Machine learning approaches  

6.1 Supervised Machine Learning 

In this form of ML, there are specific goals and instances set for a training 

process. The type of training provides accurate feedback on given possible 

inputs. Supervised learning applies classification and regression as its 

subdivisions (Hirsch et al., 2022). 

Classification: Classification entails the distribution of inputs into different 

classes, whereby the trained system produces actions that give classes to the 

hidden inputs through a process called multi-labeling. An example of 

classification is spam purification in emails.  

Regression: Regression entails a supervised method whereby there are 

continuous results instead of having discrete results. The root means squared 

error (RMSE) is used for the evaluation of regression and they differ from the 

classification that considers the accuracy of outcomes. That supervised ML 

requires time to learn about it and how to use it, thus delaying the medical 

diagnosis process (Schrider & Kern, 2018). Also, there are possibilities of 

overfitting. Overfitting refers to the obtaining of results that perfectly fit training 

data. 

6.2 Unsupervised Machine Learning 

In this type of Machine Learning, the machine is not trained but instead, it 

decides by itself, based on some dataset. There is no labelling provided to the 

system that can enable forecasting. It is an efficient ML method that will enable 

future learning of the available data (R. Pandey & Choudhary, 2023). Through 

the use of unsupervised learning, it is possible to retrieve the concealed pattern 

with the aid of feature learning from specific data. Clustering is an illustration of 

an unsupervised learning method used to classify the inputs (Yap et al., 2018). 

The unsupervised learning method is argued to require minimal expert skills in 

undertaking since a majority of the work is done by the machine. Thus, it differs 

from the argument that it is impossible to undertake ML without having in-depth 

expertise. However minimal skills are vital in unsupervised machine learning, 

skills are significant in interpreting the results provided (Kim et al., 2020). 
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6.3 Semi-supervised Machine Learning 

 The system is supposed to have limited training data in Semi-supervised 

learning,such training is employed on trained data which can be used to target 

some absent results. This form of ML on disease diagnosis is assumed to be a 

partial training data. It is applied alongside some trained data that can target 

some absent outcomes. It is a type of algorithm that is applied to untagged data 

for training purposes. It entails training on both labelled and unlabeled data. The 

result is the portrayal of characteristics of the supervised as well as the 

unsupervised machine learning (Al-Azzam & Shatnawi, 2021). 

6.4 Active Machine Learning 

This type of ML entails obtaining training tags only for a limited set of 

manifestations. Active learning is commonly applied to increase the optimality 

of substances to obtain tags for the goals (S. K. Pandey & Janghel, 2019). This 

type of ML cannot be used in instances where there are extensive variances in 

the pre-determined ailment. Also outlines that because of the restriction of the 

method, it becomes almost impossible to apply in diagnosis because of the 

difficulties involved in pre-determining illnesses (Brooks, 2016). It is thus a hard 

task using the active learning method due to its limited knowledge. It could be 

an efficient strategy to use when a patient is diagnosed with a condition, and the 

person shows a similar condition. In such cases, active learning is the optimal 

learning method used to confirm that the patient suffers from the condition. 

6.5 Reinforcement Machine Learning 

In this type of ML, the trained data is given only as a reaction to the activities of 

the program. This occurs in a self-inspired case.  According to, this method plays 

a significant role when reacting to a certain occurrence such as an outbreak of a 

new illness. The learning enables the identification of a disease as a reaction to 

the disease (Myszczynska et al., 2020). It elaborates that though it enables the 

diagnosis of a new illness, the method may be of minimal importance in medical 

diagnosis and early treatment of a disease because it is a reactive type. .  

6.6 Evolutionary Machine Learning 

In this type of ML for medical diagnosis, the main use is for understanding 

biological organisms. Elaborate that this role enables the prediction of the 

survival rate and casual of the offspring of a disease (Rundo et al., 2019). Hence, 
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it does not only determine the cause of the disease, but it also identifies the 

length of time the disease micro-organisms will survive and identify the extent 

of potential survival. Beam also supports this argument and further says that for 

evolutionary learning, it is important to know about fitness (S. K. Pandey & 

Janghel, 2019).   

6.7 Deep Machine Learning 

This stage of the machine is on its high level. It primarily uses neural networks in 

learning and to facilitate the prediction of data (Dargan et al., 2020). Due to the 

associated complexities, such as neural networks and other factors, it is clear 

that this system of ML demands deep and broad knowledge and training. It is a 

type of ML consisting of a variety of different algorithms. These algorithms 

facilitate the planning of a composite to generalize system with the ability to 

overcome any challenge and give it prediction diagnosis (Tsochatzidis et al., 

2017).Deep learning necessitates the utilization of the deep graph which 

comprises of various processing layers to assist in recognizing the existence of a 

disease. There are many linear and non-linear conversions within the layers as 

expounded. But as deep learning is capable of solving and predicting most of the 

diseases, it is not able to predict all the diseases as machines are not always 100 

percent effective (Mahmood et al., 2022). 

The neural network is applied in medical imaging to enable the acquisition of 

information regarding the details of the disease. The authors elaborate that it is 

through the neural networkers that scientists were able to discover cancer  

(Kong et al., 2015). The neural network is utilized to criticize the instances of 

situations in which a cell is normal with ultimate confidence in which each 

individual network has only two results- it will be either a normal cell or cancer. 

The capability to deliver the results demonstrated that the neural network can 

be capable of attaining a high degree of precision and a low degree of false-

negative analysis. Of particular interest of all deep learning methods are the 

convolutional neural networks (CNNs).Using the methods of local connectivity 

exploiting shared weights efficiently, CNN, e.g., the one used in the Image Net 

competition has rapidly become a state-of-the-art image processing technique. 

Deep convolutional networks are some of the deep learning techniques that are 

actively applied to analyze medical images. The application areas provided in this 

category are abnormality detection, segmentation, disease classification, 
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retrieval, and computer-aided diagnosis. This study provides a broad literature 

review of the latest state-of-the-art in medical image analysis with deep 

convolutional networks (Zhang et al., 2023). The problems and prospects of 

these methods are also pointed out. 

7. Steps in Machine Learning and Deep Learning 

Presented the different steps involved in ML and deep learning algorithms in 

medical diagnostic imaging as shown in Fig.4 below (R. Pandey & Choudhary, 

2023). Similar to the aforementioned classification, regression, segmentation, 

and detection problem types, both ML and DL operate in a similar workflow 

process. Although, as was mentioned earlier, there are many similarities they 

also include the DL workflows using deep neural networks and automatic feature 

extraction. Feature extraction and selection are traditional activities in ML, and 

most of them are performed manually. Besides, DL can extract features 

automatically by using DNNs as shown in Figure 5.   

 

 

Figure (4): Machine and Deep Learning algorithms workflow in medical 

diagnosis imaging -Sourced from Latif et al. (2019) 
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Figure (5): Medical diagnostic imaging using deep learning and machine 

learning 

8. Machine Learning in Medical Imaging 

Though many researchers argue that ML enables the medical diagnosis of 

multiple diseases, argue that ML algorithms are very efficient in specific illness 

determination (Khourdifi & Bahaj, 2019). ML is an efficient tool in identifying and 

comparing different types of entities like lesions. ML is used because it is difficult 

and complicated to be effective and well-shown by a simple mathematical 

resolution. A challenge that occurs in the use of ML in medical diagnostic imaging 

is when the image has low contrast. In such scenarios, it will be hard to 

investigate its properties (Yue et al., 2022). 

To pixel analysis by outlining that it is more precise compared to others due to 

its lack of calculations and segmentations. The authors explain that the 

calculations are not needed in ML processes that make application of pixels. The 

preciseness is argued to occur because there may be errors in inaccurate 

segmentation and feature calculation (Byra et al., 2019). Another researcher, 
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explains that in pixel analysis, there is a consumption of long training periods 

due to the high dimensionality of data. High dimensionality outlines the 

presence of a large number of pixels within an image (Tamimi et al., 2016). The 

author thus recommends Histogram Equalization as the most efficient strategy 

to use to enable improve contrast in the use of pixels. The need for contrast 

improvement occurs pixels provide low contrast medical images for analysis. 

Recommend the use of Modified Histogram-Based Contrast Enhancement using 

Homomorphic Filtering (MHFIL) as the best technique in Histogram Equalization 

(Rajinikanth et al., 2017). Table 1 presents a comparison of studies employing 

machine learning methods for diagnostic detection or classification. 

 

Table (1): Comparison of Diagnostic Techniques for Cancer 

 

Ref. 
Imaging 
Modalit

y 

Medical 
Disease 

Dataset 
Algorithms 

Used 
Performance 

Metrics 
Limitations 

(Yunita 
& 
Kamaya
ni, 2023) 

MRI Brain Cancer BRATS 
CNNs and 

SVMs 

accuracy 
98.40% 

precision 97% 
recall 96.75% 

and an F1-Score 
of 96.75%. 

The dependency on pre-
trained models and transfer 
learning, which is not 
necessarily the case to 
mirror the particular 
peculiarities of brain tumor 
MRI images. 

(Mir et 
al., 
2024) 3D PET-

CT 
imaging 

Liver Cancer 
Clinical 

datasets 
HFCNN 

accuracy of 
approximately 

93.5% 

The need for further 
investigation to confirm the 
validity and generalizability 
of proposed HFCNN model 
the need for large-scale 
datasets 

(Sivasan
gari et 
al., 
2022) MRI brain tumors 

datasets 
from 

Kaggle 

CNN model
s, with 

ResNet50 

accuracy of 
90% 

 the need for a large amount 
of data to train the model, 
and the requirement for 
specialized hardware to train 
the model. 

(Enuga 
et al., 
2025) X-ray Bone cancer 

Private 
dataset 

CNNs, 
ResNet50, 

ResNet101, 
EfficientNet

-B7 

ResNet101 
94.46 % 

,ResNet50 by 
4.26 %, 

EfficientNet-B7 
by 32.46 %, and 

dataset diversity and 
scalability to other imaging 
modalities, such as MRIs and 
histopathological slides. 
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the custom 
CNN by 7.39 %. 

(Wankha
de & S., 
2023) 

CT 
images 

lung cancer 
DICOM 
dataset 

CNN 

accurate To make the prognosis 
accurate, the practitioners 
are using various imaging 
techniques like X-rays,  

(Chaudh
ari & 
Patel, 
2021) 

X-ray 
diagnost
ic, MRI, 

CT 
SCAN. 

Tongue 

cancer 

Private 
dataset 

ANN, SVM 

91.54% 
accuracy in 
SVM And 

94.99% in ANN 

 

(Birendr
a Kumar 
Saraswat 
et al., 
2024) 

MRI 
Tumour 

Detection 
Kaggle CNNs 

recall of 95%, 
an accuracy of 
95.44%, and an 

F1-score of 
95.36%. 

more generalizable 
technique is still needed 

(Pachgh
are & 
Gawand
e, 2024) 

CT 
images 

Throat 
Cancer 

Private 
dataset 

CNNs and 
RNNs 

High accuracy develop more effective 
methods and need for more 
data to train and validate the 
models. 

9. Recommendation  

Based on the above analysis, there has been continuous growth of machine 

learning skills, and the growth is expected to continue. Although machine 

learning and deep learning methods give good results in classifying images of 

cancer, increasing data sizes and architectural structure affect the classification 

performance results of these methods. On the other hand, deep learning 

methods, which is a sub-branch of machine learning, are neural network-based 

learning machines which have more layers than conventional neural network. In 

contemporary times, ML methods are extremely vigorous in practical 

environments. There is a possibility that ML may take advantage of the learning 

process concerning medical imaging. The results will be the re-alignment of 

medical imaging, which will occur at a faster pace shortly. Application of ML 

imaging enables better caring of patients through among other functions, proper 

diagnosis of diseases. The available challenges surrounding ML are many and at 

the same time, they are serious challenges. Each of the ML processes has 

weaknesses that make each of them incapable in one way or the other. There is 

a need to learn the best techniques to use in ensuring the efficient functioning 
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of ML. The effectiveness of machines will allow for the proper diagnosis of 

illnesses. Though the presently available ML have enabled medical diagnosis 

imaging, there is still a need for better and improved techniques in handling the 

diseases. Some researchers have identified deep learning as an efficient 

strategy. Different researchers identify with different techniques that seem to 

be efficient. However, these could be relative to their areas of specialization. 

Thus, there is a need to identify a machine learning strategy to handle all the 

needs of the different medical fields as shown in Table 2. 

 

Table (2): The following table presents the general comparison of approaches 

based on the analyzed articles 

Author(s) Complexity 

Accuracy of 
machine learning 

in medical 
diagnosis 

Improvement 

(R. Pandey & 
Choudhary, 

2023) 

Machine learning is very 
complex and requires 
intensive skills 

 There is constant 
improvement 

(De Filippis et 
al., 2019) 

Digital medical diagnosis 
imaging requires intense 
skills 

 There is room for 
improvement 

(Langlotz et 
al., 2019) 

Machine learning and 
imaging are complex 

 Improvement is 
constant 

(Latif et al., 
2019) 

Machine learning and 
imaging is a complex 
process for medical 
diagnosis 

 ML has been 
improved and 
there is continuous 
improvement 

(Aluka et al., 
2023) 

Unsupervised machine 
learning requires minimal 
skills 

  

(Caron et al., 
2018) 

Unsupervised ML require 
minimal skills and 
expertise 

Unsupervised 
machine leaning is 
accurate and 
efficient 
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(S. K. Pandey 
& Janghel, 

2019) 

Require increased skills 
and expertise 

Active ML has 
limited usability 
hence minimal 
accuracy 

Can be imp-roved  

(Dargan et 
al., 2020) 

Require advanced skills 
level 

High accuracy 
levels 

Deep Machine 
Learning is an 
improvement in 
itself 

(Rajinikanth 
et al., 2017) 

Required extensive skills 
and professionalism 

Accurate ML in medical 
diagnosis can be 
improved using 
Homomorphic 
Filtering (MHFIL) as 
the best technique 
in Histogram 
Equalization 

(Schrider & 
Kern, 2018) 

Complex and requires 
deep skills to efficiently 
determine the diseases 

Requires high 
levels of accuracy 

There is a 
possibility of 
improving 
diagnosis by 
application of 
machine learning. 

(Sarker et al., 
2021) 

Complex in knowledge 
acquisition and 
incorporation 

Provides high 
accuracy levels 

Can be 
continuously be 
improved with 
changing 
technology. 

(Bera et al., 
2019) 

Simple and uses the 
imaging element for 
medical diagnosis 

High accuracy 
because of the 
imaging 
component 

Can be improved 
through among 
others deep 
learning. 

(Park et al., 
2024) 

Require minimal skills in 
reading, hence not 
complex: Require complex 
skills in interpreting the 
data 

 There is room for 
improvement. 

(Brooks, 
2016) 

Complex to application in 
medical diagnosis. 

Low accuracy 
levels due to the 
restriction of the 
method. 

There is room for 
improvement 
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(Rundo et al., 
2019) 

Relatively high complexity High accuracy and 
has extensive 
features 

Requires 
improvement and 
there is room for 
improvement. 

(Myszczynska 
et al., 2020) 

It is complex to use in 
disease diagnosis 

Low accuracy in 
medical diagnosis 

Can be improved in 
diagnosis of a new 
disease 

(Kong et al., 
2015) 

Complex in use High accuracy 
levels. 

It is an improved 
form that can 
detect cancer, but 
is subject to further 
improvements 

(Prasadl et 
al., 2024) 

Relatively low complexity. Accurate in 
medical diagnosis 
of certain diseases 

Has room for 
improvement for 
diagnosis of other 
diseases. 

 

(Fatima et 
al., 2020) 

Complex in use High accuracy 
levels because it 
uses pixels instead 
of calculations. 

Already improved 
to enable use of 
pixels  

(Tamimi et 
al., 2016) 

Complex to use Limited accuracy 
because of long 
training time 

Requires 
improvement to 
save on time 

 

10. General Limitations 

The following are the challenges that are associated with the limitation of 

medical diagnosis imaging using machine learning. Nevertheless, cancer is still 

one of the major causes of death globally; therefore, it is indispensable to 

develop highly efficient diagnostic technologies. The choice and evaluation of 

models for the classification of malignant and benign tumors is especially 

challenging, and it can take considerable time and money. 

Operations like image enhancement and image modification use filters which 

are on the other hand basic but have issues regarding data integrity. 

Furthermore, the emerging of new structures for architectural image analysis 

requires transformation of images into various formats, and this escalates the 

models complexity and may lead to variations in accuracy. 
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Another dimension that normalization, which is the important preprocessing 

method whereby feature values are divided by their maximum values, 

introduces to the process. These limitations put together reveal that the use of 

machine learning for diagnosis of cancer using medical images is not a walk in 

the park. 

Conclusion 

Deep learning involvement is a form of machine learning, which enables systems 

to know and understand the world in terms of a pecking order of ideas. It is a 

structured system and it can have great role to play in medical diagnosis. It is 

possible to classify objects and images with deep learning. In addition, it allows 

detection of the organ and localization depend on the classification of an image 

or object. Deep learning is also useful when it comes to segmentation and 

allowing the processing of organ substructures of medical images with particular 

reference to the quantitative assessment of clinical characteristics. Some 

example the assessment of brain, heart and lung. Registration will also be 

possible with deep learning that entails the act of mapping different set of data 

to a single coordinate system. Thus, deep learning inclusion will come in very 

useful. It is already used in some machine learning techniques. Another 

suggestion that will facilitate effective learning in the medical diagnostic imaging 

field is the incorporation of over a single method of learning. Every machine 

learning method also has its pros, and it possesses personal defect. Thus, if 

integration is undertaken, it will enable an improved method of medical 

diagnosis. Different researchers in the healthcare industry seem to have 

alternative preferences, hence a need for a moderated ML approach. Using 

Modified Histogram-Based Contrast Enhancement using Homomorphic 

Filtering" (MHFIL) for improvement of the contrast in undertaking medical 

diagnostic imaging. Machine Learning should provide the opportunity for the 

application of MHFIL because it improves image contrast allowing for improved 

identification of diseases. Consequently, it will enable accurate disease diagnosis 

because there is accurate viewership of the disease pathogen. MHFIL will hence 

improve among other elements the treatment of diseases since treatment will 

begin at an early phase. 
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