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Chapter 2: Smarter diagnostics: How
artificial intelligence is enhancing
accuracy and speed in disease detection

2.1 Introduction

The adoption and integration of artificial intelligence (Al) in healthcare diagnostics
serve as a critical strategic response to the enduring and growing problem of disease
diagnosis. The emphasis on the importance of being accurate and swift in disease
detection will continue to increase with the passage of time. An exploration of how the
widespread application of Al can be a transformative approach to enhancing existing
disease detection practices is needed. A focus on Al-driven disease detection is
presented here as an informed and worthy avenue to address this need, simultaneously
propelling the academic discourse and grounding the ambitions of policy makers, Al
developers, healthcare practitioners, and a public blighted by disease. The smart and
diligent reaping of this vision will result in a transformed healthcare system that not
only functions more effectively, but also is more actively oriented towards preemption
and prevention. Among this vision’s primary aims are empowering medical
professionals with advanced analytical tools, alleviating some of the burgeoning
pressure faced by public healthcare systems worldwide, and improving the health
outcomes and overall well-being of current and prospective patients. One aim of this
essay is to distill and further elaborate on this vision, exploring the myriad of
challenges, prospects, and considerations proffered within this initial schematic. In
application, Al-driven disease detection is suited to the vast spectrum of currently
diagnosed diseases, including both viral and bacterial infections. This essay, however,
privileges as its empirical anchor the Indian case, addressing pervasive challenges and
opportunities germane to the local expertise. Though these reflected insights are less
expensive and theorised, they suffice to prepare the ground for a more detailed
examination of how Al and smarter diagnostics can be meaningfully enmeshed. Every
effort is made to render the vision and the essay as a whole readily accessible and
relevant to a broad and interdisciplinary audience. Thus, the solution to this
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predicament predominantly depends on the physician’s subjective judgment on disease
symptoms, as well as the power of uplifting joint studies being conducted on large
patient populations about which disease is most likely. This modus operandi for
diagnosing diseases has remained ubiquitous in clinical grounds since centuries past.
And yet, this methodology often occasions disease prognosis that are tardy, incorrect,
or worse yet, inexpedient. In aggregate, such shortcomings of disease prognosis
typically lead to disputes over diagnosis or possibly misdiagnosis, the former of which
was estimated to have been observed at a rate of around 10% in 2016. Concerningly, a
verdict is made in respect of only one disease, on an inquiry basis, without gaining
insights from the other diseases committed in vain. Instead, it would more seemly to
refer to abnormal computational methods capable of delivering diagnostic decisions
instantaneously, with the specimens assumed to be dementia, acquired of computer
resources.

2.1.1. Background and Significance

Disease diagnostics date back to the earliest recorded history. The first diagnostic
tool—pectoral auscultation—is said to have emerged in 2600 BC. However, most
current disease diagnostics still rely on tools or methods developed over 200 years ago,
specifically stethoscopes and blood tests. While these methods can be very useful in
diagnosing diseases especially when performed by skilled professionals, not all
diseases can be accurately detected by stethoscopes or blood tests. Indeed, man-made
advancements in medical sciences are not able to keep up with the complexity of
incurable diseases such as cancer, strokes, and neurodegenerative diseases
Consequently, it is a common experience to be misdiagnosed when one is sick,
sometimes leading to side-effects far worse than the original disease, and in extreme
cases, no diagnosis at all, typically due to the disease being asymptomatic. Early,
accurate, and proper diagnosis of medical conditions is essential for knowing what
therapies, if any, are available. The longer a disease remains undiagnosed, the longer
it remains untreated, meaning it will likely worsen; accurate diagnosis has been found
to be a significant factor in improving patient outcomes, given the strong correlation
between disease stage at diagnosis and patient survival rates. In short, timely and
accurate disease detections can be the key to avoiding the progression of curable
diseases into serious conditions, or to quickly controlling incurable diseases from the
early stage of onset. Moreover, advanced technological devices such as computed
tomography (CT) and magnetic resonance imaging (MRI) have significantly improved
the ability to diagnose diseases, but the speed at which these devices can produce
results and their price point make them far less accessible to the wider public.
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2.2. The Role of Al in Healthcare

Acrtificial intelligence (Al) and machine learning (ML) have reshaped the domain of
healthcare and have transformed the traditional model of healthcare service delivery.
They are providing diagnostic services with many innovative and cost-effective
methodologies. Machine learning techniques are used for processing healthcare data
and diagnosing and predicting serious diseases. The main objective of this review paper
is to explore the role of machine and artificial intelligence in the healthcare industry
and also to identify their contribution and the leading applications which are enhancing
the diagnostic results in healthcare. Additionally, this paper also discusses the benefits
of utilizing Al techniques in healthcare and the problems faced in the implementation
of Al techniques technologies in healthcare. There is an ever-growing list of
applications for Al in the healthcare domain, some of which are user fitness tracking,
sleep-cycle analysis, chronic disease improvement, telemedicine and virtual health
assistants, and Al-based self-care apps.

The role of Al in the medical and healthcare field has been positioned as a transforming
tool with powerful potential that can enhance patient care and operational efficiency.
The scope of Al applications is broader encompassing but not limited to diagnostic
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processes, treatment recommendations, predictive analytics, personalized and
precision medicine, drug creation other use of big data, as well as Al-based
technologies being developed for and implemented in medical imaging using image
analysis to support physicians in lesion characterization, disease identification, and
early detection. Unsupervised machine learning is a part of Al that is the field of
artificial intelligence which is closely related to finding the structure of input data.
Machine learning is used in other computational tasks where it is necessary to generate
a system to find patterns in new data sets without doing the explicit program. On the
other hand, machine learning can be treated as an approximation that improves the
efficiency of search and optimization processes. The purpose of machine learning
algorithms is to generate a system that can detect patterns.Al in the medical and
healthcare field is revolutionizing patient care and operational efficiency through its
diverse applications, from diagnostics and treatment recommendations to predictive
analytics and personalized medicine. One of the key areas of impact is in medical
imaging, where Al-based technologies are used for lesion characterization, disease
identification, and early detection, helping physicians make more accurate decisions.
Unsupervised machine learning, a branch of Al, plays a crucial role in this
transformation by enabling algorithms to identify patterns within large datasets without
explicit programming. Unlike traditional methods, machine learning autonomously
discovers data structures and enhances the efficiency of search and optimization
processes. This ability to detect patterns in new data sets makes machine learning an
invaluable tool for advancing healthcare solutions, from improving diagnostic
accuracy to aiding in drug development.

2.2.1. Overview of Al Technologies

In healthcare, the advancement of technology has played a critical role in improving
healthcare services. The current treatment of diseases is driven through accurate and
timely diagnosis. Recent technological advancements help physicians to better
understand underlying disease conditions of patients that are causing the diseases.
When the reasons for diseases are well understood, it will lead to more effective
treatment methods, avoiding unnecessary costs to patients. However, due to the large
amount of available data, such as thousands of articles, notes, reports, literature review
etc., it is challenging for a physician to explore this enormous quantity of data and to
diagnose the disease for an individual. Thus, to support unaided diagnostic decision
planning, artificial intelligence (Al) is becoming a valuable tool for discovering
valuable patterns in data. Additionally, Al uses sophisticated algorithms and large data
to train the machine for accurate prediction. (Malempati, 2022; Nuka, 2023)

Recently, a wide range of intelligence research has been conducted on the health sector,
resulting in a number of paradigms and models that will aid many statistics in the
prediction of disease and symptoms. These intelligence models help experts diagnose
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illnesses effectively and accurately. Yet, it is a difficult decision to treat the disease
with the most advanced technologies available in the current scenario. The availability
of datasets from various health provider purposes cannot itself construct and train the
disease prediction model effectively and efficiently. There are a number of aspects
which affect the efficacy of the disease prediction model, such as small datasets, high
feature dimensions, non-availability of large sized clinical literature data, training,
testing and validating the prediction model on a single site. Finally, the model of
intelligent prediction of disease must be validated on humerous locations. Thus, for all
Al models to be successfully applied in the field of clinical and health, the prediction
model must be tested to ensure dependable generalizability and be effective and
accurate.

2.3. Al in Disease Detection

The rise of artificial intelligence (Al) has revolutionized a wide range of industries,
with disease detection standing out as one of the most improved fields. Disease
detection is difficult because doctors need to deal with a lot of data and many different
types of diseases with many different symptoms. Al is used to analyze data and detect
patterns that have been identified to correspond to a particular type of disease. In this
way, disease detection algorithms can help doctors in diagnosing a wide range of
diseases. As for the medical diagnosis, Al makes a major impact on radiology,
pathology, and oncology. For example, with the rapid development of data-driven
computing techniques, the traditional diagnostic approaches in pathology have already
shown dramatic changes in the current digital computational environment, especially
in the cancer domain. Convolutional neural networks (CNNs) have become widespread
and have made improvements to histopathology images since Krizhevsky's great
success in ILSVRC. Another such success is Retinopathy, which can significantly
automate the quantification of damage caused by retinal diseases through fundus
photographs at eye screening, thus minimizing the significant hurdles in treating
curable blindness. A model that helps make sick quarterback predictions also exists in
the NFL. The flu is one of the most diseased diseases. There are an average of 8% of
Americans infected every year, which can easily lead to other very harmful diseases,
such as pneumonia. Real-time flu prediction has significant clinical implications for
pharmacists, hospitals, grocery stores, and schools, but until 2013, there has been no
nationwide flu forecasting that can be done in real time. There are similar situations in
China. During the research paper writing 2117, the author came up with a reference to
Sogou's "Disease Diagnosis Assistant” which is similar to Duoqu's text. Every day,
thousands of Al-assisted diagnostic tasks are launched in the Sogou Search Health
Channel. And entrepreneurs plan to research this health bureau for a while, so they
don't consider the app as long as it is not necessary. Then there is a doctor in the family
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who is seen - every doctor wants to call their children from the hospital to start the
"one-click doctor" and many related companies. Finally, when checking the results of
the recent literature, you find that many efforts have been put into the automatic
diagnosis of diseases by Al on the same problems, and some have done a quite good
job, so the innovative algorithm no longer works. Because you have an interest in All,
Medical Imaging and Voice Processing, you found many types that use these people
to create your reinforcers after the contrast statement.
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Fig 2.2: Framework for disease detection system

2.3.1. Machine Learning Algorithms

There are considerations when creating a Machine Learning (ML) model for
diagnosing diseases. A clinical problem has to be framed as a diagnostics classification
or regression problem while carefully preparing the data. A disease detection model is
developed with an ML model that is accurate, sensitive, and specific. Any kind of paid
package can be used for creating an ML model. The model may be trained with deep
learning algorithms like Artificial Neural Network (ANN), Convolutional Neural
Network (CNN), or Long Short-Term Memory (LSTM) that can achieve higher
accuracy compared to machine learning algorithms. Domain knowledge is an
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important aspect in creating a disease detection model using a machine learning
algorithm. When selecting an algorithm, the clinical problem has to be thoroughly
understood, otherwise, the best algorithm cannot be chosen. There exist three types of
machine learning algorithms that can be used for diagnostics. They are supervised
learning algorithms, unsupervised learning algorithms, and reinforcement learning
algorithms. There are various types of training processes that a dataset undergoes prior
to training an ML model. Pre-processing includes removing noise, and irregularity,
correcting values for missing data, and normalizing the data. The proper subset of data
that aids in predicting outcomes are called features. The predictive ability of the model
can be increased by choosing the most effective subset of features. After training, an
ML model can be used to predict the class label of a sample. The performance metrics
to evaluate an ML model are categorized into three sections: The true-positive rate is
called sensitivity or recall. The rate of correct prediction of the classifier’s positive
instances with respect to all the positive instances is known as sensitivity. A disease
detection model can improve its predictions as it receives more data. Moreover, the
possible ways the model can predict clinical problems more efficiently are examined.
Along these lines, various experimental results can be scrutinized to illustrate the
effectiveness of ML in diagnosing diseases. Some case studies are given in predictive
diagnostics employing machine learning in the detection of diseases. Furthermore, it is
significant to consider the major challenges in the adoption of machine learning
diagnostics in clinical settings. The major roadblocks identified as limited data
availability, interpretability, and clinical adoption are discussed. Nonetheless, with the
potential benefits of carefully executed transparency processes used, those challenges
can be overcome. In conclusion, machine learning can significantly assist healthcare
providers with the detection and treatment of diseases. But, more robust training and
validation approaches are needed to be developed whilst amassing and maintaining
innovative quality datasets for disease diagnostics.

2.4. Accuracy in Diagnostics

In this exploration, the focus is on the accuracy component of smarter diagnostics.
There is a lot of hype from technology vendors, and it is important to consider the
accuracy and limitations in addition to the system’s speed.

There are issues with all diagnostic technologies, such as false positives (or false
negatives), and in the real world, which technologies have the fewest errors is what
matters. The key for humans or machines is to ensure that the right screening or
guidelines are used. In the discussion surrounding the Al-based enhanced diagnostics,
the concern is that the output from these systems is not as accurate as is claimed. These
“revolutionary breakthrough” Al-based technologies are compared with existing
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automated diagnostic technologies, which need to be demonstrated on spoofs, and in
BER. In diagnostic systems like retinopathy or dermatology, a BER closer to zero is
better, and these are the metrics soon implemented.

In this pursuit, a quick comparison of legacy spoofed deep patient models of diabetic
retinopathy to algorithms that need to be deployed in practice is provided. It is also
discussed why it is important that the people crafting these deployments have the right
background education and expertise, as proven in a scientific study of more diagnoses
than any investigatory academic.

2.4.1. Comparative Studies on Al vs. Traditional Methods

In comparative studies, Al models were either assessed against medical professionals
or tested in parallel with traditional diagnostic methods by medical professionals in a
blinded manner. Systematic reviews, meta-analyses, or multiple studies on a certain
medical condition were particularly emphasized. This section offers a comprehensive
analysis of the primary literature meeting the inclusion criteria and covers the study
design, medical conditions, Al techniques, traditional methods, sum of findings, and
limitations of the reviewed articles.

Review of the literature supports a slower adoption of Al in diagnostic clinical
practices involving either direct interactions with patients or specimen testing. Instead,
most studies favored image pattern recognition as Al’s diagnostic context. Despite a
common use of Al, all image-based methods and most point-to-point data-driven
learning utilized CNN, reflecting a deep learning structure. One review and four
primary studies recognized the potential of shortening the wait time for diagnosis by
using Al in image or text analysis. Shorter processing time was observed in three
reviews, a quadriphasic contrast-enhanced cranial CT scan study, and a dynamic
telemonitoring ECG study.

On the flip side, one study thought that Al time-consuming training was a drawback,
which was echoed by two reviews. Detecting eligibility of depression from baseline
clinical data over a 5-year trajectory was reported as taking years with Al, but such a
study design is scarcely embraced by other similar research. A training duration
between Al and medical students on how to recognize skin melanomas was not
significantly different and shorter when compared to specialist clinicians’ study on the
same issue. The variation in training time might be due to diverse learning settings and
technologies. It is argued that the pragmatic solution to improve the perseverance of
doctors on the use of Al is to test and validate Al models rigorously before acquiring
permission for clinical use (Komaragiri et al., 2022; Chakilam et al., 2022; Malempati
etal., 2022).
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2.5. Speed of Disease Detection

Speed of Disease Detection Speed is key when it comes to disease detection in medical
emergencies. In the case of a stroke, over 30,000 brain cells die each second, as such,
recovery chances improve dramatically if time to treatment is reduced. The first step
in identifying a stroke is a brain scan to determine the presence or absence of a blood
clot or bleeding. Early detection of stroke is challenging as the necessary tests are time
consuming. Al could aid in overcoming these challenges by analyzing head CT scans
in real-time, identifying the early signs of a stroke when there is a larger time window
for treatment. Recently, a system for this task was approved, with plans to use Al
models in portable CT scanners.

Cancer

Diabetes

Heart Disease HIVIAIDS

Fig : Artificial intelligence in disease diagnosis

While the dire necessity of speed is most evident in emergency care settings, it affects
patient outcomes across a broader spectrum of use cases. Faster diagnostics result in
quicker treatment which can be a determiner for recovery in itself. This is particularly
important for critical care diseases such as sepsis which, once developed, has about a
40% mortality rate for every additional 6-hour delay in treatment initiation. Outside of
direct medical implications, rapid and continual diagnostics could simplify the general
people’s relationship with their healthcare needs. At present, there needs to be a
reasonable suspicion of disease together with the time and money for a doctor’s
appointment for diagnostic tests to be run. However, it is conceivable that some
medical tests could be conducted regularly or continuously in the background, greatly
reducing the amount of guesswork and effort currently associated with healthcare. As
Al systems don’t get fatigued from continuously performing one task around the clock,
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the potential exists to rapidly increase the rate of tests processed. While this benefit is
currently primarily espoused in the realm of preventative care, there are possibilities
for its broader impact. For example, diagnosing rare diseases can require specialized
knowledge and a thorough ruling out of other possible conditions. Faster tests means
more time for medical professionals to get involved once a test result comes back,
perhaps enabling the diagnosis of a disease that would otherwise be outside the scope
of knowledge of the practitioners seeing a wave of undiagnosed patients and leaving
potential lifesaving treatment on the table (Challa, 2023; Nuka et al., 2023).

2.5.1. Real-time Data Processing

One of the most critical advances in healthcare that is evolving today is the growth of
real-time analytics for disease detection. Traditionally, health systems have depended
on specialist knowledge to interpret diagnostics, often involving bioinformaticians to
generate and communicate the results. These intermediaries are required to interpret
raw test outputs; a DNA profile, for instance, is a long string of characters, while gene
data is only useful in the context of known mutations. Real-time analytics, running on
data as it is generated, can automatically process and make it interpretable. This means
that insights are generated immediately, which is crucial in critical scenarios where
quick data-driven choices need to be made.

The type of computed insights is contingent on the exact nature of analyzed data.
Where it is straightforward (for instance indicating the presence of a virus if raw gene
sequences match a specific pattern); an entire automatic solution can be deployed.
However, more often data analysis will be complex, requiring multiple interrelated
processing steps. In such cases, real-time systems will generate a structured output (like
a report outlining potential treatment options based on protein and blood-history data)
which are then reviewed by clinicians. This “human in the loop” mode permits the
integration of advanced machine-generated insights with human expertise. The
technology facilitating real-time analysis of vast amounts of data quickly is now
coming into its own. Central to its fruition is cloud computing; this means that even
small biotech startups can now readily access and work with petabyte-scale data. In
addition, a large hardware sector paying attention to life science, biotech, and medical
startups ensures that there are a diverse set of tools available to those wanting to
innovate in the field. Whether working on DNA modification detection, a packed blood
test, or spatial networks of tumor proteins, there is always a possible computational
framework ready to deploy. Even powerful design platforms for new molecular
solutions are becoming increasingly available that democratizes innovation for the
non-specialist. For example, innovative use of 3D printing in sample collection devices
can now be easily tested.
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2.6. Challenges in Implementing Al Diagnostics

On the more logistical side, another set of problems emerges as to how new
technologies may be incorporated into the existing complex healthcare system. The
future applies to the printouts of imaging tests, but in-cabin Al will become a standard
part of medical devices. For now, data scientists developing algorithms are not health
professionals themselves, so they have to work with radiologists, for example, to
annotate training datasets or create an interface for Al system applications. This means
that health professionals need to be trained in how to implement Al in daily work, but
they will benefit from common functioning. There is a need to co-organize projects.
Given that the promise of Al ascribed by supporters is very large, but the
implementation of model-loving doubts among opponents does not make it impossible,
it would be sensible to search for a compromise that will also allow constructive
dialogue. More joint work is needed, where the needs and capabilities of healthcare are
known, as well as the specifics of the Al technology itself, developed by technologists.
Thus, different competencies will be used for their intended purpose on both sides,
which will ultimately result in the most effective action. On the developers side, there
is a need to consider the problem as widely as possible and predict potential
irregularities, which may contribute to solutions minimizing the risks involved. It is
also crucial to test the methodologies developed in real-world healthcare settings. Here,
too, the involvement of medical facilities is necessary, because radiologists or
laboratory diagnosticians can detect defects that may be overlooked by developers
during the tests. Perception of and trust in Al-based diagnostics is more of a societal
challenge. Algorithms process visual materials such as images. Because of the nature
of the study object, obtaining a proxy for the machine diagnostic space is impossible.
Different doctors can reach the same conclusions about an image looking at it, but they
can focus on different features. Additionally, due to measurement errors, failed
viewing conditions, or noise stimulation in the measurement process, different images
of the same object may not be identical. Thus, a Nod-like metric that would explicitly
define the distances in image space that are equivalent in diagnostic terms is a
phenomenon far beyond the current understanding of machine learning.

2.6.1. Data Privacy and Security Concerns

Artificial intelligence (Al) is now being used widely for medical imaging analysis, and
has also begun to facilitate a variety of other medical diagnostics. There are many ways
an Al boxing account of a human health data breach could be planned. As for Al
applications focused on medical imagery, another possible kind of patient data to be
dispersed harmfully could be the medical images themselves. This is a growing
concern for privacy researchers who point out the difficulty of ensuring anonymity as
well as the inferences that could potentially be made from images. In the case of
healthcare Al, should such a breach involve personal data in the form of diagnostic
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imagery, there will likely be consequences for practitioners. Efforts to maximize safety
from a data perspective include using anonymized data, monitoring data-pertaining Al
systems, and directly training systems on the user’s data only in situ. The relevant legal
frameworks regarding the protection of patient data are quite complex and depend on
jurisdiction. Noncompliance can result in significant fines, making strict compliance
one of the predominant barriers to broader commercial acceptance of Al applications.
Therefore, healthcare Al systems cannot be trained on user-generated data without
considerable legal due diligence in ensuring that this training is compliant. Although
data storage data breaches are currently the focus. As cybersecurity experts point out,
anything digitally stored can be hacked. Data are usually at rest in storage or being
moved, and are highly vulnerable without proper encryption. In storage, most cyber-
attacks occur not during data transfer but on stored data. One method for interacting
with privacy-sensitive data, including health information, in a more secure manner is
to use homomorphic encryption. Homomorphic Encryption is a cryptographic method
that allows computations to be performed on encrypted data, resulting in the same
output as the same computations performed on the data in an unencrypted state. With
some initial good results. An ongoing additive homomorphic encryption scheme on X-
rays used by several research groups within the use-case templates met requirements
with preservation of sensitivity and easy usage, which is a promising result for the
secure dissemination of the use-case templates. However, broader work must be
continued for use-case candidates like the feature ‘nodule,” where the connection over
the encrypted X-ray and the classifier is barely seen. Generalized ethical guidelines for
the sharing of diagnostic imagery, healthcare is considered to be an ethical use-case
template. The guidelines should be updated and further individualized. Ethical
guidelines must be considered for data generation as well as data usage.

2.7. Conclusion

In closing, Al can both enhance the accuracy and speed and help eliminate human error
and bias of traditional methods. Enhancement can include a wide range of disease
types, and flexibility in diagnosis approaches. Shortening the waiting time for a test
result and alleviating human reliance on dull work are also outcomes. Importantly, the
early symptoms of diseases, such as tumors, are usually obscure and latent. The slow
making up of pertinent information may bring life threat to patients. In this context,
effectively diagnosing diseases at an early stage is necessary in treating and curing
patients. A number of cutting-edge research into Al technologies closely related to
disease diagnosis have emerged recently. However, this kind of research is far from
mature and has not yet realized wide-scale application in the real world. In general,
current developmental trends of artificial intelligence in disease diagnosis are already
alarming, while a lot of potential problems that need to be solved exist at the current
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time. As with adopting any new technology in the healthcare system, ethical
considerations are paramount in the integrating of artificial intelligence in disease
diagnosis. All the papers thus put a high premium on the balance of promoting
technological innovation and the guarantee of ethical principles and patient safety.
Training of technical staff providing routine maintenance and technical know-how on
how to handle problems which may arise will also form part of a successful
implementation strategy. Cooperation not only among the health system’s actors but
also local elected representatives or regulatory authorities, as well as the organization
of patient groups to obtain feedback from grassroots, could carry forward the
discussion on the development of the many facets of the Al.

2.7.1. Future Trends

We are at the beginning of the Al era. Expectations for Al are high in medicine, with
technological, academic, and VC funding having contracted since the COVID-19
pandemic. The evolution of Al in medicine is observed across two broad categories:
commoditization and innovation. The commoditization of Al—such as existing FDA-
approved tools for black box image interpretation and new ‘Al consults’ in the EHR—
is starting to have an impact for clinicians, health systems, and even patients. These
tools are increasingly coming to market, with potential champions and barriers. The
Drug Enforcement Agency (DEA) is governing deterministic versus nondeterministic
claims for these Al devices—a critical distinction to understand when considering
commercial contracts. In the area of innovation, highly hyped (sometimes over hyped)
early stage companies are regularly producing output that cannot yet scale, no one can
use, and in some cases, is even outright wrong. However, some early and promising
trends may incrementally impact clinical diagnostic detection in the immediate years
to come. Standard cancer surveillance is typified by imaging and blood tests every few
months. Cancers are not static, so the chance of missing a nodule, or a rising biomarker,
is very high, leading to cancer detection at a later than otherwise possible stage.
Continuous monitoring, such as with frequent, routine liquid biopsies, is more likely
to identify aggressive cancers earlier, when they are small and more treatable.
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