IJ A RCCE ISSN (O) 2278-1021, ISSN (P) 2319-5940

International Journal of Advanced Research in Computer and Communication Engineering
ISO 3297:2007 Certified ¢ Impact Factor 7.918 3¢ Vol. 11, Issue 10, October 2022
DOI: 10.17148/IJARCCE.2022.111016

Navigating the Intersection of Machine Learning
and Healthcare: A Review of Current
Applications

Herat Joshi

Doctoral Research Fellow, Computer Science & Engineering Department, Maharaja Sayajirao University,

Gujarat, India

Abstract: Large and complex datasets in the quickly changing field of healthcare defy conventional research methods
due to their sheer number, minute details, and fast-paced nature. Techniques that can efficiently handle and analyze large
datasets—including clinical, personal computer, and medical usage data—are desperately needed. Conventional
statistical models face difficulties because, in spite of their vastness, these datasets are either incomplete or restricted to
particular segments of the population. Although machine learning approaches have demonstrated their ability to
overcome these obstacles, they are not impervious to the biases that are frequently present in observational studies. For
these models to be reliable and accurate in research applications, they must be rigorously validated using industry-
standard testing techniques like lasso or ridge regression.
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l. INTRODUCTION

A wide range of mathematical and statistical methods that are typically used to generate predictions are together referred
to as "machine learning" [1]. This field is important for health forecasting, which includes estimating the number of
influenza vaccines needed and future flu seasons. But forecasting in healthcare goes beyond simple prediction; one
example is the ability to foresee the effects of drugs. In order to select the right drug, doctors need to assess how therapies
are affecting their patients [2]. This problem is comparable to that encountered while drafting policies. While there is
potential for machine learning to predict therapy outcomes, not all methods are equally effective, and the literature
frequently fails to distinguish between accurate treatment impact estimation and simple forecasts. Separating data into
sets for training and validation is a basic step in machine learning. These sets are then used to construct highly accurate
predictive algorithms, which are evaluated against large datasets [3].

Amazing promises have been made in the medical industry about the use of large-scale healthcare datasets and machine
learning, with some algorithms even able to diagnose patients more accurately than human doctors. Big data and machine
learning are technologies that are essentially aligned with standard statistical models that are familiar to most medical
practitioners, despite their initial complexity and seemingly arcane nature. According to its original definition, machine
learning is the act of having algorithms use data to make judgments or complete tasks without the need for explicit
programming [4]. However, this concept covers a wide range of data-driven approaches.

1. EXPLAINING MACHINE LEARNING

It might be more straightforward to view an algorithm's development as spanning from entirely human-guided to
completely automated analysis. It's important to understand to what extent the structure or parameters of a predictive or
diagnostic algorithm represent what is commonly referred to as computer learning [5]. The balancing act between the
human-like attributes of predictive algorithms and their data processing capabilities is known as the machine learning
continuum.

This continuum illustrates the intended function of an algorithm. As humans impose fewer expectations on an algorithm,
its capacity to learn autonomously expands [6]. Yet, it's essential to recognize that a method doesn't instantly qualify as
"machine learning." Instead, these techniques are positioned along a continuum, differentiated by the level of human
input involved in their development. A notable advancement in the field is the advent of high-level machine learning
techniques, particularly deep learning models.
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These models, which are highly sophisticated neural networks, have been engineered to derive precise models directly
from unprocessed data [7]. A deep learning algorithm that can diagnose diabetic retinopathy as accurately as or more
accurately than eye professionals has been revealed in recent studies. Apart from the initial annotations given by a group
of ophthalmologists to determine the correct diagnoses for each image, this algorithm makes diagnoses by examining the
raw image pixels [8]. This sophisticated learning algorithm is essential to the wide range of learning technologies because
it requires little to no human knowledge to function.
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Figure 1. Biological neurons VS artificial neurons network

Deep learning algorithms for image recognition require massive volumes of data in order to capture the full richness,
diversity, and nuance of real-world models, even though they require less human direction. Because of this, these
algorithms frequently require the extraction of the exceptional visual attributes associated with the outcome in hundreds
of thousands of cases [9]. Being further along the master learning continuum does not imply excellence because different
tasks require varying degrees of human engagement. In addition to being incredibly adaptable and capable of learning
several tasks, spectrum algorithms frequently lack interpretability. Another factor is velocity, or the rate at which users
may converse with one another. EMR data is also available virtually instantaneously. Furthermore, the diversity of data
is growing. Vital signs, sociodemographic data, and broad-based health risk assessments are becoming more and more
linked to claims and EMR data. The optimization of anti-urolithiatic activity involves the use of specific algorithms [10].
More recently, data from biometric sensors and Fitbits have been made available, together with fresh information on
human genetic features. Such information is both abundant and rare.

Numerous statistical methods have proven effective for analyzing empirical evidence [11]. However, the vast amounts
of data and its characteristics, such as inconsistent completeness, highlight the need for innovative approaches to tackle
challenges related to treatment effectiveness, patient outcomes, the efficacy of different healthcare models, policy
implications, and more.

In the realm of machine learning, certain strategies employ regression-based predictive techniques. For example, Lasso
regression incorporates a penalty factor to minimize the risk of overfitting by potentially reducing the coefficients of
some variables to zero, making it an effective tool for variable selection. The essence of Lasso regression, which involves
calculating coefficients within a multivariate framework, paves the way for applying machine learning to assess treatment
impacts [12]. It's widely acknowledged among researchers that computers might not straightforwardly choose the
ultimate model configuration. Despite this, the chosen model's theoretical or clinical validity will invariably undergo
rigorous verification and conform to established evaluation procedures. Additionally, starting with a predefined set of
variables for model construction strategically mitigates the risk associated with unexpected outcomes [13]. Machine
learning techniques significantly enhance the importance of the initial variables compared to traditional healthcare
research methods.
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Regretfully, there is nothing special about machine learning to shield it from the common issues seen in observational
data analysis [14]. In actuality, simply applying machine learning techniques to Big Data is not enough to protect against
prejudice. For example, if key clinical seriousness markers are missing from the data collection, like the disease stage in
a breast cancer model, then increasing the sample size won't solve the bias problem.
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Figure 2. Machine learning is interdisciplinary.

Artificial Intelligence (Al)
A specific science discipline focused on philosophy, mathematics, and computer science that aims at understanding and
creating structures that exhibit intelligence properties [15].

Machine Learning

Algorithms used in machine learning, a specific area of artificial intelligence (Al), extract predicted information from
samples of data. The essence of machine learning is embodied in this field, which is defined by the application of
mathematical models on computer systems. It includes a wider range of mathematical methods, many of which have
found important uses in the medical industry. More complicated data sets can be analyzed thanks to advanced approaches
like Deep Learning, which rely on frameworks that can handle unpredictable complexity [16]. In addition to improving
predictive accuracy, this capacity to handle and learn from complex data creates new opportunities for innovation in a
number of industries, including healthcare, where it supports the development of personalized medicine strategies, patient
care optimization, and disease prediction. The potential of machine learning to transform industries through deeper
insights and more effective solutions is growing as it advances.

Deep Learning

Deep learning techniques empower computers to analyze vast amounts of unprocessed data for the purpose of
identification or categorization of critical patterns. These advanced learning algorithms operate on the principle of
layering data in multiple levels, each layer processing the input further to accentuate features crucial for discrimination
while filtering out non-essential variations. Such in-depth training can be either supervised, where the model learns from
pre-labeled data, or unsupervised, where the model identifies patterns without pre-defined labels. These methodologies
are at the forefront of contemporary advancements in machine learning, driving significant progress in areas such as
image and speech recognition, natural language processing, and autonomous vehicles [17].

The capacity of deep learning to handle complex, high-dimensional data sets with minimal human intervention has
transformed it into a pivotal technology in Al research and application. By automating feature extraction, deep learning
reduces the need for manual intervention, making it possible to develop more accurate and efficient predictive models.
This has led to breakthroughs in various fields, including healthcare diagnostics, where deep learning algorithms are used
to detect diseases with greater accuracy than traditional methods.
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Furthermore, in the realm of robotics and automation, deep learning enables machines to interpret and interact with their
environment in a way that mimics human perception, thereby enhancing their autonomy and utility. As the technology
continues to evolve, deep learning is expected to unlock new possibilities, pushing the boundaries of what machines can
learn and achieve.
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Figure 3 Simple Neuron vs Deep Neural Network

Supervised Learning involves training computer programs to identify patterns between input and output data, under the
guidance of a human supervisor. These programs can then use these learned patterns to make predictions about future
data. Recognized as a prominent area within machine learning, supervised learning applications span healthcare and
many other fields [18].

Unsupervised Learning refers to the process where computer programs discern patterns and relationships in data without
being given explicit outcomes to map against. This approach enables the identification of novel patterns and predictors
not previously recognized [19].

Reinforcement Learning is a method where computer programs optimize their actions based on the rewards they receive
for their behavior, drawing on principles from behavioral psychology. This technique is particularly effective in scenarios
like gaming, where there are multiple decisions to be made without clear-cut right or wrong answers, and success is
measured by the achievement of objectives rather than the avoidance of errors [20].
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Figure 4: Types of Machine Learning
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1. Al IN HEALTHCARE DECISION-MAKING

Effective management of health systems involves a range of information processing activities, such as delivering public
health services and healthcare. To enhance the efficiency and achieve the goals of health programs, policymakers tailor
the structure, financing, and resource allocation of health systems [21]. Two primary tasks are central to the healthcare
industry's operational needs: initially, the examination and diagnosis based on historical data and investigations, followed
by the design, implementation, and monitoring of a comprehensive strategy aimed at realizing desired health outcomes
[22]. The creation and evaluation of hypotheses, along with the application of interventions, are core components of these
processes within health system management and medical treatment. By revealing hidden data patterns, machine learning
technologies have the capability to significantly improve the formulation and verification of hypotheses. This
advancement holds considerable promise for impacting both individual patient care and broader health system operations
[23].

In addition to using methods that are not predicated on previous data distribution assumptions, machine learning expands
on existing statistical techniques, which can be utilized for the creation of hypotheses and the application of data patterns
to test hypotheses. Additionally, a number of additional variables need to be added, which can be used to a far greater
range of data kinds; in contrast, machine-learning models can lead to more complex situations and are more challenging
to comprehend [24]. In the context of the study, these methods have been utilized to test, identify, and predict future
events. These implementations are typically found in hospitals rather than urban areas, and they have an impact on
reproducibility and universality because they are typically dependent on data from specific locations. Furthermore,
machine learning is still expanding exponentially in the fields of healthcare and all societal information processing
activities [25-29].

V. IMPLICATIONS OF Al FOR CLINICAL PRACTICE AND HEALTHCARE WORKFORCE

Machine learning has emerged as a pervasive technology with the capacity for ongoing refinement and the ability to drive
further innovations. Its deployment is associated with significant economic shifts, creating both opportunities and
challenges. Economists Acemoglu and Restrepo have analyzed the impact of automation, noting that machines often
replace human roles in areas where they offer distinct advantages, leading to a phenomenon known as the relocation
effect [26-28]. Nonetheless, this displacement is counterbalanced by factors that boost labor demand, leading to increased
production and higher costs. This dynamic fosters opportunities for cost savings in existing manual tasks and the creation
of new, non-automated roles, some of which directly leverage automation technologies. The field of diagnostic
radiography, as extensively documented in machine learning research, serves as an illustrative case, prompting an
examination of how such trends may apply to healthcare professionals [23-33].

V. UTILIZING MACHINE LEARNING AND DEEP LEARNING APPLICATIONS

As a result of deep learning algorithms creating new standards for diagnostic image processing, some observers have
suggested that radiologists will eventually retire and questioned the necessity of continuing to train new radiologists. As
machine learning systems become more autonomous, machine learners may be able to handle a greater number of cases
and delegate diagnostic diagnosis duties to non-radiologists with assistance from these systems [34-37]. With less
automated research and more primary care research, as well as fewer secondary and tertiary radiologists treating unique
patients, this reorientation of roles will allow the healthcare sector to reevaluate the balance of competence and radiology
team deployment [38]. In order to enable a human decisionmaker to focus on workflow efficiency and utilize the image
most effectively, the researchers behind a pneumonia-diagnostic machinery learning system have devised a mechanism
whereby the technology system first "reads" the image and points to a target for the human radiologist. This allows the
human decisionmaker to solve several additional cases. Pathology and other specializations relying on image processing
also require the same technologies [39-41]. Thus, machine learning creates hybrid systems that combine computer and
human intelligence. These kinds of situations offer the perfect environment for humans to create expectations,
collaborate, and oversee Al systems. This allows humans to control Al's capacity to analyze enormous amounts of data
in order to find correlations with predictive power or optimize against a subsequent criterion [31].

VI. CONCLUSION
In this discussion, we have focused on the direct effects of machine learning on healthcare systems, leaving aside its
indirect impacts on areas like drug discovery and more. Predicting the future of technology is inherently challenging, as

it continuously evolves, presenting new opportunities and constraints. The concept of achieving general intelligence, akin
to human intelligence, appears out of reach within the next 5-10 years using current methodologies.

© IJARCCE This work is licensed under a Creative Commons Attribution 4.0 International License 93


https://ijarcce.com/

IJ A RCCE ISSN (O) 2278-1021, ISSN (P) 2319-5940

International Journal of Advanced Research in Computer and Communication Engineering
ISO 3297:2007 Certified ¢ Impact Factor 7.918 3¢ Vol. 11, Issue 10, October 2022
DOI: 10.17148/IJARCCE.2022.111016

Nevertheless, the immediate potential lies in developing specialized, focused machine learning solutions aimed at
addressing key issues within health systems. These solutions have the capacity to enhance the capabilities of decision-
makers, thereby establishing new benchmarks in both clinical and administrative processes. Such advancements present
a significant chance to improve healthcare systems without incurring proportional costs. Unlike other approaches,
machine learning offers transformative benefits without a steep increase in expenses. While the upfront costs associated
with adopting machine learning technology—such as research, development, and system modifications—are not
insignificant, the advantages of scalability justify the investment. Moreover, there is a promising path forward in
leveraging machine learning through the generation of detailed clinical datasets, establishing efficient data sharing
protocols, and fostering collaborative efforts to boost both efficiency and healthcare outcomes.
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