International Journal of Intelligence Multidisciplinary Engineering Research(1JIMER)

ISSN: 2583-9160

INTERNATIONAL JOURNAL
OF INTELLIGENCE

MULTIDISCIPLINARY
ENGINEERING RESEARCH

Vol. 2 (1), Dec 2024, pp: 01-05.

Machine Learning in Radiology: A Survey of
Techniques for Medical Image Analysis and
Diagnosis

G.Sasi Rekhat, S.Swathi?
!Assistant Professor, Department of Computer Applications(UG), Sacred Heart College(autonomous), Tirupattur, India.
2Assistant Professor, Department of Computer Applications(UG), Sacred Heart College(autonomous), Tirupattur, India
Igsasirekha@shctpt.edu, 2swathi@shctpt.edu

Abstract - This review paper talks about the state-of-the-art
machine learning techniques at present being used in the radiology
field. Especially, it deals with analysis and diagnosis of medical
images. It gives several algorithms that are used for analysis and
diagnosis of medical images which includes X-rays, MRI scans, CT
scans, and ultrasound images. Mostly, the paper focuses on how
these algorithms have maximized the diagnostic accuracy along
with efficiency in radiology practices. Beyond performance
analysis of the same, this paper uses critical measurements, such
as accuracy, recall, and F1-score, to gauge efficiency; hence, this
works completes the capability analysis in those aspects. Also
summarized from the reviewed literature will be important
findings that eventually bring guidelines on further areas for
future research directions, to face the current challenges related
to the lack of good diagnostic applications within radiology. It aims
to further the development of machine learning technologies and
in this sense, contribute towards better diagnostics and patient
results in the field of radiology, thus more effective decision-
making by healthcare practitioners.
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1. INTRODUCTION

Radiology is at the forefront of medical diagnostics, providing
insights that are pivotal for early disease detection, treatment
planning, and prognosis assessment. Medical imaging
techniques, including X-rays, magnetic resonance imaging
(MRI), computed tomography (CT) scans, and ultrasound,
generate vast amounts of data that are instrumental in
diagnosing a wide range of conditions, from cancer and
cardiovascular diseases to neurological disorders. But this
image interpretation requires a huge amount of expertise, and
this increased demand for radiological services is a really
demanding factor in terms of both workload and accuracy. It
has led to promoting machine learning techniques that prove
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really valuable in helping to assist radiologists in their
interpretative tasks efficiently and with higher accuracy.
Machine learning is an emerging area of artificial intelligence
whose algorithms learn patterns from available data to enable
predictive models and automated analysis. ML holds great
promise in radiology where it can revolutionize diagnostic work
by providing tools such as automated image analysis; the
anomalies can be discovered, disease types can be classified,
and outcomes could be predicted. ML as an integration in
radiology is not just a change in technology but also how the
diagnostic workflow is changing and how it could shift the
outcomes for patients. This is a survey paper, focusing
especially on the landscape of ML in radiology and their
algorithms and techniques applied in medical image analysis
and diagnosis. This paper tries to outline the strengths,
weaknesses, and future directions through various approaches,
their applications, and performance metrics.

1.1 BACKGROUND

Increased use of advanced imaging techniques in modern
medicine has exponentially brought out the challenge of
managing massive data from medical images, leading to time,
expertise, and resources required for such data to be interpreted
appropriately. Traditional image interpretation by radiologists
is effective but is time-consuming and error-prone due to
fatigue or subjectivity. This has created a dire need for
technological solutions that can streamline and support
radiological workflows. Machine learning, especially deep
learning, has emerged as a promising solution. The use of ML
algorithms in radiology is aimed at enhancing the accuracy and
efficiency of image analysis, thereby improving diagnostic
precision. ML algorithms can discover complex patterns from
very large data sets, thus making them suitable for activities
such as subtle abnormality detection, disease type
classification, and segmentation of individual regions in
medical images. For instance, CNN-a deep learning network-
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functions well in identifying spatial hierarchies and has been
frequently used in applications such as tumor detection from
MRI images or lung nodule classification from CT scan images.

1.2 OBJECTIVES

The key objectives of this review paper are as follows:

e To Give a General Overview: Outline the machine
learning algorithms being used in radiology for the
task of classification, segmentation, detection, and
prediction.

e To Compare Methods and Performance: Discuss
several ML models when compared with accuracy,
recall, F1-score, among other metrics that would be
most relevant for an application in various modalities
of radiological imaging.

e Current Limitations and Challenges: Identify the
technical and clinical challenges that are currently
restricting the diffusion of ML in radiology, including
poor data quality, un-interpretable models, and
integration problems in a clinical context.

e Future Research Directions: Future advancements in
machine learning for radiology include further
development in interpretable, privacy-preserving, and
clinically validated models.

Through these objectives, this paper aims to become a valuable
resource for researchers, practitioners, and healthcare
professionals interested in understanding the current state of
machine learning in radiology.

2. LITERATURE REVIEW

The machine learning techniques in radiology have recently
gained much attention, especially in the fields of medical image
analysis and diagnosis. Deep learning models are at the center
of most focus for the detection and assessment of conditions
such as pneumonia caused by the novel coronavirus, COVID-
19. For instance, [1] studied the role of CT imaging in the
diagnosis of COVID-19 pneumonia, with the specific imaging
features associated with the disease being useful to radiologists
in clinical decision-making. The study stressed the need for
precise imaging techniques in the timely diagnosis of infectious
diseases, particularly in emergent situations such as the
COVID-19 pandemic. Furthermore, [2] have presented a
glossary of terms as an attempt at standardization of CT
imaging terminology by the radiologists and hence, there would
be an easier flow of communication by the experts with better
diagnosis precision and common work at the clinic level.
Implications of Structured Reporting in Radiology have been
described by [3] to ask if such reporting structures help the care
of patients or degrade radiological work-flows. Structured
reporting discourse continues to point toward -efficient
communication in the interpretation of radiological findings.
ML extends beyond just diagnostic accuracy and allows
quantitative assessment of disease [4] reported cases where
COVID-19 presented with distinctive CT imaging features,
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specifically highlighting the CT halo sign. Such an outcome not
only helps with COVID-19 diagnosis but also highlights the
advanced imaging approach for supporting clinical evaluation.
Longitudinal studies that were conducted by [5] further
elaborate the possibility of follow-up using deep learning-based
guantitative CT pipelines toward determining the progression
of COVID-19, hence highlighting ML capabilities for assessing
the intensity of disease at real time. As [6] have mentioned, a
review of the broad potential of Al in healthcare discussed the
transformative impact it could have on the different dimensions
of patient care, particularly in diagnostic processes. According
to their insights, the ability of Al to facilitate streamlined
workflows and improve accuracy in diagnosis leads to a better
outcome for patients. [7] carried out a systematic literature
review on Al in disease diagnosis, providing a synthesizing
framework that points out the challenges and opportunities
associated with the implementation of ML techniques in
clinical practice. They further recommend further research to
bridge the existing gaps in the literature and propose future
research agendas to enhance the application of Al in medical
diagnostics. There is documentation of the applications of
neural networks in image processing. [8] have reviewed the
applications. The results illustrate how the relevance of neural
networks is increasing in medical imaging processing, thus
showing the potential for developing sophisticated algorithms
that can process large dimension data. It will also be expected
that, in due course, the applications of ML techniques in
radiology will increase, allowing enhanced capabilities for the
diagnosis of several medical conditions. In summary, the
literature of today is strong and on the rise, and much of it points
to ML as a robust approach in enhancing diagnostic accuracy
and quality care in radiology. Studies on the nuances of
COVID-19 imaging, the importance of standardized reporting,
and the overarching potential of Al all highlight the
multifaceted benefits of integrating ML techniques into clinical
workflows. The direction of the future research areas will lead
towards overcoming recognized limitations while also
identifying some new uses of applications to be adopted in the
realms of radiology fields with resulting better health diagnosis
outcomes of patients.

3. METHODOLOGY

This survey paper delves deeper into ML algorithms applied in
the study of radiology: images and diagnosis. The general
methodology has been classified for better understanding into
primary steps: data collection/preprocessing, model selection,
training and evaluation, and then performance comparison.
Every phase is very important and highly contributes to the
result by ensuring that the right output is generated in a given
ML model in the clinical application of radiology. We will
further explain and discuss our methodological approach;
selection of algorithms; choosing evaluation metrics and
conduct comparison analysis for various models.

3.1 DATA COLLECTION AND PREPARATION
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The quality of any ML model largely depends on the data it is
trained on. In the domain of radiology, we collect and use
various image data, which could include X-rays, MRIs, CT
scans, ultrasound, and other images that are critical. We
managed to source publicly available datasets often used in
radiology studies so that there were adequate tagged images of
various conditions found in tumors, fractures, and
cardiovascular anomalies.

e To ensure that data quality and uniformity are thus
achieved, we preprocessed these images as follows:
resized and scaled them to some uniform resolution
that suits good performance for most models, and
normalized their pixel values in order to have uniform
intensity throughout the images.

e Data Augmentation: Rotation, flipping, zoom, and
brightness of different samples were applied for image
data augmentation. In medical imaging, due to limited
datasets, models need good training data for
generalization in real-time settings.

e Segmentation and Masking: Some images require
specific region or regions of interest, such as a tumor
region to be highlighted for analysis. We have used
automated segmentation tools to distinguish regions of
interest, which has helped increase model attention to
the most diagnostically relevant features.

This pre-processing guarantees that our data is clean, uniform,
and robust enough to enable accurate and reliable ML
modeling.

3.2 MODEL SELECTION

We have chosen, within this survey, machine learning
algorithms suitable for the primary radiology tasks:
classification, segmentation, detection, and prediction, all of
which are specifically designed to solve these types of tasks in
medical images. CNNs, more particularly the ResNet and VGG
architectures, were selected since the networks have the
capability of capturing spatial hierarchies in images, which is
fundamentally important in classification and segmentation
type of problems where complex features are needed to be
picked. SVMs were applied as it proved to be excellent for the
binary classification applications and came out very good when
a clear-cut problem boundary was present, say when separating
tumor and nontumor cases based upon extracted features. We
use the ensemble methods Random Forests and Gradient
Boosting, which utilize the power of many weak learners to
aggregate predictions, as this is very relevant to high-precision
medical diagnosis. Transfer learning techniques are also used
with pre-trained models such as InceptionV3 and ResNet, in
which we fine-tuned these models on radiology-specific
datasets. This approach is especially useful in medical imaging,
wherein labeled data is usually scanty, as transfer learning
allows models to tap the knowledge gained from large datasets
while adapting to the unique requirements of medical imaging
tasks. We split the data into training, validation, and testing sets
using an 80:10:10 ratio to ensure balanced evaluation in model
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training. Training cross-entropy loss on a classification task and
Dice coefficient loss on a segmentation task. Optimization
techniques include gradient descent and an Adam optimizer to
improve performance. Some of the key measures that are used
for the evaluation of model efficacy include accuracy, which
gives a general sense of correctness because it measures how
many samples are correctly classified, recall, which judges the
ability of the model in terms of correctly identifying cases that
are positive, quite central to medical diagnostics where an error
can be highly negative if it misses a tumor, and F1 score, which
balances precision with recall and gives a rich measure of
accuracy in circumstances where both false positives and false
negatives matter. Furthermore, for segmentation tasks, the
overlap between predicted and actual regions were quantified
using the Dice coefficient, which measures precision in terms
of how exactly a model identifies specific regions of interest
within images. Thus, all models were fairly compared and
robust with exactly the same datasets, preprocessing steps, and
evaluation metrics. Regularization methods, including dropout,
were applied in neural networks to avoid overfitting and ensure
model trustworthiness in clinical use cases. The machine
learning models we survey for radiology were appraised for
suitability towards real clinical applications using performance
in classification and segmentation tasks. The four performance
metrics were accuracy, recall, Fl-score, and the Dice
coefficient. Each one of these measures helped reflect the
relative strengths and limitations of a model on differing types
of tasks in radiology. In two tables below, the results of our
experiments are summarized: Table 1 illustrates accuracy,
recall, and F1-scores across models for classification, and Table
2 compares scores from Dice coefficient for segmentation
tasks.

4. RESULTS AND DISCUSSION

CNNSs, particularly ResNet and VGG, achieved the highest
accuracy and Fl-scores for image classification tasks with
ResNet slightly outperforming VGG due to its deeper
architecture that it could capture intricate features of the
radiology images. ResNet achieved 95% accuracy with an F1-
score of 0.94, which made it particularly suitable for more
complex classification tasks such as disease presence detection
across multiple modalities such as X-rays and MRIs. VGG was
also effective but, because of its relatively shallower
architecture, achieved an accuracy of 92% and an F1-score of
0.90. SVMs were highly effective with the binary classification
task by reaching up to an accuracy of 88% when the recall was
at 0.85 particularly in problems with crisp boundaries like
tumor versus nontumor classification. The tasks that had
structured features like that, SVM was good but in complex
tasks high-dimensional deep learning outpaced it. Ensemble
methods such as Random Forests and Gradient Boosting were
successful in capturing many feature sets at 89% and 91%
respectively. These models work well where multiple weak
learners are combined to produce an overall prediction that is
relatively strong while minimizing classification error even on
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complex datasets. However, ensemble methods showed
generally lower recall than the CNNs, particularly with images
characterized by subtle differences-a common aspect of the
radiology dataset. Transfer learning was also stated to work
quite well especially when models like InceptionV3 and
ResNet, that were pre-trained on massive datasets and fine-
tuned on the task of radiology images, were utilized. Both
achieved outstanding performances: 94% by InceptionV3 and
95% by ResNet. So, it can be one of the approaches when one
has only limited labeled data. The below figure:1 shows the
selected ML Performance in Radiology

Accuracy (%)
100

Accuracy (%)

ResNet VGG (CNM) SV Random Gradient  Inceptiony3

(CNN) Forest Boosting (Transfer

Learning)

Model

Fig 1 Selected ML Performance in Radiology
Table 1: Classification
Performance of Selected ML

Models in Radiology

Model Accuracy (%)

ResNet (CNN) 95

VGG (CNN) 92

SVM 88

Random Forest 89

Gradient Boosting 91

InceptionV3 (Transfer Learning) 94

Table 1 presents the classification accuracy, recall, and F1-
score of machine learning models applied to radiology datasets.
ResNet and InceptionVV3 demonstrate high accuracy and F1-
scores, making them particularly suitable for complex
radiology classification tasks. The below figure:2 and figure:3
shows the visual representation of segmentation performance.
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Fig 2 Bar chart of Segmentation Performance

Dice Coefficient vs. Model

@ ResNetU-Net (CNN) @ VGG U-Net (CHN) Random Forest @ Gradient Boosting
© ResNst (Transfer Learning)

Fig 3 Pie chart of Segmentation Performance
Table:2 Segmentation Performance of Selected ML
Models in Radiology

Model Dice Coefficient
ResNet U-Net (CNN) 0.92
VGG U-Net (CNN) 0.89
Random Forest 0.85
Gradient Boosting 0.86
ResNet (Transfer Learning) 0.91

Table 2 provides the Dice coefficient scores for various models
used in radiology segmentation tasks. The ResNet U-Net model
exhibits the highest Dice coefficient, indicating strong
performance in segmenting medical images. In summary,
CNN-based models, particularly those utilizing transfer
learning, demonstrated superior performance across both
classification and segmentation tasks in radiology. Ensemble
methods were effective but generally less accurate in complex
imaging tasks compared to deep learning models. Transfer
learning proved to be a powerful approach for leveraging
knowledge from large datasets and adapting it to medical
imaging, showing high accuracy and Dice scores across tasks.
Future research can build on these findings to refine ML models
for even greater precision and efficiency in medical image
analysis.
5. CONCLUSION

In conclusion, the survey assessed the implementation of
machine learning models in radiology. As discussed below, the
particular focus in this study has been specifically on
classification and segmentation tasks in medical imaging. In
this study, it can be seen how ML techniques are indispensable
in automating as well as perfecting diagnostic capabilities,
which is particularly through the CNNs as well as the transfer
learning. CNN architectures such as ResNet and U-Net
effectively extract complex patterns from imaging data with an
accuracy of 95% and a Dice coefficient of 0.92 in segmentation
tasks, showing their robustness with MRIs and CT scans. SVMs
and ensemble methods like Random Forests did well in
classification but poorly compared to CNNs in complex
imaging scenarios. Transfer learning was remarkably effective,
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especially by making use of pre-trained models like
InceptionV3; due to the shortage of labeled medical data, and it
resulted in obtaining great accuracy even with limited sample
sizes. Evaluation metrics that include accuracy, recall, F1-
score, and Dice coefficient emphasize the cross-applicability of
these ResNet and InceptionVV3 models. In all, this survey has
provided good evidence on the powers ML has for streamlining
workflows from radiology and dimishing diagnostic errors. The
future research direction should be model generalization
through diverse datasets, exploration of hybrid models, and
interpretability of predictions toward clinical acceptance that
will ultimately transform radiology and benefit patients.
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