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Preface 
 
 
 

The Tata Memorial Hospital has pioneered the cause of EBM in oncology in India and has been conducting 
the annual meeting on EBM in common cancers for the past eighteen years. The 19th conference on 
“Evidence Based Management of Cancers in India- EBM 2021” is being held from in a Virtual platform 
from 26th to 28th February, 2021 and 5th to 7th March, 2021.  Each year we have focused on different aspect 
of cancer care; collated and published the best available evidence in the form of “EBM book” which is also 
easily accessible at our official website. 
 
This is a broad and overarching theme, which will span all specialties involved in Cancer care including 
Surgical Technology and adjuncts; Theranostics - Radiodiagnosis/ Interventional Radiology/ Bio-imaging; 
Pathology, Radiation therapy planning and delivery; Diagnostics and Precision Medicine and Advanced 
technologies including Artificial intelligence, Big Data management. The focus is on evaluation of efficacy 
as well as practical utility and cost-effectiveness.  
 
 
This EBM conference will be led by a galaxy of national and international authorities in the multidisciplinary 
fields. The goal is to critically review and present the best available evidence and evolve management 
practices, which can be easily assimilated into clinical practice across the country. This book outlines and 
discusses these advances. 
 
 
 
 
 
 
Prof R A Badwe, 
Director, Tata Memorial Centre 
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Chapter 1: Introduction to Artificial Intelligence, Machine Learning, Deep Learning, & Convolutional 
Neural Networks 

Dr. Parag Mahajan 
 

Artificial Intelligence (AI), Machine Learning (ML), and Deep Learning (DL) 

Humans have natural intelligence, and artificial intelligence means computers or machines mimicking human 
intelligence. Like computers and the internet, AI will be everywhere in our lives within just 10-20-
years.Soon, AI will enable cars to drive themselves without a driver or a steering wheel. There are two types 
of AI, general & narrow. General AI performs like human intelligence &can do tasks in all areas like a human 
being. Narrow AI can be similar to or better than human intelligence but limited to one particular area or task 
(like recognizing images and nothing else). 
 
Machine Learning (ML) is a field of study that gives computers the ability to learn without being explicitly 
programmed (Arthur Samuel, 1959) [1]. ML is a subset of AI and involves "training" a computer software 
algorithm (collection of commands/rules/codes) by giving it large amounts of data and then allowing it to 
adjust itself so that it can learn and improve its accuracy and efficiency.ML can be divided into two main 
fields: Conventional (or sometimes called shallow) learning and deep learning (or DL). So, DL is a subset 
of machine learning and refers to automatic learning from data using artificial neural networks (ANNs). 

Artificial neural networks (ANNs) are the basis of deep learning and are inspired by the working of neurons 
in the human brain (the most powerful computing machine ever known.) Practically, DL and ANNs are 
interrelated; DL would not exist without ANNs. DL and ANNs have revolutionized AI, which is why DL 
and ANNs are given significant importance when it comes to AI. DL mimics the working of the human brain 
in processing data for a variety of use cases. 

 

Figure 1 showsthe relationship between artificial intelligence, machine learning, artificial neural 
networks, & deep learning. Image copyright © MedMantra, LLC. 
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ML is based on the idea that algorithms can learn from data, identify the underlying patterns and make 
decisions based on minimum human help. ML algorithms help recognize patterns in existing databases to 
predict or classify data [2] (Figure 2a-d). Thenew insights into these patterns can be made using mathematical 
models. It is not a new concept, but it is the one that has gained fresh momentum. 
 

 
Figure 2a shows the classification of different machine learning approaches. Image copyright © 

MedMantra, LLC. 
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Figure 2b shows Supervised Machine Learning. Image copyright © MedMantra, LLC. 

 

 

Figure 2c shows Unsupervised Machine Learning. Image copyright © MedMantra, LLC. 
 
 
 
 

 
 

Figure 2d shows Reinforcement Machine Learning. Image copyright © MedMantra, LLC. 
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Artificial & Biological Neural Networks 

A neuron consists of a cell body from which multiple dendrites come out, along with a long tube-like axon 
having multiple axon terminals at its other end. Axon terminals are interfaces where the neurons 
communicate with one another, and a synapse (a gap) connects the terminals to dendrites.A neuron in the 
brain can be considered equivalent to a tiny transistor in a computer, also called a node in the artificial neural 
network.The concept of neurons (brain cells) and network of neurons are the models around which the human 
brain's inner workings depend upon. An estimated number of 100 x 109 neurons are contained in the human 
brain, with each connected through their pathways to the rest of the brain.In the biological neural network, 
the transmission of input signals (sensory data) occurs from one layer of neurons to another through their 
numerous interconnections. Usually, a single neuron in the deeper layers can receive thousands of input 
connections, & each neuronal layer may contain a few dozen to millions of neurons.Multiple neurons in 
various layers of the human brain are interconnected to form massive biological neural networks.The neural 
networks are why our brain carries out 'thinking' or 'processing' every action. 

 
The ANNs are designed to mimic the biological neural networks(Figure 3). The neuron or nerve cell 
equivalent in the ANN is called a "node." The ANNs are virtual or simulated networks created inside the 
computer software. The ANNs need not be programmed to do a particular task; they can instead be trained 
or learn on their own, similar to a human brain!One or more nodes are arranged in multiple layers in a typical 
ANN. 

 
Figure 3 shows a typical Artificial Neural Network (ANN)- an artificial network of interconnected 

nodes (N). Layer 1 represents the input layer, layer 2 represents the hidden layer, and layer 3 
represents the output layer. Each connection between two nodes is represented by a variable number 

called a weight (W). Image copyright © Can Stock Photo / Korolev 
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A typical ANN has three distinct layers; an input layer, the hidden layers, and the output layer. The input 
layer lies at the top of the network. The hidden layers lie below the input layer, and the output layer lies at 
the bottom of the network. In a typical ANN, each node in the hidden and output layers is connected with 
every node in the layer above. Each connection represents a variable number called a "weight.” Input layer 
nodes receive the data to be processed. Output layer nodes output the result(s) obtained after processing the 
data in the hidden layers. When the ANN is being trained, the input layer nodes receive the data and pass it 
on to the next hidden layer's nodes. The same thing happens when a trained ANN is performing a task it is 
trained to do.The input data is passed on from the input layer node(s), through the hidden layer nodes, and 
finally to the output layer node(s). Since the data flows forward from the input to the output layer, this type 
of network is called a "feed-forward network." In this case, data is in the binary form - a matrix of 0 and 1 
in varying combinations. Any input data like an image, text, or audio is represented in the ANN in a binary 
form.When the input layer has more than one node, each node receives the same input data. When the data 
passes through a connection between any two nodes, a mathematical function applies a weight (a small 
variable number that can either be positive or negative) to the data and modifies it.In simple terms, the 
mathematical function multiplies the input data value with the variable number of the connection weight and 
passes on the product to the node below it. 
 
Each node has a threshold value. The node adds all input data values, and if this summation value exceeds 
the threshold, then the node is activated and passes on the modified data to all the connected nodes in the 
next layer – a process called excitation. 
 
Different connections may have different weights. During the ANN training, these weights need to be 
adjusted to obtain a correct output layer result. It has been proven that, given enough time to find the optimum 
weights for different connections, any ANN can output the correct result!Various optimization techniques 
are used to expedite this process of finding optimum weights for various connections in an ANN, like 
gradient descent and stochastic gradient descent, to name a few. The current rapid and significant increase 
in the graphics processing units (GPUs) has enabled us to reduce this optimization time from years/months 
to a few days/hours. This is one of the most important reasons why the ANNs have become practical and 
economical today. 
 
While training an ANN for a given input data, we aim to match the output data with the expected answer, as, 
answer to the input data (question) is already known.Without any training, the ANN may not give a correct 
answer. The difference in the actual output and the expected output (correct answer) is gradually reduced 
during training by changing the connection weights.This changing of the connection weights is done in a 
reverse direction (bottom-up), starting from the output layer and gradually (layer by layer) moving up 
towards the input layer. This is the reason the process is called “backpropagation” (backprop).During 
training, a sufficient number of pre-evaluated input data samples are used. Training is complete when the 
actual output exactly matches the expected output for all of the sample data. The connection weights present 
remain fixed when the trained ANN is used in the future until it receives further training.The more and varied 
samples an ANN is trained with, the more accurate it becomes. 
 
Deep ANNs are designed to carry out complex data recognition tasks, like identifying images and finding 
patterns in an extensive text database. In a deeper ANN, the superficial hidden layers learn to recognize 
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simpler features and the deeper layers learn to recognize more complex features. The deeper the hidden layer, 
the more complex the feature it can recognize.A complex ANN model with more efficient problem-solving 
ability & increased abstraction can be created by increasing the frequency of hidden layers, increasing the 
number of paths between neurons, & increasing the number of neurons in a given layer.However, increased 
model complexity is often associated with an increased chance of overfitting, i.e., suboptimal results when 
fed anonymous data but optimum results when fed training (previously known) data. 
 
Examples of Deep Learning Algorithms include the following 

• Convolutional neural networks (CNN) 
• Recurrent neural networks (RNN) 
• Recursive neural networks (RCNN) 
• Deep belief networks (DBN) 
• Convolutional deep belief networks (CDBN) 
• Feed-forward neural networks (FNN) 
• Self-organizing maps (SOM) 
• Multi-layer perceptron (MLP) 
• Deep Boltzmann machines (DBM) 
• Stacked denoising auto-encoders (SDAE) 
• Gated Recurrent Unit (GRU) 

 
Computer Vision 

Computer vision is an interdisciplinary field that seeks to automate visual tasks that humans can do. The 
discovery of convolutional neural networks (CNNs) revolutionized this field. CNN is a unique framework 
of the DL ANN. A computer can never see an image as a person does. Instead, it sees an array of pixels 
(Figure 4a). 

 
 

Figure 4a shows an image as seen by a human and a computer and a matrix filter. Image copyright 
© MedMantra, LLC. 
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Interpretation of this radiograph by AI involves passing the image through the CNN via input layer and a 
series of convolutional, nonlinear, pooling, and fully connected layers (Figure 4b). Then it produces the 
output. 
 
 

 
 

Figure 4b shows an image passing through a convolutional neural network (CNN). Image copyright 
© MedMantra, LLC. 

 
 
To interpret the radiograph, the CNN at first searches for low-level features (shoulder bones, ribs, or air-
filled lungs – for humans, however, for the CNN, the edges, curvatures, or boundaries are the low-level 
features.) With the help of convolutional layers (forming the whole network), the CNN can see more of the 
high-level features (shoulder bones, ribs, heart, or the air-filled lungs).  
 
In the input layer, the matrix of pixel values (the image) is sent to the convolutional layer. It starts reading 
the input matrix from the top left of the image. The software chooses a small matrix (e.g., 2 x 2), which is 
known as a filter (or a core or a neuron). Then this filter creates a convolution, i.e., it moves along the input 
image. The function of the filter is the multiplication of its values by the original values of the pixel. All of 
the multiplications are then added up to obtain a single number. The filter starts reading the image from its 
top left corner and gradually moves further by a unit after carrying out the multiplication operation (Figure 
4c). 
 
 

 
Figure 4c shows the process of convolution. Image copyright © MedMantra, LLC. 
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When it reaches the image's right edge and completes the multiplication operation, it moves to the left side 
one row below and continues with the process. After moving the filter through every position on the image, 
it now obtains a smaller matrix than the input matrix.When the image passes through one convolutional layer, 
the first layer's output becomes the second layer's input.  
 
After every convolution operation, a nonlinear layer is included.After the nonlinear comes the pooling layer. 
It is concerned with the height & the width of the image & carries out downsampling on the image (decreased 
image data). This means that if some features (like edges) have already been identified in the previous 
convolution operation, then a detailed image is no longer needed for further processing, and it is compressed 
to less detailed pictures.It is vital to include a fully connected layer (dense layers) after completing a series 
of convolutional, nonlinear, & pooling layers. It carries data from the convolutional networks. 
 
Choosing the right algorithm 
To choose the right algorithm, we need to try out some algorithms which fit our use case and pick the one 
which performs best on our dataset. There are no hard and fast rules regarding this, but it is more based on 
trial and error and experience (Figure 5). 
To create a model, one has to pass through these phases: 

- Construction of the model 
- Training the model 
- Testing the model 
- Evaluation of the model 

 

Figure 5 shows the steps involved in selecting machine learning algorithms. Image copyright © 
MedMantra, LLC. 
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Chapter 2: Implementation of AI into Radiology Workflow 
Dr. Parag Mahajan 

 
Introduction 

Demands upon Clinical Imaging departments are burgeoning. It is regularly asserted that, eventually, 
computers will largely displace humans in medical imaging interpretation. Several research papers have 
compared the performance of AI-augmented clinical imaging against humans undertaking the same tasks. 
An AI-assisted mammography study revealed that the AI system's performance was statistically non-inferior 
to that of the average of the 101 radiologists.[1] The AI system had a 0.840 (95% confidence interval [CI] = 
0.820 to 0.860) area under the ROC curve and the average of the radiologists was 0.814 (95% CI = 0.787 to 
0.841).However, it does not mean that every new tool is a great fit for all departments or that the integration 
mechanism is as obvious as the salesperson may infer.The key to success in delivering benefit through AI in 
radiology is understanding in advance: 

• How does the department's existing workflow operate, and what are the challenges?  
• What benefits are expected from AI? 
• What could the various modified target workflows look like, and how can these support the expected 

benefits? 
 
Barriers & Limitations 
Systems & Process Integration 

It's not a problem just in healthcare; it's a problem across all sectors. In almost every case, systems that look 
great in the brochure must be inserted into an existing technical & human process workflow. As attractive as 
the brochure might paint the system to be, if it cannot be efficiently used within the operation, it cannot be 
(successfully) acquired. The delivery of any change into existing workflows is complex—more complex 
than most imagine. As the radiology work process is ongoing, and in many cases, cannot be interrupted, that 
delivery must be as seamless as possible. Integration into surrounding systems, process design, data transport, 
security and storage, staff training, systems failover, maintenance, and support must be considered, designed, 
tested, & delivered.All of this is expensive, & those costs escalate if the platform designers have not 
considered interoperability—the technical process of interfacing systems and common networking & data 
formatting standards—such as DICOM.Thankfully, standards exist, and most platform developers are both 
aware of and make efforts to comply with these standards. However, extensive validation and testing are 
required.  

 
Trust & Regulation 
The experimental capability of AI in many settings exceeds its practical utilization. Trust is a critical 
component of healthcare delivery. Since the impact of errors would be severe, physicians, patients, and 
regulators would not accept AI to operate unchecked without extensive verification and monitoring. In the 
execution of this task, the FDA and other regulators have moved to provide frameworks for the introduction, 
maintenance, and operation of AI in clinical practice. [2]While this could be interpreted as a barrier to entry, 
such frameworks are essential in building and maintaining trust in AI operations. An area in which AI 
applications can make an immediate contribution is the support of human radiologists. Notably, AI does not 



Radiology Beyond Imaging 

 

                                                                                                                                                    Page 19 of 137 
 

(yet) take coffee breaks, hang around the water cooler, argue with its partner or colleagues, or get bored and 
burned out by repetitive work. Screening, flagging, and checking tasks undertaken by AI to support existing 
workflows can improve the consistency of results & avoid radiologist burn-out while retaining humans' 
oversight. 
 
Data Relevance, Data Privacy, & Availability  
AI is only as good as the data it is trained with; that data must be complete, annotated, verified, relevant, 
representative, appropriately formatted, and clean. [3]Data preparation must separate the data into three 
distinct data sets: 
• Training: Data used to populate the AI model. 
• Validation: Data withheld from training and used to tune the trained model's parameterization[4]. 
• Test: Data withheld from training and validation is used to validate the trained and tuned model's output 

finally. 
 
The requirement to ensure both the consistency and relevance of training data is onerous—the variability of 
subject structures is huge and variability in scanned images and different scan settings[5]. The regulation also 
plays a role. A further key and non-optional step in acquiring data is the "de-identification" of the model 
data. Merely removing the patient identifying metadata (name, address, patient reference number, social 
security number, insurance details, etc.) may not be sufficient. 
 
Systems in Play 

The volumes of data generated by imaging systems are so large that they present storage issues for non-
specialized platforms and require specialist platforms for review, analysis, annotation, and distribution.When 
considering the impacts of AI implementation, there is awareness about the sector-specific terminology.  
 
PACS - Picture Archiving & Communication System 

PACS acts as a specialized store, inventory, and analysis system for medical images. They are technical 
workflow systems, directly managing the image reception and analysis tasks. PACS platforms receive 
images from various scanners as a series of files. Radiologists use the PACS platform to search for and 
retrieve images, view them for analysis, identify lesions or other structures, highlight these, and annotate 
them for use in diagnostic reports or treatment plans.The image files themselves are in a sector-specific data 
format (DICOM—see below) and contain both pixel and metadata relating to the scan. PACS may be cloud-
based or on-premises solutions. PACS are often large-scale multi-user enterprise platforms. Rather than 
being monolithic, systems are often split into multiple functional components: 
• PACS archives store all DICOM format files. 
• PACS viewer terminals provide a native user interface for viewing, analyzing, and annotating images. 
• PACS interfaces provide a set of Application Programming Interfaces (APIs) for enabling interactions 

to and from external enterprise systems. 
 
VNA - Vendor Neutral Archive: 
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• An imaging server that also receives DICOM data but is not a radiologist-specific PACS platform. It may be 
implemented to enable intradepartmental sharing of imaging data without impacting the PACS 
 
RIS - Radiology Information Systems 

• RIS can be viewed as the departmental detailed workflow platform within the radiology team. Meeting 
interoperability requirements with the RIS is a core consideration when introducing new systems into a 
working imaging department.Typically, while managing appointments and scheduling, staff availability, and 
access to and recording the utilization of scanning resources, they also support advanced functionality such 
as repetitive appointments, scheduling moves and changes, etc. The RIS may also allow secure data sharing 
with other systems within the hospital environment. RIS consolidates radiology reports across a patient 
treatment cycle, allowing current and historical images and radiology reports to be viewed in one place and 
making it easier to track a condition and treatment plan's progression. RIS benefits are typically centered 
around information management and removing the administrative burden of scheduling, rescheduling, and 
chasing appointments.  
 
Electronic Medical/Health Record - EMR/EHR System 

The EMR/EHR platform typically contains all elements of patient identification and other medically relevant 
metadata. 
 
CIS - Clinical Information System 

CIS is a generic composite term that may refer to one system or a federation of several.CIS platforms 
consolidate all patient information (radiological & otherwise) into a single patient view. Similarly, they may 
also include patient workflow /scheduling functionality.Thus, CIS systems may incorporate a RIS and may 
also include EMR/EHR management systems. 
 
DICOM 
DICOM (Digital Imaging & Communications in Medicine) is not a system, but it is a hugely relevant 
interoperability standard for encoding and transferring, storage, retrieval, and displaying medical imaging 
data [6]. Adherence to DICOM standards ensures that medical images are of the correct format and encoded 
with the right quality necessary for clinical use.It facilitates information sharing between different 
manufacturers' systems and practices. DICOM implementation is almost ubiquitous across radiology 
imaging devices (X-ray, CT, MRI, ultrasound, PET, etc.) 
 
 
Workflow, Architecture, Organization, & Integration 

The architectural approach to AI integration is ultimately a discrete choice of each project and organization, 
but one that is not stand-alone, in that it sits within a spectrum of options and constraints.Large-scale 
healthcare organizations, possibly those that operate either extensive facilities or across multiple sites, will 
/should have an enterprise architecture that will incorporate: 
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• Enterprise platform strategy—a strategic set of specific enterprise platforms (like PACS and RIS) that 
change programs must work with and accommodate within their plans.  

• Systems interoperability strategy—a set of data formats, security standards, and data interchange 
standards that projects must work with and accommodate within their plans.  

• Enterprise data models—an organization-wide descriptive data model, probably pivoted in this instance 
around the EMR/EHR platform. 

• A long-term target architecture—an aspirational architecture, toward which (rather than away from 
which) it is anticipated that next projects would iterate 
 

Organizations put these strategies in place for several reasons: 
• To constrain the number of systems that need implementing and supporting. 
• To Consolidate costs into fewer larger supply contracts. 
• To Simplify the systems integration challenges. 
• To Enable multiple, disparate platforms to communicate and exchange information via a hopefully 

single, but more often smaller, set of common standards. 
• To reduce the costs of ensuring regulatory compliance across the estate. 
 

A comprehensive and well-formed Enterprise Architecture strategy will encompass data storage and archival 
(PACS/EMR/EHR/RIS), as well as compliance. There will almost certainly be preferred vendors and, quite 
likely, the desired platforms integration and delivery partner (likely to be from one of the larger IT companies 
or a consultancy) and a mandated project and business case approach. This overarching strategy may feel 
burdensome and constraining, but having all these guidelines and frameworks will also increase delivery 
success chances. This will also open the door to implementing AI systems that are not immediately supported 
by the large platform integrators. 
 
Discussion 

PACS and RIS are implemented to support the radiology department by automating many of the 
administrative tasks associated with the workflow, such as by providing advanced tools for visualization, 
easing storage, & making collaboration more straightforward by enabling data sharing through common 
standards, platforms, and data formats. This support has reduced cycle times, enabled significant 
improvements in individual and departmental productivity, and improved patient care. Integration of AI into 
this pre-existing workflow must deliver only positive impacts into these established environments—not 
replacing the human workforce, but utilizing the qualities of an AI (infinite attention spans, no coffee breaks, 
no burn-out, algorithmic consistency of approach) by taking over repetitive and straightforward tasks from 
humans.An example includes processing a vast number of scans to identify and make preliminary 
observations (including measurements) of all lesions and other notable structures. This approach enables the 
human radiologists to focus only on the concern, consult with colleagues, and draw conclusions without 
spending hours in preliminary identification.The choice of platform and mechanism of integration may not 
be wide open and may be constrained by the existing technical architectures and interoperability standards 
enforced by the organization. 
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Modalities of Operation 
Extensive consideration has been given to the technical approach to the integration of AI in imaging 
workflow.While the diagnostic application of AI is wide and varied, the operational modalities break down 
into relatively few types.A discussion of some of the Fprincipal operating modes of AI in a clinical setting 
is also worthwhile considering how any specific platform is applied [7]. 
 
Flagging Lesions and Other Notable Structures 

The AI surveys entire scans and highlights lesions or other structures with concerning features (e.g., critical 
findings). The AI may or may not provide analytical measures (a score or series of scores for each flag) to 
give reasoning to the alert.A radiologist examines all flagged items and makes the final diagnosis. A subset 
of non-flagged imaging studies may be quality checked to ensure that the AI does not miss notable 
features.This is a cautious approach that presents the clinician with several potential false positives for 
consideration. However, it does provide a consistent baseline for the evaluation of each lesion. It increases 
the radiologist team's productivity, whose time is spent evaluating identified and scored lesions rather than 
searching for them. 

 
AI Evaluates and Prioritizes the Workstack 

The AI examines entire scans and highlights lesions or other structures with concerning features. It scores 
each flagged lesion/structure and triages/prioritizes the workflow for attention with AI-scored high-risk cases 
to evaluate the radiologist first.This can be a useful approach for triaging workflow into low and high risk 
(low- and high-risk patients being presented in the order of AI assigned priority), but the final assessment 
remains with the human radiologist.Optionally, this scheme could be extended such that scans with no 
abnormally scored structures may not be reviewed in their entirety and passed back to the referring clinicians 
(although most clinics would likely check a sub-set of these). 

 
AI Requesting Second Opinions 
In this modality, the AI and the radiologist operate in parallel. Both assess and score the same scans, with 
the AI cross-checking the radiologist. If the AI's opinion differs significantly from that of the radiologist, the 
AI generates workflow items to request a second opinion from another radiologist within the team.While not 
delivering a productivity improvement, this is an inobtrusive mechanism of using an AI to "catch" cases that 
may otherwise be inadvertently passed over. 
 
Targeting Within Large Scans 
Some scan types can return a vast number of images within which there are no notable abnormalities. For 
example, whole-body MRI scans for metastases or CT scans for trauma. Examining extensive scans can be 
tiring and error-prone for a human radiologist, as the human attention span limits are tested. This is especially 
a problem when reporting CT scans of trauma cases at night.Letting an AI take the lead in these instances 
can dramatically improve productivity and mitigate the likelihood of missing critical findings. Typically, the 
AI would flag and optionally score for attention only those sites with structures worthy of attention. 
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Discussion 
 
There are several different mechanisms in which an imaging AI can be inserted into the radiology workflow 
to assist the human workforce. These modalities vary as to the extent to which the AI is used to either 
prioritize and cross-check/augment departmental output consistency or increase each radiologist's 
productivity. Therefore, the workflow solution and system integration, and process change approach for each 
are very different.This highlights the importance of understanding an AI implementation's desired outcomes 
before selecting and attempting to deliver a particular platform/algorithm.It is also essential to be aware that 
while AI programs find promising applications in addressing the narrow task for which they are trained, 
radiologists are often more adept at consolidating a complete view of the patient from several different data 
sources other than the raw images & the metadata. 
 

In the same way that there are different approaches to supporting radiologists with AI-enabled image 
analysis, there are several AI platforms and workflow integration [8]. The basis of choosing in this regard is 
established by determining the status of current workflows. This involves mapping existing workflows and 
considering which will be affected by introducing AI algorithms and those actively targeted for change.There 
are two broad types of workflows to consider those between people and groups of people, & technology 
workflows, which map the flows of information & dependency between different technical systems. 

 

Workflow and Integration 
 

 
 

No Integration (Figure A) 

An AI platform could simply be bought and installed at its simplest level - the least expensive approach. This 
approach would provide a greater level of individual control and autonomy for users. Use could be expanded 
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through multiple installations, allowing for concurrent access, although this would almost certainly incur 
extra licensing and support costs. There are significant workflow considerations with this model. 
Radiologists could adopt a "file-based ‘cut-and-paste' integration" in which analyzed results are simply added 
to their final report. The potential lack of any PACS storage and workflow integration would not support any 
consistency of approach between colleagues operating within the same department. 

Deep and Seamless Integration (Figure B) 

In this model, the AI engine acts as an interim post-processing engine. An automated workflow is established 
between the scanners and PACS (this may already be in place). All images deposited into the PACS are sent 
without human interaction to the AI that processes the images. At this stage, either with or without radiologist 
interaction, the AI-augmented results are returned into PACS/RIS for onward workflow. Within this mode 
of operation, the report format is likely to be standardized and rigid. Clinicians can find this approach useful 
to inform the diagnosis. However, the automated workflow means that the AI interprets scans without routine 
input and a radiologist's review. This architecture is least flexible for change in future workflow operations, 
as it builds systems dependencies into the flow and may restrict future workflow enhancements. 

Multi-AI Platform Host (Figure C) 

Many larger medical platform vendors operate a "host platform approach" whereby a single computing 
framework can host multiple AI technologies within a single interface. This approach effectively supports 
macro-level workflows in which different, task-specific AI may be in play.The platform vendor is also very 
likely to offer additional support, maintenance, compliance, and quality control services across all vendors 
inside the kimono—simplifying internal support processes.Downside – the host platform vendor becomes a 
mandatory component of all AI integration projects, which may constrain future AI applications' choice to 
only the algorithms and vendors that the host supports. Choice of platform vendor requires careful 
consideration and close involvement from the supplier management team. 

Multi-Department RIS Integration (Figure D) 

This approach extends yet again the level of workflow and technical integration. Having been processed 
according to the platform hosted model, AI-augmented and reviewed results within the integrated PACS are 
distributed via the CIS for access. Full RIS integration carries many of the benefits, shortcomings, and 
commercial risks of the multi-vendor platform approach while extending the integration beyond the 
radiology team and making the data more widely available within the organization.  

 
Advanced Functional Options 
 

• Alongside the more "traditional" image-based analysis and annotation offered by AI components, some 
platforms can offer additional advanced functions, further leveraging the environment's support of the drive 
for increased productivity and diagnostic capability.  

• Voice integration for data capture: Voice transcription for reporting services. 
• Radiologist’s feedback to improve the training model of the AI 
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• Re-submission and revision: Occasionally, radiologists may determine that the AI must revisit the 
evaluation of a particular structure with a different set of configurations.  
 
Conclusion 
 

• AI applications have a very significant and developing role in radiology. However, the technology is 
developing fast and is further impacted by developments in parallel in associated technologies such as 
Cloud Computing, Networks, and Virtual/Augmented Reality. It must be noted that AI, in particular, is 
a group of aligned technologies, all the subject of intense technical focus is currently moving through a 
hype cycle, at various rates.Several technologies presently near the peak are very relevant to this sector 
(Machine Learning, Deep Neural Networks, Natural Language Processing, AI Cloud Services, etc.At 
this stage of their development, AI applications are marketed to enable substantial improvements in 
productivity & more consistent delivery of quality care. 
 

• Many AI applications are currently trained to undertake only a specialized subset of tasks and lack the 
more comprehensive patient view and the ability to consolidate information from multiple possibly 
unintegrated data sources into a diagnostic conclusion.The principle challenge in selecting, adopting, 
and leveraging AI in a clinical context lies in understanding how it is to be applied in such a way as to 
extract maximum benefit.Inserting it into the workflow without harmful disruption takes consideration 
& careful planning, involving multi-disciplinary stakeholders from across the organization. The clinical 
teams and IT, HR, supplier management, and legal resources have critical roles. 

 
• Future developments in AI, supported by advances in computing power & communications, will enable 

much more capable AI to make inferences at levels not yet currently understood. Human radiologists 
will confidently surrender their workload to the AI assistant and focus instead on delivering highly 
personalized, precision care to the patient. 
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Introduction: 
 
The term "Artificial Intelligence" was coined by John McCarthy in 1956 in a Dartmouth College workshop[1]. 
AI can be defined as the process of developing intelligent machines which can replace or outperform the 
natural intelligence of human beings[1]. Machine learning (ML) and Big Data are twoprimary components of 
AI. 5V can define big Data, i.e., volume: the data in large volume, Variety: data from various sources, 
Velocity: data grows very fast, Veracity: quality and integrity of data Value: the richness of data [2]. ML is 
how a machine learns from past events or data without being explicitly programmed for that. Mainly there 
are three types of ML methods known as (i) supervised learning, (ii) unsupervised learning, and (iii)semi-
supervised [3]. In supervised learning, training data sets are labeled and used to map the input data to the 
desired output. 
In contrast, neither data is labeled nor mapped to the output during the learning process in unsupervised 
learning methods. The semi-supervised learning method combines supervised and unsupervised ML methods 
in which labeled andunlabeled data are used to construct an accurate learning model [3]. Deep learning is a 
sub-type of the machine learning system in which the algorithm learns a composition of features that are 
represented in a hierarchy of structures in the data. Complex representations of data are expressed in simpler 
representations of data in deep learning [4]. Various deep learning algorithms propose an end-to-end approach 
to predict outcomes by hierarchically learning simple features as complex features. 
 
 
 

 
Figure 1: Interdependency of Artificial intelligence (AI), Machine Learning (ML), and Big data 

 
Significant types of ML techniques can be categorized mainly in three groups; 1) Regression, 2) Decision 
Tree (DT), and 3) Deep learning. There is various kind of regression algorithms, i.e., Linear regression, 
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Logistic regression, K-Nearest Neighbor (KNN), decision trees algorithms, i.e., Random Forest (RF), 
Support Vector Machine (SVM), Bayesian Network (BN), and deep learning algorithms, i.e., Convolutional 
Neural Networks (CNN), Recurrent Neural Networks (RNN), Artificial Neural Networks (ANN). [2-7] 

 
 

 
 

Figure 2: Machine learning algorithms A) Regression algorithm B) Decision tree algorithm C) 
 
Deep learning algorithm: 

Implementing artificial intelligence in medical imaging and diagnostics can be achieved by implementing 
predictive analytics, radiomic workflow, and natural language processing (NLP) workflow. 
 
 
Predictive Analytics: 

Predictive analytics endows prediction models to become proactive, forward-looking, anticipating outcomes 
and behaviors based upon the data and not on a hunch or assumptions. Predictive analytics can also suggest 
actions to benefit from the prediction and provide decision options to benefit from the predictions and their 
implications. Predictive analytics includes gathering the data from various sources (Data Harvesting), 
processing the data and making it amenable to the machine learning (Data Cleaning), reduction of 
dimensionality of the data (Feature Selection), development of a predictive model using the most relevant 
features, and algorithms (Prediction Model Development), selection of best model based on internal and 
external validation retrospectively and prospectively (Model Selection). 

 

Figure 3: Predictive modeling involves various processes from harvesting data to selecting the best model. 
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Radiomics process:  

Mostly imaging data is analyzed qualitatively and semi-quantitatively to diagnose the pathological 
conditions. The visual perception or semi-quantitative data can extract minimal information from the image. 
A paper published in radiology Gillies RJ et al. describes a medical image as more than a picture; its data 
and various quantitative parameters can be extracted from the medical images [8]. Radiomics is a process to 
extract high throughput quantitative parameters from medical images to unearth various pathological 
conditions [8-12]. Radiomic features extracted from medical images can be classified as; shape-based 
features, first-order features, higher-order features, textural features, LOG features, and Wavelet features [9-
12]. The entire radiomic process (figure 4) involves image extraction, tumor segmentation, preprocessing of 
images, i.e., conversion of images in the required format, voxel normalization, image masking, filtering of 
image, image transformation, radiomic extraction involves extraction of radiomic features from original, 
filtered and transformed images [12]. This process leads to the data explosion, and that can be managed by 
employing feature selection of reduction methods described in the previous section. Finally, 
extracted/selected features are used for prediction model development.  

 
Figure 4: Describes the radiomic process for radiomic feature extraction and feature selection 

 
Natural Language Processing: 

Natural Language Processing (NLP) employs the processing of recorded speech or written text reports or 
both to extract structured reports by using machine learning and deep learning algorithms. There are various 
well-established NLP applications in diagnostic and clinical text processing in medicine, such as report 
classification, report interpretation, sentiment analysis, text generation [13]. The entire NLP workflow 
consists of various steps summarized in figure 5. Pre-processing of data employs segmentation, stop word 
removal, and tokenization of free-text data. The synthetic analysis involves sentence parsing, parts of speech 
(POS) tagging, chunking, and concept recognition. Negation detection identifies the presence or absence of 
concept and feature selection, and vector labeling extracts the relevant feature and labels it. Feature 
processing and model development & validation involve defining the outcome, generating annotated corpus, 
training, and validating the model on the annotated corpus. The model implementation is the final step in 
NLP workflow, which involves the classification of text, report generation, and clinical decision support 
systems. 
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Figure 5: Natural Language Processing workflow 
 
 
Artificial Intelligence in Medical Imaging: 
Recent literature has witnessed the emerging role of artificial intelligence in medical imaging. In the coming 
years, healthcare will witness AI's use in the medical imaging department's entire workflow. The 
implementation of AI in medical imaging is summarized in figure 6.  
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Figure 6:  Role of AI in medical imaging and diagnostic workflow 

 
Planning of imaging procedure:  
Medical imaging procedures are often associated with radiation exposure, procedural complexity, and high 
cost.  These imaging procedures require procedural but patient-specific preparation and planning, which 
requires highly skilled human resources to perform these tasks. Several studies have been performed to 
establish AI algorithms' role in patient scheduling, procedure selection, patient preparation, and dosimetry. 
Smart scheduling from GE healthcare and Patient Scheduling by cognitiveScale are examples of AI-based 
intelligent patient scheduling solutions [14-15]. Ansart et al. showed that AI-based screening of patients led to 
increased recruitments and fewer costly PET scans in a clinical trial [16]. Massachusetts General Hospital 
performed a study to predictpatients' no-shows for a diagnostic procedure with the help of a prediction model 
developed using logistic regression [17].Xie T. et al. have shown that the radiation dose to the fetus from 
various radiopharmaceuticals can be calculated by AI technique [18]. Xie T. et al., in another study, have 
performed a deep learning-based dosimetry calculation for internal organ dosimetry [19-20]. 
 
Medical imaging procedure: 
Modern generation scanners have started using various machine learning technology,which is expected to 
increase in the near future [21]. AI can optimize image quality, scan time, scan range, and radiation exposure 
in diagnostic procedures. Aydin D. et al. have demonstrated a deep learning algorithm for scan range 
delimitation in CT Chest [22].    An automated tube current (Auto mA) is utilized for modulating tube current 
to minimize radiation exposure to the patient. Auto mA procedure is based on a patient's scanogram, but 
minimum and maximum mA is predefined and not patient-specific [23]. Nevertheless,AI-assisted systems 
may allow us to real-time and patient-specific modulation of the tube current to obtain the image's best image 
quality with reduced radiation exposure to the patient [24]. AI-based systems can assist radiologists in finding 
the tradeoff between better imaging and radiation exposure to the patient.  

 
Image reconstruction 
Image reconstruction in radiology and nuclear medicine has been challenging, and several iterative 
reconstruction techniques have been used. In the last few years, AI-assisted reconstruction of medical images 
has been tried by many researchers and shown an improvement in image quality [25-33]. Also, under the 
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image's image wisely and wisely, a low-dose diagnostic CT scan is proposed. Conventionally iterative image 
reconstruction technique has been utilized to improve the image quality in low dose CT [25].  Chen, H. and 
Zhu, B et al., and several others have demonstrated the utility and superiority of deep neural network-based 
reconstruction of low dose CT data over commercially available reconstruction techniques [26-32]. Hong et 
al., in their study, used a convolutional neural network (CNN) to enhance the image resolution of PET scans 
[33]. Xiang L et al. has shown the promising result with the in-depth learning technique to improve the image 
quality of low dose and less scan time reconstruction in PET imaging [34]. Wang Y et al. have also 
demonstrated 3D deep convolutional networks' utility to predict high dose PET scan using low dose [35].  
Kim et al. used denoising CNN with the local linear fitting improved image quality of PET in iterative 
reconstruction algorithm [36]. Shiri L. et al. have shown the utility of deep learning residual network to 
predict full dose myocardial SPECT using low dose SPECT data [37].  
 
Fusion imaging like PET/CT has been a breakthrough in cancer imaging [38]. PET/MRI is another fusion 
medical device gaining a role in medical imaging, but it faces a significant challenge in attenuation correction 
in PET images with corresponding MRI images [39]. Several conventional techniques have been tested to 
improve attenuation correction in PET in PET/MRI [40]. Recent literature suggests AI's role in attenuation 
correction of PET images of PET/MRI [41-45]. Hossein A. et al. have shown the deep learning technique's 
utility to estimate attenuation correction map based on time-of-flight PET emission data [41]. Hossein A. et 
al. have also estimated attenuation and scatter correction together in multi tracer neuroimaging study [41]. 
In a similar study, Shiri L. et al., in a similar kind of study, used deep learning to successfully estimate joint 
scatter and attenuation correction in PET images successfully [42]. In another study, Hwang D. et al. in 
another study using a deep neural network to utilizethe MLAA algorithm to generate activity and attenuation 
maps together [43]. Liu F et al., in another study, have used deep learning MR image-based technique to 
generate an attenuation map [44]. Several researchers have also demonstrated the prediction of one modality 
image to another modality with AI methods. Nie et al., in a small study, have demonstrated the feasibility of 
direct MR-to-CT image prediction using context-aware GANs [45].  
 
Image Interpretation and report generation: 
Image interpretation and reporting are among the most critical tasks in medical imaging performed by 
imaging experts. Image interpretation consists of finding clinical history, image reading, extracting 
quantitative data from an image, comparingthe scan with earlier scan, quantitatively and qualitatively, 
reporting the findings, and finally interpreting the finding. AI tools may reduce this burden from expertsto 
do more meaningfuljobs like interpretingfindings, providing expert opinion, and contributing to 
multimodality treatment groups. Natural Language Processing (NLP) is an evolving technology that can help 
radiology text processing in many ways.  In their systematic review of the literature of NLP in radiology 
reporting,Pons E et al. have discussed the utilization of NLP in detail [12]. In their narrative review, Pinto 
D. et al. have also emphasized the importance of artificial intelligence in radiology reporting and the 
importance of structured reporting to improve the use of AI in radiology reporting [46]. Singh R et al. have 
used deep learning algorithms to detect chest radiograph findings and demonstrated the added advantage of 
using deep learning method for pulmonary and hilar abnormalities [47].  Rajpurkar P. et al., and S. Singh et 
al., have developed a deep learning module that can generate radiology reports from chest x-rays [48-49]. 
IBM has developed a commercial algorithm that claims to read chest x-rays and generate a radiology report 
that matches the resident level report [50]. Several researchers have developed deep learning algorithms for 
tumor segmentation, which outperformed clinicians' segmentation [51-53].  Zhao X et al. and several others 
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have CNN for CT image segmentation and have shown the technology's capability for automated 
segmentation [51-52]. Norman B et al. have used U-net CNN algorithm for knee MRI image segmentation 
[53]. 

 
Clinical decision support system: 
Oncology treatment is complicated and is becoming personalized to offer tailored treatment to the patients 
[54]. Various literature published in the last few years suggests a significant AI role in developing advanced 
decision support systems in oncology. Several researchers are developing various kinds of prediction models 
for various endpoints like; overall survival, progression-free survival, loco-regional recurrence, distance 
metastasis, treatment outcome, toxicity, treatment selection, and disease prognostication. In a 
study,Mahadevaiah G. et al. have described the use of artificial intelligence in decision support systems in 
oncology and also have emphasized the importance of selection, acceptance, commissioning, and quality 
assurance of these processes [55]. A concept of digital phenotype has been explored by many researchers 
using the radiomics signature of a tumor. Aerts HJ et al.have described how radiomics can decode tumor 
phenotype and characterize it [56]. Various qualitative, semi-quantitative, and radiomic data extracted from 
medical images are utilized to develop cancer prediction models for various endpoints, as mentioned earlier 
[57-64]. Medical imagingcan play a significant role in the decision support system in oncology and various 
clinical conditions. 
 
Future direction and Limitations of Artificial Intelligence: 
AI will make significantmedical imaging and diagnostics contributions to solve the persistent issues and 
improve the imaging departments' workflow. AI-assistedimaging and image reconstruction will be the 
significant area of research. Radiomics based digital phenotyping and outcome prediction will be the second 
most important area of AI research and medical imaging implementation. Radiomic and image-based deep 
learning technology may become a game-changer in oncology. Image interpretation based on a deep learning 
model will open up a new horizon in medical image interpretation and report generation.  
 
Limitations of AI implementation in medical imaging are many. The data is the most crucial requirement for 
the development of prediction models in artificial intelligence. Limitation of data and quality of data are 
significant limitations. Over the year, the changing imaging parameters due to improved software and 
hardware of imaging equipment, differences in equipment, and non-homogeneity in imaging parameters 
across the departments are major concerns and limitations to generate a large amount of identical data. The 
stability of radiomic features is also questionable. In their stability study, Jha AK et al. have shown that only 
around 10 percent of features are stable [65]. Simple AI algorithms like regression and decision trees are 
understandable and explainable, but advanced algorithms like deep learning are non-understandable and 
unexplainable. Implementation of these advanced AI techniques can be difficult if the unexplainable mode 
of operation remains unresolved [6-7]. Regulatory aspects should be dealt with caution; each prediction 
model and techniquewill be different, and licensing may be asignificant issue [66]. Ethical perspective should 
be considered related to Hippocratic Oath for clinically deployed [67]. The AI research community should 
focus on these limitations to make AI implementations reliable and acceptable in medical imaging. 
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Chapter 4: Applications Of Artificial Intelligence In Neuroimaging 
Dr. Vatsal Kania, Dr. Kajari Bhattacharya 

 
As Artificial Intelligence (AI) continues to gain popularity in medical imaging, its application in various 
aspects of neurological disorders has become an intense research area. Neuroradiology is the most 
significantly represented area and accounts for around one-third of publications catering to AI in medical 
imaging(1). Machine learning is a branch within AI that incorporates algorithms and statistical models trained 
on sample data to learn by example, identify patterns, and make predictions from new data (2). Deep learning 
is a machine learning method that is modeled on human neurobiology and can process raw unstructured data 
with multilayered artificial neural networks(3). 
 
The influence of neuroradiology in AI research may be attributable to various factors, including the 
multimodality andmultidimensional data available for machine learning tasks, well-established 
neuroimaging public datasets for multiple diseases. These includeAlzheimer's disease, Parkinson's disease, 
stroke, brain tumors, and many unsolved problems in neurosciences that intrigue researchers(4). Applications 
of AI in neuroradiology can be summarized as follows(4): 
 
a) Classification of abnormalities (e.g., stroke, mass effect, tumors) 
b) Detection of lesions (e.g., small metastases, minimal bleed) 
c) Prediction of outcome (e.g., stroke volume, tumor type, and prognostication)  
d) Postprocessing tools (e.g., tumor segmentation and analysis) 
e) Image reconstruction (e.g., low dose CT) 
f) Image enhancement (e.g., noise reduction) 
g) Workflow (e.g., determine protocol choice automatically and optimize equipment efficiency) 
 
ROLE OF AI IN STROKE: 
A significant role of deep learning has been in stroke imaging. Artificial neural networks consist of an input 
layer, multiple hidden layers, and an output layer (Fig 1). Optimization and training of these networks can 
help predictions and classifications based on new unseen data(5). 
 
AI can be used as a rapid screening tool to alert radiologists and physicians in plain CTs by separating 
hemorrhagic from ischemic strokes and ruling out ischemic strokes at more incredible speeds with high 
specificity(6).  
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Figure 1: Application of machine learning techniques in acute ischemic stroke detection. (Image courtesy: 
Yedavalliet al., Artificial intelligence in stroke imaging: Current and future perspectives, Clinical Imaging 

69(2021), 246-254) 
 
Incredible progress has also been seen in image optimization,including fast image acquisition and 
reconstruction, denoising, artifact reduction, and resolution improvement. Again, speedier image analysis 
can prove critical in a time-dependent event like an ischemic stroke to identify and salvage neural tissue. 
Various major large vessel occlusion trials like SWIFT PRIME, DAWN, EXTEND-IA, and DEFUSE have 
used well-known RAPID software for CT angiography and perfusion studies(7).Recently tissue outcome 
prediction and patient outcome prediction studies have been published. Machine learning and deep learning 
studies have also performed well in complication prediction, e.g., an accuracy of 84% has been achieved in 
hemorrhage prediction in one study(8). 
 
ROLE OF AI IN INTRACRANIAL HEMORRHAGE: 
Intracranial hemorrhage is apotentially life-threatening condition, and detecting cerebral hemorrhage with 
brain CT is a widespread clinical use case for machine learning. The Radiological Society of North America 
constructed a machine learning dataset in 2019 to detect intracranial hemorrhage in subarachnoid, 
intraventricular, subdural, epidural, and intraparenchymal locations(9). Several such algorithms developed 
forpredicting intracranial hemorrhages have AUCs for accuracy consistently more than 0.8 in many 
studies(10-12) (Fig 2). Most of these studies are based on CT datasets, which form the workhorse in acute 
traumatic or non-traumatic hemorrhages. Another software showed high accuracy with a ROC (receiver 
operating characteristic) area under the curve of 0.991 ± 0.006 for identifyingscans that were positive for 
acute intracranial hemorrhage using patch-based fully convolutional neural network (PatchFCN)(13). 
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Figure 2: Segmentation and detection of various types of intracranial hemorrhages by machine learning 
algorithms. (Image courtesy: Kuoet al., Expert-level detection of acute intracranial hemorrhage on head 

computed tomography using deep learning, PNAS, 2019) 
 
ROLE OF AI IN BRAIN TUMORS: 
Applications of AI in neuro-oncology includeidentifying various tumors, especially gliomas depending upon 
their molecular architecture, aiding in clinical management, risk stratification, and prognostication(14). Since 
neuro-oncology heavily depends upon molecular markers for guiding therapy, AI-based algorithms can 
identify important molecular markers non-invasively using extraction and analysis of quantitative data 
known as radiomics or texture analysis (Fig 3). Specifically, artificial intelligence algorithms have accurately 
identified isocitrate dehydrogenase (IDH)mutational status, O-6-methylguanine-DNA methyltransferase 
(MGMT) methylation status, and 1p/19 codeletion status in various institutional datasets. Other markers like 
EGFR have also been successfully applied to multiple clinical trials. Similar studies are being undertaken 
for other tumors like pediatric posterior fossa tumors.  
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Figure 3: Segmentation of tumors using radiomics and its potential application in survival prediction. 
(Image courtesy: Bakas et al., Identifying the best machine learning algorithms for brain tumor 

segmentation, progression assessment, and overall survival prediction in the BRATS challenge, arXiv, 
2019) 

 
 
ROLE OF AI IN DEMENTIA AND NEURODEGENERATIVE DISORDERS: 
AI techniques, in particular automatic classifiers such as Artificial Neural Network (ANN), Support Vector 
Machine (SVM), Classification Tree (ClT), and ensemble methods like Random Forest (RF), can analyze 
findings obtained by positron emission tomography (PET) or single-photon emission tomography (SPECT) 
scans of patients with Neurodegenerative Diseases, in particular Alzheimer's Disease. A study conducted by 
Ramirez et al. showed a computer-aided diagnosis system for extraction of imaging features and early 
detection of Alzheimer's disease(15). The proposed system is based on a partial least square regression(PLS) 
model for feature extraction and a random forest predictor. PLS feature extraction is useful for extracting 
discriminative information from the data with peak sensitivity, specificity, and accuracy values of 100%, 
92.7%, and 96.9%, respectively. Alzheimer's Disease Neuroimaging Initiative (ADNI) is one of the most 



Radiology Beyond Imaging 

 

                                                                                                                                                    Page 42 of 137 
 

extensive ongoing longitudinal multicenter studiesdesigned to develop clinical, imaging, genetic, and 
biochemical biomarkers for the early detection and tracking of Alzheimer's disease (AD). Deep learning 
algorithms are being applied to this data to predict cognitive impairment levels from mild cognitive 
impairment to dementia(16). AI's emerging role in psychiatric disorders and neurocognitive functions is now 
being studied at great depths(17).  
 
ROLE OF AI IN TRAUMA:  
The expectations to provide dedicated emergency radiology service round-the-clockby a radiologistare 
mounting, and AI can helpdeal with the ever-increasing imaging volumes and workloadsin trauma imaging 
(18).Some of the areas where AI models are in research include the following. 
1. Order entry optimization is being used to eliminate the unnecessary ordering of imaging studies. 
2. Models are being used to decide the protocol of imaging studies.  
3. Neural networks are being developed to assist technologists in acquiring ever-better quality medical 

images.  
4. Postprocessing AI is delineating information from medical images that the human eye is not well attuned 

to identifying.  
5. Diagnostic decision support AI helps radiologists prioritize imaging studies based on preliminary AI 

diagnoses detecting acute findings.  
6. Clinical support AI supports emergency doctors and clinicians to integrate a complex array of clinical 

data, including imaging results, into decision support algorithms. 
 

 
ROLE OF AI IN EPILEPSY: 
The majority of neuroimaging research has focused on temporal lobe epilepsy (TLE), which is the most 
prevalent form of medically intractable epilepsy. The pathologic finding of MTS exists in up to 65% of cases 
of TLE. An automated machine learning tool that incorporates the results (hippocampal atrophy and T2 
signal abnormalities) into a single metric predicts MTS or TLE has more promise in supplementing 
neuroradiologists' visual analysis. Rudieet al. (19) developed an SVM algorithm that measures brain 
morphology, including cortical thickness, volume, and curvature, generated from FreeSurfer's automated 
segmentation and parcellation to a large epilepsy patient sampleto identify MTS (Fig 4). It automatically 
identified MTS in epilepsy patients with up to 71% accuracy for whole-brain comparisons and 82% accuracy 
when focusing on the MTS hemisphere. 
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Figure 4: Surface-based rendering of the top twenty morphological measures that distinguish epilepsy 

patients with MTS from epilepsy patients without MTS in the ipsilateral SVM-RFE analysis. The colors 
represent different types of cortical morphological features, including cortical thickness (blue), surface area 

(yellow), volume (green), and curvature (red). (Image courtesy: Rudie et al., Machine learning 
classification of mesial temporal sclerosis in epilepsy patients, Epilepsy Res., Nov 2015.) 

 
Focal cortical dysplasia (FCD) is a significant cause of pharmaco-resistant epilepsy in patients undergoing 
surgical resection. MRI postprocessing methods have been used to improve the detection of FCD lesions. A 
model developed by Jin et al.(20)shows automated lesion detection using an artificial neural network 
classifier implemented in MATLAB R2015b (MathWorks, Natick, MA, USA). The classifier was trained 
using all those mentioned above morphological and intensity features and their corresponding 
interhemispheric asymmetry. Under the ROC analysis curve, the area was 0.75, with the robustness of 
performance-tested patients at a different center. 
 
 
Conclusion 

Artificial Intelligence continues to grow in all human communication fields, and its implications are widely 
being recognized in Radiology. Neuroradiology has seen considerable advancements in its applications in 
the last three decades. As our knowledge and understanding of various brain networks grow, we may finally 
be able to solve the jigsaw puzzle to correlate anatomy, pathology, functional connectivity, and cognition to 
the highest order. 
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Chapter 5: Artificial Intelligence in Lung Imaging 

Dr. VatsalKania, Dr. Amitkumar Janu 

 
Lung cancer continued to have the highest incidence and mortality rates worldwide in 2018 [1]. Because of 
its aggressive and heterogeneous nature, detection and intervention at an early stage when cancer manifests 
as pulmonary nodules are vital to improving the survival rate [2]. Low-dose CT is currently widely used in 
early-stage lung cancer screening, as extensive studies have shown that the mortality rate can be significantly 
reduced. Although detecting pulmonary nodules has been improved using new-generation CT scanners, 
certain nodules may still be overlooked due to nodule appearance, image quality, or perception error by the 
radiologist, which could be caused by inappropriate reading conditions, fatigue, or distraction [3,4]. 
 
Applications of Artificial intelligence  
 
Chest radiograph (CXR): 
One of the essentialapplications of artificial intelligence is workflow optimization, by detecting CXR with 
possible abnormalities that should be read first among all CXR of the worklist. Kao et al. developed a 
Computer-aided detection (CAD) system using density and texture-based features, which automatically 
separates radiographs with abnormal findings in the worklist of radiologists interpreting chest examinations 
prioritizing abnormal radiographs. This led to a reduction in the turnaround time for reporting abnormal CXR 
by 44 % [5]. CAD can help detect specific pathologies on chest radiographs, such as detecting tuberculosis or 
pneumonia, which are very common in the Indian scenario. Many new algorithms are being developed for 
more advanced tasks such as multiple disease detection [6]. 
 
Pulmonary nodule detection: 
The deep learning (DL) technique using convolutional neural networks (CNNs) takes advantage of artificial 
intelligence's most recent development. It has shown promise in assisting lung nodule detection and 
management (7, 8, 9). The DL model is fundamentally different from conventional computer-aided detection 
systems and can be easily optimized and readily applied to read a large amount of data.A deep learning model 
developed by Liu et al.(10) showed improved overall sensitivity compared with manual identification of 
pulmonary nodules and was insensitive to radiation dose, patient age, or CT manufacturer. The nodule 
detection performance of the DL model was demonstrated using the FROC curve. On average, when there 
was one false-positive detection per scan, sensitivity was 0.74. Sensitivity improved at the cost of specificity 
and reached a maximum of 0.86 when there were eight false-positive detections per scan.It could potentially 
enhance the manual identification of pulmonary nodules and reduce reading time when used for assistance. 
 
Lung cancer screening: 
Low-dose computed tomography is being employed for lung cancer screening. It has been shown to reduce 
mortality by 20–43% and is now included in US screening guidelines. Existing challenges include inter-
grader variability and high false-positive and false-negative rates. 
 
In lung cancer screening, AI models have shown the ability to automatically identify pulmonary nodules and 
differentiate between benign and malignant nodules (11). Ardila et al. proposed a deep learning algorithm to 
detect nodules at risk of lung cancer (12). The model used the patient’s current and prior CT images for 
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processing and segmentation. It was tested on 6,716 National Lung Cancer Screening Trial(NLCST) cases, 
where it showed excellent performance, with the area under the curve (AUC) 94.4%. Similar results were 
obtained on an independent validation set of 1,139 cases. 
 
Lung nodule volumetry: 
CAD has been used for calculating the volume of screen-detected nodules. NELSON study (13) has 
implemented CAD-based lung nodule volumetry and also estimates the volumetry-based doubling time. In 
the NELSON study, nodules of less than 50 mm3 were considered as a negative screen along with lung 
nodules between 50 and 500 mm3 size. The volumetry-based doubling time when calculated at three months 
for such nodules was more than 400 days. The ratio of positive screens (true and false positives) in the 
NELSON study was 6.6 %, compared to 24.1 % in United States National Lung Screening Trial (NLST), 
where nodule diameters were measured manually. The main advantage of software-based volumetric 
measurements is their high repeatability [14]. Using CAD-based lung nodule volumetry, the solid nodules 
with doubling times more than 500 days have a 98 % negative predictive value for malignancy diagnosis [15].  
 
Diffuse lung diseases: 
CNN can be applied to diagnose and stage COPD and predict acute respiratory distress (ARD) and mortality 
in smokers [16]. CNN can also be used to detect and quantify infiltrative lung diseases (ILD) or the automated 
classification of fibrotic lung diseases. 
 
COVID-19 detection: 
A study by Lin Li et al.[17] used a three-dimensional deep learning model (COVnet) for detecting coronavirus 
disease 2019 (COVID-19) from chest CT scans. The model was developed to differentiate coronavirus 
disease 2019 (COVID-19) and community-acquired pneumonia (CAP) from chest CT scans. COVNet takes 
as input a series of CT slices followed by a CNN extraction of features from each CT slice. The resulting 
feature map is fed to a fully connected layer. The ultimate result is a probability score for each class(COVID-
19 AND CAP).The model achieved high sensitivity (90% [95% confidence interval [CI]: 83%, 94%]) and 
high specificity (96% [95% CI: 93%, 98%]) in the detection of COVID-19, on an independent testing data 
set. 
 

 
Figure 1 (COVNet) architecture - Coronavirus disease 2019 (COVID-19) detection neural network. CAP 

= community-acquired pneumonia.(Image courtesy: Li et al. [12]Using artificial intelligence to detect 
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COVID-19 and community-acquired pneumonia based on pulmonary CT: evaluation of the diagnostic 
accuracy. Radiology. 2020) 

 
 
Radiomics and Deep learning model: 
Radiomics is a field that extracts these imaging features to quantitatively characterize the tumor phenotype 
with high-throughput. Radiomics aims to extract a large number of quantitative features from medical images 
to characterize the tumor phenotype. Radiomics has been used to characterize tumor aggressiveness, 
viability, and tumor response to chemotherapy/radiation [18]. Radiomics help reveals information about tumor 
biological behavior, which further helps in prognosis estimation in confirmed lung cancers, estimates the 
risk of distant metastasis, and further guidance in management [19]. Radiomics and deep learning models have 
been developed which predict histology and mutational profile of lung tumors [20]. Radiomic signatures were 
developed using principal component analysis (PCA) on stable, reproducible features. These radiomics 
signatures successfully differentiated EGFR positive cases from EGFR wild type, with an AUC of 0.69 [20]. 
However, one of the issues with radiomics is robustness, leading to a generalization of the learned signatures. 
The radiomics models are based on an imaging study acquired under specific, homogeneous imaging 
conditions, which are not representative of clinical routine [21]. CNN developed using deep learning models 
generally allows obtaining better results than traditional machine learning methods (CAD, Radiomics). Zhao 
et al. developed a deep learning model and got an AUC value of 0.75 to predict EGFR mutation in patients 
with lung cancer [22]. 
 
 
Conclusion: 
 
Multiple applications are currently being developed with deep learning-based approaches and will require 
prospective clinical evaluation. These developments are more as an opportunity to radiologists rather than 
being a threat. The radiologists' job can be made easy using machine learning with workflow optimization, 
increased detection rate, accurate lesion characterization, and quantification tasks, especially in thoracic 
imaging. 
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Chapter 6: Artificial Intelligence in Liver 
Dr. Akshay D Baheti, Dr. Shreya Shukla, Dr. Aparna Katdare 

 
Artificial intelligence (AI) has emerging liver imaging applications, ranging from liver volumetry to 
detection, characterization, and prognostication in focal and diffuse liver diseases. As the data is 
retrospective, the level of evidence is weak (level V or VI), but it holds promise. 
 
Volumetry and Segmentation: 
AI algorithms have demonstrated great promise in automated hepatic and lesion segmentation and volumetry. 
A recent study by Wang et al.demonstrated the utility of deep learning (DL) and convolutional neural 
networks (CNNs) to assess liver volumes across different modalities, with high concurrence with manual 
segmentation (Dice scores of 0.92 to 0.94)1.Ibragimovet al. were able to accurately segment the portal vein 
on CECT with a Dice similarity coefficient of 0.83 for patients who were scheduled to undergo stereotactic 
liver radiation2.Lu et al.demonstrated high accuracy and liver segmentation using CNN on living donor 
transplant work-up patients3.Semiautomated softwareis already in clinical use for future liver remnant 
calculation before partial hepatectomy. Kulkarni et al. have validated this in the clinical setting and a 
Spearman's correlation of 0.956 between the calculated volume and actual specimen weight4. 
 
Focal liver lesion detection and characterization: 
DL methods, along with CNN's, have good potential for focal hepatic lesion detection. Schmauchet al. looked 
at using DL methods to detect and characterize focal liver lesions as benign or malignant on ultrasound5. 
Their model with a supervised-attention mechanism had an AUC of 0.935 and 0.916 for lesion detection and 
characterization, respectively. Yasakaet al. studied CNNs in dynamic CECTs with arterial and delayed phase 
images and classified lesions into five categories (hepatocellular carcinoma - HCC, non- HCC malignancies, 
cysts, hemangiomas, and indeterminate or uncommon benign lesions)6. They observed high diagnostic 
performance, with a median accuracy of 0.84 for a differential diagnosis of liver masses and an AUC of 0.92 
for classifying benign vs. malignant masses. Vivantiet al. showed a true positive rate of 86% and a precision 
of 87% in lesion detection over longitudinal liver CT studies7.  
 
Diffuse liver disease: 
Much research has demonstrated promising results in applying AI for staging diffuse liver diseases such as 
non-alcoholic fatty liver disease (NAFLD) and steatosis and fibrosis scores. Yasakaet al. studied the utility 
of a deep CNN model for assessing the staging of liver fibrosis on gadoxetic acid MRI and demonstrated a 
high diagnostic performance compared with pathology, with a Spearman rank correlation coefficient of 
0.638. Fibrosis stages F2, F3, and F4 were diagnosed with an AUC of 0.85, 0.84, and 0.84. The same group 
also studies CT's accuracy for fibrosis staging and demonstrated Spearman rank correlation coefficient of 
0.48 and an AUC of 0.73, 0.76, and 0.74 for fibrosis stages F2, F3 F4, respectively9.Byraet al. for liver 
steatosis assessment on grey-scale ultrasound images, a deep CNN model with transfer learning was studied 
with an AUC of 0.97 and sensitivity, specificity, and accuracy of 100%, 88%, and 96%, respectively10. A 
recent systematic review and meta-analysis of 19 studies on the diagnosis and staging of hepatic fibrosis and 
steatosis concluded that it is greatpotential for AI-assisted systems for diagnosing liver fibrosis and NAFLD 
that their validation is still required before implementation in clinical practice11. 

 
Cirrhosis and HCC: 
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AI has applications in both detections of cirrhosis and HCC and its post-treatment evaluation. Liu Xet al. 
used a CNN model to accurately diagnose liver cirrhosis on ultrasound by extracting the liver capsule 
information, with a diagnostic AUC of 0.96812.Liu Fet al. developed and prospectively validated a radiomics 
signature to detect clinically significant portal hypertension in a multicenter trial, with four prospective 
external validation cohorts demonstrating a C-index of 0·89, 0·80, 0·91, and 0·8313.  
 
Radiomics and AI have potential applications in the detection, prognostication, and post-treatment evaluation 
of HCC.Mokraneet al., in a multicenter retrospective study, analyzed the triphasic CTs of indeterminate 
hepatic lesions in cirrhotic patients14. They demonstrated that a signature using a single radiomics feature 
quantitatively assessing the changes between arterial and portal venous phase images had an AUC of 0.70 
and 0.66 in the discovery and validation cohorts, respectively. Zheng et al. demonstrated that nomograms 
incorporating pre-operative CT-based radiomics and clinical variables more accurately predicted patient 
prognosis than traditional staging in patients who underwent surgical resection for a solitary HCC15. Several 
studies have evaluated prognostic features using AI and texture analysis, many of which focused on detecting 
microvascular invasion. Xu et al. developed a model based on CT-based radiomics score, laboratory 
variables, and image analysis with an AUC of 0.889 for predicting microvascular invasion in the test 
database16.Peng et al. evaluated the use of CNN for predicting response to transarterial chemoembolization17. 
They observed 85.1% and 82.8% accuracy, respectively, for the two validation cohorts for predicting 
response to TACE. Decision curve analysis demonstrated a net benefit in the two cohorts.  
 
 
Conclusion: 

AI and radiomics have great potential in various aspects of hepatic imaging, from segmentation and 
volumetry, lesion detection and characterization, detection and quantification of diffuse liver disease, and 
prognosticating and predicting response to therapy for patients with malignancy. More extensive clinical 
validation studies are needed before these can be applied in routine clinical practice. 
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Chapter 7: Artificial Intelligence in Breast Imaging 

Dr. Manisha Bahl, Dr. PalakPopat, Dr. Sonal Chauhan 
 
Breast imaging, coupled with interventions, is one of the more clinically inclined radiological sub-specialty. 
The higher incidence of breast cancer, the range of imaging requirements from screening to diagnostics, from 
detection to mapping disease extent, from surveillance in the high-risk genetic group to response assessment 
and resorting to multi-modality approach for problem-solving cases, are often demanding to a breast 
radiologist. The constant evolution of technology, from film-screen to digital mammography, tomosynthesis 
and contrast-enhanced digital mammography, quantitative elastography in ultrasonography and MRI with 
new protocols, offers improving diagnostic abilities.AI applications can aid in restoring order to some areas 
of the workflow.  

Computed aided detection and diagnosis is one of the earlier used AI-basedtools, assisting on two fronts. It 
serves as a tutor to the novice breast radiologist, assisting in detecting abnormalities. It complements the 
second pair of eyes to a specialist, offering a double reading, improving sensitivity, particularly in dense 
breasts and high-volume mass screening. Computer-aided detection application extends to other modalities 
such as ultrasound or MRI.Computer-assisted diagnosis can go a step further to characterize the abnormality 
detected as benign or malignant. The BIRADS assessment data can be incorporated into the system, and AI 
can help stratifythe index of suspicion,taking the next best clinical decision. 

 
Radiomics is an expansion of CAD. It segments the tumor from its background and extracts features related 
to shape, size, texture, heterogeneity, which can classify the tumor and assist in precision medicine. 
Radiogenomics takes it further and associates imaging and molecular data. The precision of neural networks 
can be increased by incorporating data from previous imaging and or images of different modalities; thus, 
picking up the minute changes occurring in breast tissue before the tumor manifests. 
 
The current utility of Applications of Artificial intelligence in breast imaging 
 
Breast Cancer Detection: 
AI systems help the interpretation of various screening mammograms, where a large dataset is acquired, and 
high false positive and false negative rates affect its accuracy and catering to larger volumes of work. An 
algorithm could reduce workload by selecting cases needing double reading versus cases needing single 
reading only. In a multi-reader study from the Netherlands, investigators compared the cancer detection 
performance of radiologists interpreting screening mammograms with and withoutthe support of a DL-based 
AI system(1). The AI system provided radiologists with specific decision support tools, including traditional 
lesion markers, local cancer likelihood scores activated by clicking on specific areas, and a cancer likelihood 
score based on the entire examination. Each of 14 radiologists interpreted 240 digital 2D mammograms 
(enriched with 100 cancers), once with and once without the AI system. The AUC was higher with the AI 
system (0.886 versus 0.866, p=0.002), but this improvement was observed with less-experienced radiologists 
and not with expert radiologists. 
 
In a subsequent study with the same AI system, the investigators reported that the AI system's stand-alone 
performance was non-inferior to that of the radiologists’ (AUC of 0.84 versus 0.81)(2).The results suggest 
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that this AI system could serve as a stand-alone first or second reader.Researchers from Google Health and 
DeepMind Technologies reported an AI system's performance using screening mammograms from the 
United States and United Kingdom(3). Absolute reductions of 5.7% and 1.2% in false positives (the United 
States and the United Kingdom, respectively) and 9.4% and 2.7% in false negatives were demonstrated with 
the AI system. 
 
An external evaluation of three commercially available AI systems as independent mammography readers 
was performed(4). One of three systems was more accurate than first-reader radiologists in assessing 
screening mammograms. However, the highest number of cases positive for breast cancer was detected by 
combining the best algorithm with first-reader radiologists. 
 
Breast density assessment and risk stratification: 
ML techniques could assist in existing breast imaging practices by evaluating automatic density assessment, 
breast and tissue segmentation, identifying and removing image artifacts, and assessing mammographic 
texture that may play a role in predicting malignancy risk. Automated breast density methods can detect 
changes in density in response to tamoxifen and aromatase inhibitors. 
 
Risk Stratification: 
The integrated approach compares women with high and low breast density, resulting in a five-fold higher 
risk of breast cancer for those at the highest mean breast density. Combining epidemiological factors like 
CAD of microcalcifications and masses, use of hormone replacement therapy, family history of breast 
cancer, menopausal status, age, and body mass index to Breast Density assessment, increases predictive 
value for breast cancer risk. Mammographic texture features may predict breast cancer risk independent of 
breast density. 
 
Clinical Efficiency: 
In areader study with tomosynthesis, 24 radiologists interpreted 260 tomosynthesis examinations with and 
without an AI system(5). The AI system provided calibrated scores from 1 to 100 at the lesion and case levels 
to indicate the AI algorithm’s confidence that a lesion or case showed cancer. Radiologist’s performance for 
detecting cancers, measured by mean AUC, increased from 0.80 to 0.85 (p<0.01) using AI. Notably, reading 
time decreased by an average of more than 30 seconds (from 64 seconds without AI to 30 seconds with AI, 
p<0.01). 
 
Other studies in this domain have demonstrated DL models' potential to confidently identify mammograms 
as cancer-free and thus decrease radiologist workload(6, 7). While these methods could decrease the number 
of cases that require interpretation by a radiologist, it remains to be seen whether this workload reduction 
would lead to less overall time spent on image interpretation or whether the radiologist would then devote 
more time to mammograms of higher complexity. Rapid and reliable identification of an examination as 
negative might also be useful in underserved communities in which there is limited access to medical 
expertise. 
 
Existing breast cancer risk prediction models are calibrated to provide risk estimates at the population level, 
but accurate risk assessment at the individual level is needed to inform decisions about screening regimens 
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and prevention strategies. A recent study found that a DL model combining mammographic images and 
traditional risk factors has better risk discrimination than the conventional Tyrer-Cuzick model(8). 
 
ML can be applied to predict the risk of the upgrade of high-risk breast lesions to cancer at surgery(9). The 
use of this ML model could decrease unnecessary surgery by nearly one-third and could help guide clinical 
decision-making about surveillance versus surgical excision of high-risk lesions. 
 
Predicting Prognosis and Treatment Response: 
MR images have been used to predict breast cancer recurrence by analyzing tumor phenotypes -size, shape, 
margin morphology, enhancement texture, kinetic assessment, and significant associations were found 
between radiomics signatures and recurrence scores. 
 
Challenges and Future Directions: 

Few challenges are unique to mammography and digital breast tomosynthesis. A general convolutional 
neural network would not work well for mammography, as it must be trained to detect both masses and 
calcifications; AI algorithms must be consistent and reproducible over mammograms obtained by machines 
from different vendors; and, training datasets for tomosynthesis are smaller than those available for digital 
2D mammography. 
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Chapter 8: Artificial Intelligence in Population-Based Screening 
Dr. PurviHaria, Dr. Sonal Chauhan, Dr. Sweta Bothra 

 
Introduction 
Artificial intelligence (AI) mimics human cognitive functions and opened newer avenues, bringing a new 
shift to healthcare. There is a need for AI systems to be 'trained' to evaluate the data created from clinical 
activities, including screening, diagnosis, and treatment assignment. It qualifies them to understand similar 
groups of subjects and association between them with the worthful result. The AI applications include two 
categories, Machine Learning (ML) techniques and Deep Learning (DL) and Natural Language Processing 
(NLP) methods. ML scrutinizes structured data such as imaging & genetic, while DL and NLP methods pull 
out information from unstructured data such as clinical notes and medical journals to supplement and enrich 
structured medical data1. 
 
Applications 
The evolution of AI techniques has centered around screening for many diseases. Reliable prediction 
methods are critical to prevent the disease onset, enable early diagnosis, and help prevent further 
deterioration of patients' health status. 
 

A. Oncological Applications  
 
Breast Cancer Screening: 
Breast cancer care is a highly explored area for developing artificial intelligence (AI), which encompasses 
screening and diagnosis, prognostication, clinical decision-support, and management planning 2. Screening 
mammography aims to detect breast cancer at an earlier stage of the disease when treatment can be more 
successful 3. However, the overall costs are substantial due to the large number of participants for screening. 
There is increasing optimism for the use of artificial intelligence (AI) to reach human-level performance in 
detecting suspicious findings on mammograms.  
 
In a study published in Nature, McKinney et al. showed that AI systems could surpass human experts in 
breast cancer prediction 4. This study evaluated a large dataset from UK and USA. In the UK, two breast 
radiologists read screening mammograms, and in the USA, one breast radiologist read screening 
mammograms. AI-enabled CAD surpassed the UK's first readerregarding specificity; however, it did not 
surpass the UK's two reader systems benchmark. However, in the USA dataset, the AI system showed 
specificity and sensitivity superior to that of the radiologist. 
 
In a study by Kristina L et al., the researcher found that AI could identify normal mammography screening 
exams in a large screening population. It revealed that every fifth mammogram could be excluded from 
screen reading performed by radiologists without missing cancers, along with reducing the number of false 
positives 5. In a retrospective simulation study performed by Karin et al., a commercial AI detector could 
triage mammograms that require no radiologist assessment and reduce the radiologist's workload by more 
than half 6. 
However, a study by Thomas S et al. published in JAMA showed data to be not in complete agreement with 
the previous results. The study concluded that no single AI algorithm outperformed radiologists, and the 
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ensemble of AI algorithms combined with radiologist assessment in a single-reader screening environment 
improved overall accuracy 7. 
 

In conclusion, AI-enabled CAD has significant potential for use in breast cancer detection. However, 
presently it can be used as an adjunct to a radiologist. With the further evolution of algorithms, AI can change 
how screening mammograms will be read. In-country like ours, where there is a large population with a 
limited number of breast radiologists, this will benefit the large population. 
 
Lung Cancer Screening:  
According to recent data from global cancer statistics, female breast cancer is the most commonly diagnosed 
cancer (11.7%), followed by lung (11.4%), colorectal (10.0 %), prostate (7.3%), and stomach (5.6%) cancer. 
However, lung cancer is the leading cause of cancer death, with an estimated 1.8 million deaths (18%)8. 
 
There is significant evidence from multiple studies that, in high-risk individuals, low dose computed 
tomography (LDCT) with radiation exposure of 1.6 mSv, screening for lung cancer significantly reduced 
cancer mortality and all-cause mortality 9.With the development of Deep Convolutional Neural networks 
(CNN), multiple frameworks have been designed to evaluate nodules on LDCT10,11. In a recent article 
published, Diego A et al. studiedlocalization and risk categorization of lung nodules. There are two ways AI 
helps in screening for lung cancer. Nodule detection systems (CADe) and diagnostic support for pre-
identified nodules (CADx).  While CADe aims to detect small nodules, which are subsequently analyzed, 
and a clinician performs malignancy risk evaluation,CADx supports pre-identified nodules to improve 
specificity. The author built a three-dimensional (3D) CNN model for the whole-CT volume analyses using 
screening CT. A CNN region-of-interest (ROI) detection model was then trained to detect 3D cancer regions 
in the CT volume. Lastly, a CNN cancer risk-prediction model was developed, which operated on the other 
two models' outputs.  A two-part retrospective reader study was conducted with six US board-certified 
radiologists. Where prior computed tomography imaging was available, the model performance was on-par 
with the same radiologists12.While prior CT imaging was not available, AI outperformed all six radiologists 
with absolute reductions of 11% in false positives and 5% in false negatives. AI thus potentially creates an 
opportunity for optimization of the screening process via computer assistance and automation.  
 
Colorectal cancer: 
Artificial intelligence (AI) helps gastroenterologists improve colon polyp detection rates, characterization, 
and management13. Computer-aided detection (CAD) is used in CT colonography for the detection of colonic 
polyps. It shows good sensitivity for detecting polyps larger than 6 mm with an acceptable level of false-
positive results14. Convolutional neural networks (CNNs) need annotated datasets of considerable size, which 
are not currently available for CT colonography (CTC).  Once those data sets are available, the potential for 
AI use in CTC can be explored extensively15. Colorectal cancer is also one of the cancers requiring early 
detection, and significant inter and intra-observer variation exists in the pathological analysis of samples16.A 
recent study showed relatively good accuracy of e-pathology software for cancer detection in colorectal 
cancer. This is especially useful for the assessment of a larger number of pathological specimens. 17   
 
Prostate cancer: 
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Screening for prostate cancer with PAS leads to more unnecessary prostate biopsies and over-diagnosis of 
clinically insignificant cancer.  There is a need for more novel tools for prostatic cancer detection.  A study 
by Patrick S. et al. compared clinical assessment with a deep learning system to evaluate significant prostatic 
cancer(sPC). The result of the study showed similar performance between the two. However, this study had 
a small number of cases, a more extensive study evaluating the same needs to be performed 18. 
 
CNN and other AI algorithms are now reaching the specificity and sensitivity of human readers; some of 
them even outperforming. When studied and trained more extensively, these algorithms can provide the 
highest and more uniform cancer care worldwide. For population screening, machine learning algorithms 
can analyze diverse data types (e.g., demographic data, imaging data, laboratory findings,  and doctors' notes) 
and incorporate them into predictions for disease risk, diagnosis, prognosis, and appropriate treatments19. 
 
 

B. Non-oncological applications  
In neurology, large vessel occlusion (LVO) causing stroke requires emergent detection and treatment.  There 
is a variable time delay between large vessel occlusion detection and treatment, often due to human 
expertise's unavailability.  AI may improve the detection of LVO and helps in rapid triage and expedite 
treatment20.A deep learning tool can be applied for hemorrhage in a non-contrast CT scan of the brain 21 and 
has potential application in epilepsy, neuro-oncology, and Alzheimer's disease. 
 
In cardiology, AI helps in the segmentation of all four chambers of the heart, which helps in the disease's 
anatomical localization. DL methods combine the segmentation of LV from cardiac MRI (CMR) images to 
evaluate myocardial motion. DL methods are also explored for the evaluation of heart valves22.  
 
Diabetes management has changed in the last decade due to continuous glucose monitoring and insulin 
pumps. Dankwa-Mullan et al. studied the relevance of AI applications in persons with diabetes (PWDs). 
They concluded that it could transform diabetes care and help millions of PWDs to achieve better blood 
glucose control, reduce hypoglycemic episodes, and reduce diabetes comorbidities and complications23. 
 
Another dimension of developing technology for the mass population is the development of healthcare apps; 
this helps encourage healthier behaviors in individuals and better lifestyle choices. Some of these application 
helps in monitoring physical activity, dietary caloric consumption, water intake. Health monitoring tools, 
such as Fitbit and others, measure heart rate and send out notifications to healthcare providers. 
  
There are multiple advantages of machine learning, including flexibility and large-scale use compared with 
traditional biostatistical methods, potentially useful in risk stratification, diagnosis and classification, and 
survival predictions. Despite all these advantages, machine learning application in healthcare delivery also 
presents multiple challenges that include data pre-processing, model training, and refinement of the system 
concerning the actual clinical problem. Also important are ethical considerations, including medico-legal 
implications, doctors' understanding of machine learning tools, and data privacy and security 22. 
 
Conclusion 
AI can be a future tool for improving public health practice; however, many barriers and risks need to be 
considered. The experts have emphasized the need for further research and evaluative studies for the potential 
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of AI to improve disease surveillance and health promotion intervention. Ongoing research and collaboration 
are needed better to regulate AI and its implications on public health. AI will impact everything in society, 
including public health, and it is up to the public health community to embark on whether we will be ahead 
of or behind the curve24. 
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Chapter 9: Artificial Intelligence applications in Computed Tomography 
Dr. Aparna Katdare, Dr. Vasundhara Patil 

 
Artificial intelligence has taken giant strides in medical imaging and, notably, in computerized tomography 
(CT). Machine learning to deep learning has shown incremental promise in aided reporting and planning 
follow-ups in radiology. Additionally, it has shown promise in optimizing CT techniques; this includes 
optimizing patient image acquisition and processing techniques, improving image interpretation techniques 
made available for radiologists, and advances in data storage and data mining. This article gives a brief 
overview of AI applications, which have currently been successfully implemented or show initial promise. 
 

1. Optimizing radiation dose and contrast injection: Modern CT scanners use automatic exposure control (AEC) 
to modify tube currents as per patient body thickness, for which the patient must be centered at the system’s 
isocenter [1]. Recently, a system-integrated 3D infrared camera on the ceiling above the patient, with an AI 
algorithm trained on over 1000 patients, has been shown to automatically adjust the table height to achieve 
this optimum patient centering[2]. Other AI algorithms trained in identifying human anatomy help in 
effectively selecting scan range for desired anatomical coverage without over-correcting, optimizing scan 
timing, and adjusting contrast injection rates [1,3,4]. These techniques can ease the technologists’ workload, 
improving the overall quality of examinations [5]. 
 

2. Reducing image noise: In recent studies, a convolutional neural network (CNN) based algorithm using two 
image sets, one acquired at clinical radiation dose levels and one at simulated low-dose radiation level (25% 
lesser dose with validated noise insertion techniques), was used to identify image noise effectively and could 
substantially reduce it without affecting spatial resolution, hence potentially opening up possibilities of dose 
reduction while acquiring CT images [6][7][8][9].  This technique, however, lacks generalized applicability 
across different scanners, hence limiting its scope for now [1]. Also, subtle signals can be lost in the bargain, 
hence limiting its application in clinical practice at present [10]. 
 

3. Image reconstruction: An important extended application of deep learning algorithms (DLRs) in noise 
reduction and improved contrast-to-noise ratio (CNR) in low doses is in CT image reconstruction; this has 
shown superior performance to hybrid IR (iterative reconstruction) and model-based IR models in many 
studies[11-14]. However, there is no conclusive evidence yet that it translates to improved diagnostic 
accuracy [15]. Further research with bigger sample sizes would be needed to understand the performance 
and clinical relevance of DLRs in clinical practice. 
 

4. Radiomics in CT: Radiomics deals with extracting unique features of different pathologies from an extensive 
database of radiological images by training machine learning models. Based on these features, valuable data 
regarding intensity, texture, shape can be obtained. This can help distinguish benign from malignant lesions 
as well as prediction of treatment response and genetic assessment in cancer subtypes; radiomics thus shows 
promise in paving the way for personalized treatment planning not just in cancer but also in other fields such 
as cardiovascular CT [16-18]. 
 

5. AI-aided workflow for radiologists:  AI can positively impact the reporting workflow for the radiologist in 
all modalities, including CT. The numerous ways in which it can impact radiologists’ efficiency and time 
management include identifying scans with critical findings for priority reporting, identifying negative 
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studies in high-population screening scenarios, integrating electronic medical records in studies, and 
scheduling future or repeat studies. Further, AI can help in peer reviews for radiologists, monitor 
technologists, and aid resident training [5, 19]. 

 
 
 

 Conclusion: 
 
Initial studies show promise in using AI techniques in improving CT techniques and improving the overall 
efficiency of CT workflow for radiologists. However, the feasibility of generalization of the applications is 
the biggest challenge, and the clinical relevance of these results for improving diagnostic accuracy is the 
most pertinent question that will direct the future application of these techniques. 
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Chapter 10: Advances in Magnetic Resonance Imaging: This decade and beyond 

Dr.Kajari Bhattacharya, Dr.AsawariLautre 
 
The year 2020 was a memorable milestone for everyone and everything which slowed this fast-pacing world. 
However, the research in medicine continued to witness growth not just with the advent of the COVID-19 
vaccine but also in the sector of machine learning and artificial intelligence.We have already seen an age of 
development of more miniature, more portable, and adaptable devices. It is intriguing about the type of 
diagnostic information expected in the future, giventhe importance of a disease's physiological behavior and 
not just its anatomical component. Now is the time of higher spatial and temporal resolution in imaging, 
allowing quantitative and qualitative assessment of various organ systems, including macroscopic structure, 
microstructure organization, functional connectivity, perfusion, and metabolic factors. 
 
MR imaging has been a rapidly developing industry because of its high tissue contrast resolution and 
superiority over other imaging modalities for disease characterization and diagnosis. Evolution in various 
techniques and magnetic field strengths to make the modality more informative and contributory to clinical 
management and research is a matter of great interest for radiologists and diagnosticians worldwide. MRI 
acquisition and data processing has been further advanced by computational analysis and artificial 
intelligence-based reconstruction algorithms (Fig 1).  
 

 
 

Figure:1. Multifaceted advances in MR imaging. PET – Positron Emission Tomography, DWI- Diffusion-
Weighted Imaging, EMR- Electronic medical records. (Image courtesy: Harsanghianiet al., Advances in 

clinical MRI technology, Science Translational Medicine, Dec 2019) 
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Hardware 
Improvement in hardware has resulted in faster imaging with improved contrast and spatial resolution. The 
flexible blanket and phased array coils have replaced bulky coils,increasing patient comfort and throughput, 
reducing motion artefacts, and enabling high-quality musculoskeletal and cardiac imaging. Imaging 
techniques like undersampling of K-space (partial Fourier reconstruction and parallel imaging), compressed 
sensing, and non-Cartesian sampling with continually improving reconstruction algorithms have made this 
possible.The field strengths have increased from 0.2T,and 10T is inresearch for clinical application. The 7T 
MRI deserves a special mention as this is tangible soon.  
 
7T MRI 
7T is the future of MRI as we know of now, with the higher field strength providing immense possibilities 
to enhance image spatial, spectral, and contrast resolution(1).  
In October 2017, the USFDA cleared the first 7T MRI system, more than doubling the static magnetic field 
strength available for use, providing superior CNR, SNR, and temporal resolution. The first approved 
indications for the system are the system's neurological and musculoskeletal(2), and its application includes 
multiple sclerosis, cerebrovascular diseases, degenerative brain diseases, brain tumors, epilepsy, and 
musculoskeletal disorders(3). 
Despite these advantages, the clinical application of 7T has concerns of safety due to higher field strength 
requiring better caging of the equipment, heating, and noise-related issues, gradient switching leading to 
neural stimulation, and other bioeffects,e.g., on the endolymphatic sac, and safety of MR conditional 
prostheses in such high fields(1). Guidelines are now in place for clinical implementation of 7T on a larger 
scale, and we hope to see more ultrahigh field imaging soon.  
 
PET/MRI: 
This innovative technology provides simultaneous anatomic and molecular information, which is especially 
helpful in oncological and neurological imaging. It is a hybrid technique that uses MRI for tissue 
characterization and PET components for quantifiable functional and molecular information (Fig 2). The 
added advantage over PET/CT is better lesion detection in organs like the brain, liver, bones, lack of CT 
radiation exposure, and extended capabilities such as DWI, MR perfusion, and spectroscopy.  
To further approve this hybrid imaging technology, PET/MR must explore composite biomarkers, such as 
combining SUV and ADC. Such biomarker panels may help us better understand cancer biology and improve 
monitoring or prediction of treatment response. One preliminary study postulated that a higher SUV to ADC 
ratio indicates a more aggressive tumor(4). Future is ready for this powerful "one-stop-shop" combination, 
especially in the field of oncology. 
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Figure: 2. PET-MIP images with fused whole-body 18F-FDG PET/MRI image (A), coronal T1 in Post-
chemotherapy male patient with multiple myeloma, showing hypermetabolic left supraclavicular lymph 

node (B) and residual metabolic activity in the right iliac crest (red arrows).(Image courtesy: PET/MRI: a 
novel hybrid imaging technique. Major clinical indications and preliminary experience in Brazil, Vitor et 

al., 2017) 
 
MR spectroscopy and CEST imaging 
 
Magnetic resonance spectroscopy (MRS) is a technique to measure the distribution of various metabolites in 
tissues of interest to aid in clinical diagnosis as these metabolites vary in health and disease. The use of MRS 
as an adjunct to MR imaging is in neurologic diseases, including brain neoplasms, demyelinating disorders, 
infective focal lesionsand, inherited metabolic disorders. Nevertheless, the spectrum is likely to include 
neurodegenerative diseases and epilepsy(5) and breast and prostate cancer imaging. 
 
Proton MRS is the most commonly and routinely applied technique that has found widespread use in 
neurological imaging, especially tumors and metabolic disorders. However, sodium and phosphorus MRS 
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has also been a part of the research for a long. Sodium is the second most common magnetic resonance active 
molecule, and hence sodium MRS is particularly useful asa biomarker for cell wall disintegration ischemia, 
cancer, excessive tissue activation, or tissue damage(6). Similarly, Phosphorus MRS non-invasively 
providesvital information regarding energy metabolism to detect high-energy metabolites and membrane 
phospholipids in vivo. It has proven utility in studying disease conditions in brain tissue and skeletal muscle 
since these disorders are due to imbalances in bioenergetics processes(7). However, due to difficulty in these 
techniques' clinical applications, they have not yet been incorporated in clinical imaging. Hyperpolarised 13C 
spectroscopyusing labeled metabolic substrates has shown diagnostic assurance in patients with numerous 
emerging applications in diabetes, oncology, and heart disease, as well as metabolic diseases of the liver and 
kidney(8). 
 
Chemical exchange saturation transfer (CEST) imaging is a novel MRI technique that helps us detect various 
chemical compounds in a tissue very low in concentrations to generate tissue contrast on MR imaging and 
too low to be detected on routine MR spectroscopy(9). As the name suggests, it usesmagnetization transfer 
from the desired compound to water molecules. The saturation effect (signal reduction) initially targeted on 
the chemical compound can be applied to water instead, allowing the desired chemical compound to be 
visible. So, the 1H atom in the chemical compound will transfer the saturation effect to the 1H of water 
molecules via the chemical exchange of excited metabolite protons with non-excited water protons. CEST 
imaging's clinical relevance includes imaging of those chemical species found in the human body or those 
injected from outside and then detected on imaging. Known endogenous diaCEST agents that are typically 
involved with exchangeable groups are –NH, –NH2, and –OH, so some propose a convention to name the 
type of imaging by the CEST agent involved, and hence with each of the functional groups mentioned above, 
CEST imaging would be named as amide CEST, amine CEST, and hydroxyl CEST respectively. If there is 
an invention of novel chemically developed exogenous agents, the imaging spectrum would be broader. 
 
 
Advanced applications of diffusion-based imaging techniques:  
 
These are diffusion-based imaging based on the water molecules' Brownian motion, as water molecules to 
estimate the axonal (white matter) organization of the brain. Diffusion restriction is vital in diagnosing 
various pathologies, including high-grade tumors, acute infarcts, and abscesses.  
 
Diffusion Tensor Imaging: Diffusion tensor imaging measures the anisotropic diffusion of water molecules 
along fixed tracts and is essential in characterizing the white matter tracts' microstructural integrity, which is 
altered in various pathologies(10). The direction of anisotropic diffusivity of water molecules producescolor-
codedfiber tractography images for various commissural fibers, association fibers, and projection fibers. This 
technique is also vital to delineate vital tracts preoperatively to avoid accidental injury. DTI is already a 
widely used technique for imaging in trauma, tumors, and degenerative diseases of the brain.  
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Figure 3: MRI and Diffusion Tensor Imaging (DTI) in a case of sphenoid meningioma. (A) and (B) MRI 
and DTI before surgery and (C) and (D), the MRI and DTI after the surgery. Images demonstrate marked 
improvements in anatomical as well as in tensor strength. (Image courtesy: Hooiet al., Pre-operative and 
Postoperative Diffusion Tensor Imaging in Patients with Extra-Axial Lesions at the Frontal or Temporal 
Regions of the Brain and Their Correlations with Neuropsychological Outcomes, Journal of Biomedical 

Science and Engineering, January 2016) 
 
 
 

 
Diffusion Kurtosis Imaging (DKI)and Intra-Voxel Incoherent Motion (IVIM): 

IVIM refers to the microscopic movement of water molecules due to diffusion and capillary perfusion, 
measurable at lower b values of less than or equal to 300mm2/s. DKI measures the non-Gaussian movement 
of tissue water molecules that are more restricted than in pure liquids and is obtained with b- values more 
than equal to 1500mm2/s. These emerging techniques will find excellent application in tumor imaging.  
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Figure 4: Graphical representation of deviation of DWI signal at higher and lower 'b' values: At low b-
values, IVIM effects due to microscopic perfusion must be considered (red), while at high b-values, 

kurtosis effects must be considered (green).[Image courtesy: Questions and Answers in MRI (Webpage)] 
 
 
 
Neurite Orientation Dispersion and Density Imaging (NODDI): NODDI assumes a three-compartment 
biophysical tissue model including intracellular, extracellular, and cerebrospinal fluids in a single voxel, 
which enables the inference and quantification of the direction and structure of neurites (axons and dendrites) 
by the orientation-dispersed cylinder model and the Watson distribution.  
Representative NODDI parameters include the intracellular volume fraction (Vic), indicating neurite density, 
and the orientation dispersion index indicating the neurite OD. This diffusion MR technique intends to 
overcome the Gaussian distribution model's constraints assumed in DTI and the nonspecific changes in DTI 
and DKI parameters(11). 
 
 
MR elastography: 

Elasticity imaging has received considerable attention due to its intuitive source of mechanical contrast 
paralleling palpation information and the significant diagnostic potential that this information can provide. 
It is a novel MRI technique used to measure the tissuemechanical properties by using mechanical propagation 
of waves, widely used for liver imaging, to qualitatively and quantitatively assess fibrosis/cirrhosis in the 
liver. A special MR compatible hardware called a pneumatic, mechanical wave driver must be attached to 
the patient to generate shear waves propagated through the tissue of interest. 
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The added advantage in MR elastography over ultrasound is that larger liver areas can be assessed, thus 
reducing the sampling bias. It is the best non-invasive technique available to assess liver stiffness. Other than 
liver, elastography has been performed for breast lesions, musculoskeletal and brain imaging as well. 
 
Magnetic resonance acoustic radiation force impulse (ARFI) imaging: Essentially, ARFI imaging exploits 
similar tissue properties as MR elastography. However, it usesa focussed ultrasound beam driven by a 
multichannel amplifier system and measures the steady-state displacement at the end of a relatively long 
ultrasound pulse. The quasistatic displacement is measured using a one-dimensional version of an MR 
Elastography technique. 
 
Ultrafast MRI imaging protocol for brain: 
 
Long scan acquisition time is a significant drawback of MR imaging, especially for neurological imaging in 
pediatric and geriatric patients and trauma or claustrophobic patients. One-minute ultrafast MR includes T1-
weighted image, T2-weighted image, echo-planar fluid-attenuated inversion recovery, diffusion-weighted 
image, and T2*weighted sequences used mainly for pediatric stroke patients. A study by Ji Young-Haet al. 
showed that though the image quality by the Ultrafast protocol is inferior to that of routine MR imaging, the 
diagnostic ability remains the same with the advantage of reduced scan time and requirement of sedation in 
patients with the absence of ionizing radiation hazard(12). It has been a better alternative to CT scan imaging 
for non-traumatic neurological symptoms, as observed by Kazmierczaket al., and directly impacted patient 
management(13). Unlike CT scan, Ultrafast MR differentiated acute ischemia, white matter lesions, edema, 
microbleeds, and chronic infarction apart from hemorrhagic stroke. 
 
Synthetic MRI: 
 
Synthetic MRI generates contrast-weighted images based on measurements of tissue properties from a single 
acquisition. Using dedicated Synthetic MRI software enables the reconstruction of multiple sequences from 
one scan and reduces the scanning time. The radiologist can create any contrast-weighted image by 
maneuvering the acquisition parameters, including repetition time, echo time, and inversion time. A 3D 
single acquisition scan creates a set of T1, T2, FLAIR, PD, and STIR. Furthermore, automatic brain tissue 
segmentation, volumetry, and myelin measurement can also be performed(14). Thisapproach's advantages 
are a shorter scan time, an objective examination, and personalized MR imaging parameters obtained in daily 
clinical imaging. This imaging limitation is that it is only applicable for creating structural sequences 
mentioned above and not yet acquiring DWI sequences. 
 
Intraoperative MRI: 
 
The imaging guidance provided by intraoperative MRI is near-real-time and, unlike other navigation devices, 
is more accurate in intraoperative settings(15, 16). In their study on intraoperative MRI,Black et al.used this for 
stereotactic biopsy of intracranial lesions,cervical spine surgeries,craniotomy for excision of intracranial 
space-occupying lesions, drainage of the intracranial cyst,arteriovenous malformation excision, and tumor 
ablation(17). 
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Figure 5: Intraoperative post-contrast T1 weighted MRI reveals enhancing lesion in pre-operative MRI 
with no enhancing lesion seen in postoperative MRI.(Image courtesy: Lewin et al., Intraoperative MRI 
with a Rotating, Tiltable Surgical Table: A Time–Use Study and Clinical Results in 122 Patients, AJR, 

2007) 
 
 
Quantitative susceptibility mapping (QSM) imaging: 
 
QSM further advancesthe susceptibility-weighted imaging (SWI) technique that requires sophisticated post-
processing to provide quantitative maps of tissue susceptibility. Both QSM and SWI are MR techniques that 
measure and display differences in the magnetization induced in tissues when placed in the strong external 
magnetic field of an MRI system, and the image contrastis because of this intrinsic tissue magnetic 
susceptibility (T2* effect). With deconvolution, QSM excludes blooming artifacts and provides the 
quantitative distribution of susceptibility sources in tissue. QSM accurately maps strong isotropic 
susceptibility sources in human tissue – predominantly biometals that are highly paramagnetic (mainly iron 
in ferritin or deoxygenated heme) or present in high concentrations (main calcium in mineralization or 
calcification).The clinical application of QSM imaging much wider than routine GRE/SWI 
sequences.Quantification of iron in neurons, iron in hepatocytes, iron in macrophages/microglia/Kupffer 
cells, iron in red blood cells, calcification in bone and apoptotic cells, and biometal contrast agents are a few 
of the areas that can be studied.  
For example, brain iron overload is a cause andor compounding factor of various neurodegenerative diseases, 
including Alzheimer's disease, Parkinson's disease, Huntington's disease, Friedreich's ataxia, and 
amyotrophic lateral sclerosis(18). As examples of applications related to iron in neurons, QSM provides an 
excellent definition of the subthalamic nuclei to accurately guide deep brain stimulation in patients who have 
Parkinson's disease. 
 
Functional MRI (fMRI): 
 
Functional MRI is a real-time MR imaging segment used to visualize the brain's cortical activity as the patient 
performs various motor/cognitive tasks inside the magnet during simultaneous image acquisition. Because 
of this, neural up-regulation in the brain while performing given task results in a build-up of deoxygenated 
hemoglobin [Hb] -highly paramagnetic and a decrease in oxygenated hemoglobin [HbO2]-diamagnetic. 
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Blood oxygen level-dependent (BOLD) imaging exploits this property of neural activity to create contrast 
between resting and active brain tissue by utilizing primarily GRE methods because of the increased T2* 
contrast(19). Pre-operative identifies the vital areas by task-based fMRI(20) while the brainresting phase acts 
as a control for comparing the results. For years,fMRI’s clinical uses involve presurgical planning, 
fundamental cognitive neuroscience investigations, behavior modification, and training(21). 
 
 

 
 

Figure 6: Superimposition of functional (task-based activation) on anatomic images. (Image courtesy: 
Gore, Principles, and practice of functional MRI of the human brain, Journal of Clinical Investigation, 

2003) 
 

 
The next decade of clinical MRI: 
 
The most pressing clinical needs for the future are optimizing image quality and content, automating 
analyses, perfecting fusion imaging, enabling whole-body imaging, and shortening the MRI acquisition 
times. Deep learning (DL) algorithms will be of utmost importance in image acquisition (sub-Nyquist 
sampling strategies), reconstruction (AUTOMAP), and automated image post-processing. Better seamless 
integration of imaging results (including structured reporting) into electronic medical records will emerge 
when different imaging technologies and platforms are optimized to interact with and learn from each other. 
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Apart from the progress made in decreasing scan time and optimizing image acquisition, there is considerable 
scopeto improvepatient's experience in the MRI suite. Presently, functional and cardiovascular MR require 
long scan times (sometimes up to or more than an hour), leading to patient discomfort and motion artefacts.  
Although there areretrospective motion correction algorithms, adaptive dynamic imaging, like prospective 
motion correct, which is currently in development,would expand cardiovascular and functional MRI 
applications.  
 
MRI biobanking programs by global initiativesseek to acquire multiorgan imaging from large cohorts of 
patients. Such biobank efforts also include metabolic, proteomic and, genomicoutcomes and other patient 
data often collected at multiple time points. These large repositories, like the UK Biobank and The Cancer 
Imaging Archive, OpenNeuro, will help to advance education, research, and training. Although many of 
these programs are in their initial stage, they provide an exciting opportunity in population-based health care 
to improve understanding of disease mechanisms using MRI. The wealth of information acquired by 
biobanks presents its challenges and will likely require automated data collection techniques and storage(22). 
 
 
 
Conclusion:  

From the accidental advent of X-rays to image larger body parts to imaging of cellular microstructure and 
its physiology in current times, we have to acknowledge the progress we made but still have a long way to 
go. Critical to meaningful translation into clinical use is reproducible and comparative effectiveness and 
outcome research to gain uncriticised acceptance in modern and economically restrained healthcare systems 
like ours. 
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Chapter 11: Imaging Informatics and Image Processing 

    Dr. Amit Choudhari, Dr. Nivedita Chakraborty, Dr. Jay Thakkar 

 
Imaging informatics: 
Radiology Informatics or Medical Imaging Informatics is a subspecialty of biomedical informatics that aims 
to improve the accuracy, efficiency, reliability, and usability of medical imaging services within the 
healthcare enterprise by extracting, enhancing, and exchanging information the medical images.Imaging 
informatics exists at the intersection of clinical radiology, data science, and information technology to 
provide optimal healthcare services [1]. 
 
The essentialcomponents of Radiology Informatics are the following. 

I. Image-enabled EMR 
II. PACS and its components 

III. Image post-processing and enhancement 
IV. Radiology Information System (RIS) 
V. Speech recognition 

VI. Teleradiology 
VII. Radiomics 

 
I. Image-enabled Electronic Medical Record (EMR): 

EMR includes everything from the registration details of the patient to clinical findings, investigations, and 
treatments. Clinical photographs and other images (for example, an ECG) can be incorporated into the EMR 
using informatics tools. 
 

II. Picture Archiving and Communication System (PACS):  
PACS is an imaging technology that provides economical storage and instant access to images from multiple 
modalities. It is an amalgamation of hardware and software systems used to obtain, store and retrieve medical 
images using the Digital Imaging and Communications in Medicine (DICOM) standard. [2] PACS is 
integrated with the radiology information system (RIS) and hospital information system (HIS) to transmit 
images and reports digitally, eliminating the need to retrieve or transport film folders manually. [3,4] DICOM 
handles imaging data, whereas HL7 handles non-imaging data. Integrating the Healthcare Enterprise (IHE) 
integrates radiology workflow within a healthcare setup using DICOM and HL7. [5] 
 
The following are the components of PACS [2]and illustrated in figure 2. 
1. Image acquisition devices 
2. Communication networks 
3. PACS archive and server 
4. Workstations  
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Fig. 1shows components and workflow of PACS 
 

1. Image acquisition devices 
These comprise imaging modalities and acquisition gateway computers. Imaging modalities include 
magnetic resonance imaging (MRI), computed tomography (CT), PET, X-ray, and ultrasonography (USG), 
to name a few. These modalities interface with the PACS server through acquisition gateway computers. 
After obtaining images from the imaging modalities, the acquisition gateway computers convert these images 
into PACS standard format known as DICOM, besides it also performs some preprocessing functions like 
resizing, background removal, and orientation calibration [2]. There are following two ways of acquiring 
images: [2] 

a. Digitization of films: Films are converted into digital images using film/image digitizers such as laser 
scanners or charge-coupled devices (CCD) 

b. Direct digital images: Used in many present-day X-ray devices that acquire direct digital images without 
conversion 
 

2. Communication networks 
There are three main types of network to transfer radiology data to the desired location: [3] 

a. Local area network (LAN) within the radiology department to link imaging modalities, archive and data 
storage, and the workstations. 

b. LAN network within the same hospital to link different departments.  
c. Tele-radiology network to transfer radiology data to remote locations outside the hospital. 

 
3. PACS archive and server 

The PACS server receives data from the acquisition gateway computers and HIS/RIS, and it has two 
components: storage media (database) and archive system. The archive system of PACS can be short-term 
or long-term [3]. The following are the examples of storage media used in archiving: [2] 
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a. Redundant array of inexpensive disks (RAID) for immediate access of current images 
b. Magnetic plates for fast recovery of reserved images 
c. Erasable magneto-optical plates 
d. Read-only memory (ROM) in the optical plate library 
e. DVD-ROM 
f. Advanced straight tapes 

 
 

4. Workstations 
A display workstation is the PACS hardware component that enables the radiologist to view and 
process/manipulate images as desired for diagnosis. 
 

III. Image post-processing:  
Post-processing tailors the input image to produce an output image that suits the needs of the physicians. 
A few standard image post-processing operations include image reformatting, maximum intensity 
projection (MIP), minimum intensity projection (minIP), windowing, shaded surface display, volume 
rendering, multiplanar reconstructions, grayscale processing, temporal frame averaging, edge 
enhancement, and pixel shifting [6,7]. 

There are various types of digital image post-processing, of which the following are the relevant ones: 
1. Image analysis: Allows image segmentation, feature extraction, and classification of objects used for 3D 

medical imaging. [6] 
2. Image synthesis: Includes image reconstruction and 3D visualization techniques. [6] 
3. Image enhancement: Contrast and edge enhancement, spatial and frequency filtering, image combining, 

and noise reduction. [6] 
4. Image compression: Decreases the storage space. 

 
IV. Radiology Information System (RIS): 

RIS serves as the primary interface tool between the reporting radiologist and the PACS. Patient scheduling 
and requisition generation, database search, and workflow management can be done efficiently with a 
central RIS. Usually, customization of RIS is according to institutional needs. 
 

V. Speech recognition: 

A physician can enter the patient's data into the electronic medical record (EMR) system with a speech 
recognition tool. A radiologist can generate a formal report of the study faster than the conventional 
methods by simultaneously viewing the scan and dictating the report converted into a document file on a 
computer.[8] 
 

VI. Teleradiology: 
Teleradiology is the transmission of radiological images from one location to another using 
telecommunication systems.[9] Increasing demand for radiological investigations, consistent shortage of 
radiologists, and after-hours coverage for urgent radiologic studies have all been the necessary reasons 
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behind teleradiology development. The teleradiology network consists of three main ports (Fig 2) 
interconnected by a high-speed data transfer platform for efficient high-volume data transfer. 

1. The radiological investigation requesting hospital 
2. The teleradiology service center 
3. A remotely located radiologist with a dedicated workstation 

 
 

 
 

Advantages: 
• The flexibility of working hours and working geographic location for radiologists leads to improved 

radiologists' quality of life. 
• Less turnaround time for urgent/emergent scans and hence, improved patient care. 
• A subspecialty expert radiologist located remotely can provide a second opinion. 

Disadvantages: 
• Studies consisting of a very high volume of data (e.g., PET/CT) take a much longer time for the image 

transfer process. 
• Network dependency 
• Requires high-volume storage servers and advanced PACS 
•  

Limitations: 
• Technical limitations involving the high-speed connection and dedicated workstation 
• A real-time assessment (e.g., ultrasonography) cannot be done 

 
VII. Radiomics: 

Radiomics entails converting images to higher dimensional data and their subsequent extraction for 
improved decision support. [10] The extraction of imaging features from the volumes of interest forms the 
basis in radiomics (Fig. 1). At present, radiomics is still in the research phase and is applied only to solid 
tumors. The characteristics of radiomics are: 
 

1. Applied on standardized images 

•Image aquired here and 
transmitted using high 

speed network
•Receives ready reports 

from the teleradiology 
centre

Requesting hospital

•Distributes the scans 
among remotely located 

radiologists
•Transfers reports from the 

radiologists to the 
requesting hospital

Teleradiology 
service centre 

•Radiologist reports the 
requested scan on a 

dedicated workstation

Radiologist located 
at distant point

Fig. 2 working algorithm for Teleradiology 
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2. Evaluates the entire tumor 
3. Able to interrogate stroma 
4. Permits longitudinal monitoring 

 

 
 
 

Fig.1: A basic working algorithm for radiomics. It involves the extraction of features like tumor 
intensity, shape, texture, and wavelet from an index image. These radiomics features combined with 
clinical and genetic information provide decision support. (Image courtesy: Dr. Mohammed Sultan, 

Radiopaedia.org, rID: 65398). 
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Artificial Intelligence (AI) in image processing: 
 

 
 
 

A. Image analysis: 
Machine learning can perform the following image analysis tasks [11]. 

a) Classification: Here, images are assigned into categories. There are two types of classification algorithms: 
seminary or multiclass, depending on the classification of images into two or more than two categories. 

b) Regression: In this algorithm, numbers are assigned to an image, for example, bone age from a hand 
radiograph. 

c) Localization: This algorithm deals with the location of a particular object in an image. 
d) Segmentation: This algorithm classifies each pixel or voxel in an image as part of or not part of a particular 

object, like measurement of left ventricular volume on cardiac MRI images. 
 

B. Machine learning: 
Machine learning entails learning a problem to solve a task based on the inputs. [12] It can be supervised or 
unsupervised learning.[11] 

a) Supervised learning: It is the most common form of machine learning. A machine learning algorithm is fed 
with images and correct diagnosis labels,enablingcorrecting the algorithm at each iteration. 

b) Unsupervised learning: In this, a machine learning algorithm is fed with unlabeled images, and it learns to 
group the images on its own based on similarities and differences. 
 

C. Deep learning: 

Interpretation and understanding

Performance evaluation

Model training

Machine Learning or Deep learning

Image analysis
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It is automated learning for performing various tedious tasks like lesion detection, segmentation, 
classification, monitoring, and the prediction of treatment response using simpler hierarchized structures 
defined from a set of specific features [13]. Convolutional neural networks (CNN) are currently the most 
common form of deep learning and comprises a convolutional layer, a pooling layer, and a fully connected 
layer [12,13]. Various types of tasks are as follows [14]: 

a) Image preprocessing: It refers to techniques applied either on raw signals or reconstructed images. 
b) Detection: It refers to highlighting specific regions in an image likely to contain a focal lesion. 
c) Segmentation: It refers to delineation or volume extraction of a lesion or organ based on image analysis (e.g., 

pixel intensity, texture, edges). E.g., brain tumor dimensions or determination of future liver remnant volume 
in case of liver tumors. 

d) Classification: It refers to the categorization of a lesion into a specific group or type, for example, benign or 
malignant or; primary or metastatic. 

e) Monitoring: It refers to a specific lesion's follow-up over time to assess changes in appearance and 
dimensions. 

f) Prediction: It refers to utilizing specific features to anticipate the evolution of pathology. E.g., prediction of 
response to chemotherapy, the prognosis of the recurrence-free disease in treated patients, or overall survival. 
 

D. Model training: 
Training machine learning algorithms require proper hardware and software along with optimization of 
hyperparameters.[11] Hyperparameters are adjustable parameters tuned or gradually altered by an automatic 
iterative process to improve output accuracy. [11] Examples of hyperparameters include learning rate, 
regularization of variables, and the number of total iterations.[11] 

 
E. Performance evaluation: 

Testing an AI algorithm's performance is the most critical step in assessing technical feasibility and clinical 
usability. Classification is the most frequent task, and its algorithm is tested by measures like F1 score, 
Youden J index, and ROC AUC.[11] 
 

F. Interpretation and understanding: 
After quantifying the given object's volume and function, the statistical variation of shape and motion across 
large numbers of cases can be ascertained by studying patient cohorts.[12] Information on biophysical 
parameters of tissues and organs can also be extracted from medical imaging data.[12] 
 
Conclusion: 
The incorporation of AI into imaging informatics and image processing has revolutionized the field of 
radiology and opened new doors for research. 
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Chapter 12: Image sharing and cybersecurity in AI 
Dr. Amrita Guha, Dr. Shubhankar Deshpande 

 
Artificial Intelligence (AI) and Blockchain (BC) based technologies are essential tools for research today. 
Artificial intelligence is now capable of processing many data.  Secure and decentralized access for data is 
provided by blockchain[1]. Blockchain is a distributed digital ledger mechanism that enables verification of 
records by many independent parties instead of a single centralized authority. This makes it virtually 
impossible to tamper with the data. Blockchain is also the primary technology used for the cryptocurrency 
Bitcoin, invented in 2008. It helps promote patient-centered healthcare by providing greater control to the 
patients over their medical data. Besides, Blockchain has been utilized in the healthcare system for 
administrative tasks like claims adjudication and billing management. It has the potential to be used for 
enhancing software that supports research and clinical trials. It complements artificial intelligence (AI), and 
these can work synergistically to improve patient care. 
 
Artificial intelligence also can impact cybersecurity in multiple ways.  For example, AI analyses the behavior 
and working methods of all its users. Should any malware be added to the system, AI can pick up the change 
and report it. Likewise, AI can recognize the pattern of attackers and their infiltration methods, so it becomes 
easy to distinguish when and how any vulnerability would make its way to the network or system.The 
abnormalities could be anything like the unusual use of the internet, change in typing speed, orincreased 
background activities. AI can also detect the most common phishing sources and report them to the system 
to prepare a defense against them. 
 
Deep learning has proven to be extremely worthy in various fields of medicine, such as analysis of magnetic 
resonance imaging (MRI) of the brain [2] and histopathology segmentation of tissue [3]. AI has already proven 
its worth in other fields like face recognition-based on clinical records of diseases obtained from multiple 
institutes across the globe, a trained or visual search[4,5]. Frameworks based on deep learning enable detecting 
detection models of many medical disorders at an early stage. Blockchain technology aids in gathering data 
over a decentralized network to train a significant number of good-quality images. A model can also be 
created to help achieve better performance for the early treatment of malignancies and other diseases.  
 
Advantages of Combining AI and Blockchain: 
Many studies have involved health care data that adopted Blockchain and artificial intelligence for securing 
data and training the deep learning models automatically. For example, Tanwar et al. [7] combined both across 
their organization toexchange information. The Blockchain is unique in providing data that is resistant to 
tampering because of the following features: 
 

1. Provenance: The complete data is available on the network 
2. Consensus: If all the verified users in the network agree to the condition of the transaction, are the 

transactions updated 
3. Distributed ledger: All transactions are appended in a distributed system on the network, which provides 

system recovery by a single point of failure or centralized entity 
4. Immutability: All records on the network cannot be tampered with; thus, all information is secure and trusted 
5. Finality: Once a transaction is committed on a blockchain, modification is not possible. 
6. Smart contract 
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Smart Contract:  
The smart contract secures data exchange and allows the automatic uploading of images related to healthcare. 
It also provides exchange and security to exchange data among various institutes.  Parameters are formulated 
based on terms and conditions associated with the agreements for data sharing[8]. A smart contract is used to 
exchange image data among hospitals. 
 
The IPFS stores all local model weights with hashes (reference id) in the blockchain database. All authorized 
and registered medical institutes share the locally trained deep learning model weights through the smart 
contract. This smart contract provides access for sharing the model on the blockchain network. It also 
provides the reliability of the Blockchain across various geographically distributed nodes[9]. 
 

Only a registered organization has access to the data or shared weights even though the blockchain network 
is fully distributed over multiple parties' data collection environments. A smart contract aims to reduce the 
cost as well as provision a secure method for sharing images. The smart contract is available across the 
network for interaction amongst all users publicly. Smart contracts' most essential features are that the 
information is always operational, transparent, and not mutable. 
 
Lastly, blockchain implementation for image sharing cannot replace platforms like DICOM Web. 
Blockchain will probably supplement these standard platforms for safe image sharing because radiological 
images are not stored within the Blockchain itself. DICOM web URLs are stored,allowing patients to control 
access to their data [10]. Such implementations allow for patient-centered ownership of their medical records 
[11]. They canpermit healthcare providers to view such images, enabling physicians outside their current 
healthcare system access to these images and seeking a second opinion. Because the data is stored in a 
blockchain, patients can be assured that the original data is immutable and not alterable, thus reducing 
malpractice incidence. 
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Chapter 13: Ethics in Artificial Intelligence 

Authors: Palak Popat, Shubhankar Deshpande, Jay Thakkar, Abhishek Mahajan  
 
Introduction 
In radiology, AI should be dependable, free of bias, and transparent to ensure that the benefits and drawbacks 
are distributed equally amongst the stakeholders and maintained accountability and responsibility. Every 
radiologist must practice codes of ethics and practice to give our best for patient care in AI's new ecosystem. 
Because of the current vogue in AI, there has been a paradigm shift inradiology data management 
conceptualization. However, it has its share of problems, and so, the question of how ethics shall govern AI 
practices arises.The five core principles of an ethical framework for AI in radiology are non-maleficence, 
beneficence, justice, autonomy,and explicability. Many statements have already been given by multiple 
prominent organizations to guide the working methods of AI, and the ACR has produced the latest 
statements, European Society of Radiology, RSNA, Society for Imaging Informatics in Medicine, American 
Association of Physicists in Medicine, European Society of Medical Imaging Informatics and Canadian 
Association of Radiologists. 
 

Autonomy 

The principle of autonomy refers to the right of each patient to make his or her own choices. Surrogates are 
responsible for the rights of incompetent patients, e.g., patients with a lack of mental ability, children. In 
healthcare, informed consent is used to safeguard the autonomy principle [1]. Medical images contain 
additional data like institute information, namely protected health information (PHI),patient demographics, 
technical image parameters, and pixel information. As per the region of the body being scanned, contours of 
the body part can be rendered. It is possible to apply facial recognition even on medical images. To 
implement and develop AI in radiology, medical images should be used in training processes by 
algorithmsrepeatedly; this shall ensure that data ownership and data privacyare regularly questioned [2]. 
Although PHI data access isto be granted on a need-to-know basis only, institutional review boards should 
perform an audit of data collectionfor protecting data usage[3]. Data access and security need to be 
implemented in the data handling process. In the era of AI, informed consent should be adapted to take into 
account repeated usage. The recently enacted General Data Protection Regulations (GDPR) in Europe must 
be implanted to ensure patient's privacy. Because of the possibility of back-tracking of data by AI algorithms, 
data pseudo- anonymization is included in GDPR to enhance data protection along with anonymization in 
order to enhance data protection [4]. Data usage and collection in AI also raise concerns aboutdata breaches; 
therefore, patient data needs to be shieldedfrom cyber-attacks [5]. At present, initiatives like healthbank.coop 
leave each patient's decision to access which part of their data and under which conditions and enable 
monetary compensation for each individual. 
 

 
Beneficence, non-maleficence 

The principles of beneficence, "do good," and non-maleficence, "do no harm," are closely related to each 
other. They are involved in avoiding harm to the patient or anything that could be against the patient's well-
being [1]. Artificial intelligence applications in radiology must be designed to respect these principles and 
improve collective and individual well-being. Applications of AI in radiology involve optimizing lesion 
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detection, characterization, segmentation, and re-organizing clinical workflow. On the one hand, AI-aided 
patient stratification shall enable faster and precise decision-making and improve individuals' well-being. 
 
On the other hand, this stratification can also be used for non-beneficial and commercial purposes. Insurance 
companies can stratify patients by the expected outcomes and adjust the fees. AI algorithms can be trained 
onbiased data and also programmed to increase the profits of their designers. Methods and strategies also 
must be implemented to see how new true positive findings in a retrospective analysis or new false-positive 
findings in a prospective setting should be treated. 
 
Justice 

The principle of justice involves a fair distribution of medical goods and services [6]. The progress in AI 
should promote justice while removing unfair discrimination, ensuring shareable benefits, and avoiding the 
infliction of further harm that could arise from any implicit bias [7].  However, interests may differ between 
AI users and the AI developer, and some parties can follow the ethical code only partially. Therefore, an 
ethical AI design needs to consider the possibility ofunethical human interventions [6,8]. 
 

Explicability (Transparency and Accountability) 

Transparency and accountability principles can be considered under the umbrella term of explicability 
principle [9]. Artificial intelligence systems should be comprehensible and auditable by "natural" intelligence 
at all levels of expertise, and the intention of developers and implementers of AI systems must be shared in 
clear words[8].  
• Transparency: Should an AI system fail or become harmful, we must be able to detect the reasons, and 

in case the system is involved in decision-making, there should be satisfactory explanations for all steps 
in the process of decision-making. The process must be auditable by the authority and all healthcare 
providers, allowing legal liability to be assigned to the concerned accountable body [4,5]. Algorithms of 
artificial intelligence are susceptible to differences in patient characteristics and protocols used for 
imaging. Hence, transparent communication of criteria used for patient selection and rigorous, thorough 
validation of algorithms areneeded to ensure the generalization of training datasets to various centers[10]. 

• Accountability: Any treatment-related autonomous decisions that AI makes may cause issues regarding 
who is accountable for these decisions. It might also lead to debates over who will be responsible, should 
an autonomous system make a mistake—the user or the developer [9]. Beforebroader adoption, all AI 
applications for radiology must be held to the same accountability level as any new medical drugs or 
devices used in radiology [7].  

 
Research ethics for AI 

In computer science, especially in research involving AI, many articles are being published in arxiv.org. And 
other repositories. These publications might have errors because of lack of peer-review and questionable 
nature of the allocation of data.  Hence, peer-reviewed and transparent researchare needed before the 
implementation of any AI method. AllAI applications must follow the Standards for Reporting of 
 Diagnostic Accuracy Studies (STARD) statement like any other application developed for diagnostic 
purposes [8]. 
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Conclusion 
 
Artificial intelligence has the immense potentialof speeding up scientific discovery in medicine. 
Nevertheless, we need to understand that "Natural" intelligence should always be responsible formaking 
decisions. We must implement AI in the best way to reflect ethical and legal standards while ensuring that 
patients' interests are well-protected. Each radiologist must be involved actively in setting up ethical 
standards that will control both the use of—and research on—AI in medical imaging [12]. 
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Chapter 14: Ethical and Legal issues related to Artificial Intelligence in Healthcare 
Authors:  Dr. Arpita Sahu, Dr. Ankur Chand 

 
Artificial Intelligence (AI) in the healthcare system is best regarded as a socio-technological practice, 
where humans and machines do not compete against each other and machines supplement humans' 
skills.AI innovation in radiology is likely to be driven by academic healthcare organizations in 
partnership with the industry. While artificial intelligence (AI) offers many possible benefits, there also 
are several ethical and legal challenges, and guidelines are needed forthese issues. 

  
ETHICAL CHALLENGES: 
 
Informed consent to use AI: 
Applications in Health AI, such as diagnostics, imaging, and surgery, will transform the patient-clinician 
relationship. It is a challenge to balance the privacy of patients with the safety and effectiveness of AI. It will 
be hard for the clinicians to educate the patient about the complexities of AI, such as machine learning used 
by the system, the kind of data inputs, and the possibility of biases or other shortcomings in the data 
engaged(1). 
 
Safety and transparency: 
Safety is the prime challenge for AI in the healthcare system. For example, IBM Watson for Oncology uses 
AI algorithms to assess patients' medical recordsand helpphysicians explorecancer treatment options. 
However, it was perceived that it was giving "unsafe and incorrect" suggestions for cancer treatments. This 
real-life example has shown a negative impact. So, AI developers need to ensure the reliability and validity 
of the datasets and transparency (2). AI developers should be sufficiently transparent, for example, about the 
kind of data used and any shortcomings of the software (e.g., data bias). Transparency creates confidence 
among clinicians and patients, which is the key to a successful staging of AI in clinical practice(2). 
 
Algorithmic fairness and biases:  
Algorithms can exhibit favoritism resulting in injustice concerning ethnic origins and skin color or gender. 
Partiality can also occur regarding other features such as age or disabilities (3). It can result from the datasets 
themselves that are not representative, besides data scientists and ML systems choose and analyze the figures 
from the context in which the AI are used. In the health sector, where phenotype and genotype-related 
information is involved, biased AI could, for instance, lead to false diagnoses and render treatments 
ineffective for some subpopulations and thus jeopardize their safety.  
 
Data privacy: 
"The price of innovation does not need to be the erosion of fundamental privacy rights"(4). It is fundamentally 
imperative to adequately inform patients about the processing of their data and promote confidence. Patients 
need to feel valued and those seeking to use patient data must show that they add value to the health of the 
very same patients whose data is being used. 
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LEGAL CHALLENGES: 
 
Safety and effectiveness:  
AIs must be safe and effective. Stakeholders can contribute to a successful implementation of AI in clinical 
practice. They should ensure that the datasets are reliable, valid and should perform software updates at 
regular intervals. They should be clear about their product, including shortcomings. Also, surveillance is 
needed to ensure the safety and effectiveness of AI(6). 
 
Liability: 
The AI-based technologies raise challenges for current liability regimes. It will be crucial to create an optimal 
liability design that figures out responsibilities. For example, An AI-based software gives an incorrect 
treatment recommendation that the clinician adopts, causing harm to the patient. In this situation, the clinician 
would likely be liable for medical malpractice. To avoid medical malpractice liability, physicians can use it 
as a confirmatory tool to assist with existing decision-making processes rather than following its 
recommendations out of fear of liability(7). 
 
Data protection and privacy: 
In the world of big data, it is of utmost importance to have data protection laws in place so that patients' 
privacy is adequately protected. 
 
Cybersecurity:  
Cybersecurity is an important issue to consider when addressing legal challenges in healthcare AI. For 
example, sophisticated cyber actors, criminals, and nation-states can exploit vulnerabilities to steal or 
influence the flow of money or essential (healthcare) information. Such actors are increasingly developing 
skills to threaten, harm, or disrupt the delivery of vital (medical) services. Targets in the health sector may 
include hospital servers infected with software viruses, Trojan horses, or worms that risk patients' privacy 
and health. Additionally, corrupted data or infected algorithms can lead to incorrect and unsafe treatment 
recommendations. 
 
Intellectual property law: 
Artificial Intelligence and the data that fuels it can be protected by various intellectual property rights (IPRs). 
It typically involves a combination of long contracts, copyright, trade secrets/the law of confidence. It may 
also comprise competition law and personal data integrity rights. The result is that data are frequently the 
subject of litigation. Thus, it has been suggested that more regulations for data-generating internet giants are 
necessary besides a new data economy that requires a better approach to competition and antitrust rules. 
Hence the combination of big data and IPRs creates challenges that need to be addressed, such as access to 
data and ownership rights. 
 
Possible Solutions for Ethical and Legal Issues: 

I. Bias is one of the most important ethical concerns in connection with AI in radiology. Not all biases are 
bad (e.g., deliberating oversampling of specifically important characteristics or optimizing algorithms 
for specific settings), but all AI should be investigated for the possible effects of different types of bias. 

II. Regulations for the ethical use of imaging AI must be developed, and radiologists, in addition to ethicists, 
should lead this effort. 



Radiology Beyond Imaging 

 

                                                                                                                                                    Page 98 of 137 
 

III. Diverse datasets are needed to train robust AI algorithms. Standards are needed that allow efficient use 
and sharing of these datasets through clinical trials. 

IV. Data sharing can facilitate the development of clinically relevant AI tools if barriers to data sharing are 
overcome and appropriate incentives are developed. 

V. Radiologists will require different levels of understanding of AI depending on their roles. Radiologists 
need to gain a basic understanding of AI, both it's potential and limitations. 

VI. Creating the educational resources necessary for an AI curriculum will require multiple stakeholders' 
collaborative efforts, including national and international societies and academic radiology departments. 
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Introduction 
In the clinical domain, we have so much data, of which a lot of textual entries are unstructured free text. 
Nevertheless, it is of no use in its existing form. The majority of free-text clinical data in the electronic 
medical records remain unusable. The problem with this data is captured by the 5V's- Volume (quantity), 
Variety (format), Velocity(increasing), Value(richness), Veracity (quality & integrity). The radiology reports 
form a significant part of the unstructured free text content in the Hospital Information System (HIS). 
Radiology reports are stored in the EMR in the form of free text. (1-4) These reports contain rich content about 
the tumor, stage of the disease, response to treatment, and suggestions for additional investigations stored in 
an unstructured format. Interpretation of these reports requires an expert to read the text and infer the report. 
For the last few years, researchers are trying to mine these reports to extract meaningful information. Natural 
Language Processing (NLP) can help reduce significant time and efforts in extracting such information. NLP 
is a sub-domain of linguistics, computer science, and artificial intelligence (AI) that deals with programming 
or training machines to handle and comprehend human language.(5) 

 
"Natural" refers to a form of speech/text that follows human communication norms. NLP deals with how 
machines can correctly extract information and meaning from humans' unstructured text to communicate 
information. In order to train algorithms to understand natural language the way humans do, algorithms may 
be provided with sufficient vocabulary that might allow the machines to perform basic translation and 
classification tasks. (6) However, to map the complexity of words and meanings in sentences, it is essential to 
capture the context. NLP helps model all these complexities of human language into mathematical form for 
it to be machine-readable. (7) 
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Figure 1: Natural language processing as a sub-domain of artificial intelligence 
 
This may be performed by rule-based approach, statistical approach, or hybrid (a combination of both). A 
statistical approach is employed by machine learning, which helps extract the right information or make the 
right correlation. Another sub-branch of machine learning that is frequently utilized is deep learning which 
uses artificial neural networks to correct correlations and extract information. Neural networks are various 
types depending on the task at hand (8, 9)(Figure 1). The process followed for extraction of structured 
information from the free text medical reports is shown in Fig 2. (10-30) 

 
Figure 2: Processes involved in NLP 

 
Application of Natural Language Processing in Radiology Reports 
Application of NLP tools can be found in research as well as in the clinic. In research, NLP is useful for 
creating a clean, structured corpus for future use, filtering data using case identification, query-based retrieval 
of data, report classification, Development of decision support systems& prediction modeling. In the clinic, 
we can use NLP for diagnostic surveillance and auto-generation of emergency alerts, report standardization, 
assistive reporting, error correction, improving radiology reporting by quality assessment, uncertainty 
detection in reports, data modeling for clinical support to improve the accuracy of diagnosis or provide a 
better idea of disease prognosis or the efficacy of a treatment. NLP applications in imaging can help oncology 
with faster report summarization, case identification, staging, and treatment outcome detection.(30-106) 

 
NLP applications have been developed using programming languages like Java, Python, Julia, R.The 
Development of these tools is, however, data-driven. Limited clinical data sharing is a significant limitation 
for the Development of NLP applications. Ontology-driven concept recognition and mapping can help 
develop such applications without data leaving the institution by distributed learning.(66-68) Several ontologies 
from UMLS vocabulary have been used for semantic mapping concepts from radiology reports like 
RadLexLexicon, Radiation Oncology Ontology (ROO), NCIT (National Cancer Institute Thesaurus), 
SNOMED CT(Systematized Nomenclature of Medicine -- Clinical Terms). Severaltools and datasets are 
available for NLP created for specific tasks, some of which are open source (24-29). (Table 1-2) 
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Sharp NLP LEXIMER CGMIM Concept Mapper Iscout 

Metamap ONYX MeInfoText I2b2 LifeCode 

QuExT Ctakes MedTag Clear Forest LINNAEUS 

GATE YTEX CaTIES MedTAS/P Aleph 

I2E MOSES ClinRead MEDTEX ABNER 

 
Table 1: Tools available for NLP 

Datasets Availability 

Render- radiology study repository Not publicly available 

mtsamples Public dataset 

i2b2challenge sets Available on request 

 
Table 2: Radiology datasets available for NLP 

NLP has been used for cohort building for epidemiology studies by automatically selecting studies for 
various conditions like renal cysts, pneumonia, pulmonary nodules.(38-42).Zhou et al. used NLP for automatic 
classification of radiology reports for retrospective studies.(43)Similar work was done by Schuemie et al. 
using electronic health records.(44) NLP has been used to extract radiology reports based on specific concepts 
related to congestive heart failure or strokes or peripheral arterial diseases or aortic aneurysms.(45-55) 
Query-based case retrieval has been developed,which helps case retrieval employ a query with the user's 
fields. Applications with web-based systems linked to reports in PACS using ontologies have been used for 
case retrieval. Customizing ontologies has been found to improve such algorithms' performance from 42% 
sensitivity to 95%. Similar tools have been used for data filtering and report 
classification.(33,35,42,57,61,62,69,75,76)NLP was also used for query-based image retrieval using concepts from 
radiology reports.(58) A commercial application LifeCode designed for billing purposes, was used to extract 
findings from radiology reports by employing a Radlex lexicon and reported 85% sensitivity & 96% 
precision.(57) Some similar applications were used for image retrieval for educational purposes.(107) 

 
Several applications have explored features extracted from free-text reports to develop decision support 
systems and prediction modeling using EMR free text. However, there is still work going on to use radiology 
report information extraction to develop decision support systems.(98, 100)  
Some critical observations are not explicitly mentioned in reports. An NLP system can help detect an implicit 
diagnosis like disease status, staging, infections, or suggestions for additional investigation. Systems 
thatautomatically detect such observations help minimize communication delays between the radiologist and 
the referring clinician by generating automatic alerts. SeveralML-based algorithms have reported sensitivity 
and specificity >90% for critical observation for surveillance and generation of alerts. Some algorithms have 
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obtained comparable results with a hybrid approach using a customized lexicon.(31-37,73-75,78,79)Li et al. used a 
commercially available NLP tool Health Care Analytics Solution (HACAS), for automated data extraction 
for identifying from a group of Computed Tomography reports, reports that contained patients positive for 
ureteric stones with a sensitivity of 66%, a specificity of 95% and accuracy 85%.(90) Similar work was done 
to identify incidental lung nodules (ILNs) and assess management recommendations in radiology reports 
with 91% sensitivity & 82% specificity for identifying ILNs(91).These may also be useful if employed with 
an alert generation system.Sinha et al.found 90%accuracy and high user satisfaction using a graphic interface 
tool to implement prospective structuring of radiology reports using a predefined but customizable 
vocabulary.(101)  

 
Several NLP tools have been used for quality assessment of radiological practice and checking adherence to 
reporting guidelines.(60,61,69,102-106)These applications were used for assessing recommendation behavior, 
report quality assessment. The collection of disease-specific phrases & detection of recommendations for 
actions or investigations were extracted for this. (60-61) 

 
Another critical aspect of radiology reports has understood the certainty of findings and observations in the 
reports.(93-96) Callen et al. used NLP for characterizing and comparing uncertainty terms used in radiology 
reports. The algorithm created by them was used to detect published uncertainty terms and compared against 
the gold standard of two radiologists' identification of these terms. The authors reported an accuracy between 
0.84-0.91 for the algorithm.(97) 

 
Several NLP-basedclinical support servicetools like SymText have been developed with nearly 100% 
sensitivity and 99% specificity for concept extraction(64-65). Sevenster et al. described an NLP algorithm for 
pairing measurements across consecutive radiology reports with a measurement extraction engine with a 
precision of 0.994 and a recall of 0.991.(77)Hassanpour et al. used a machine learning-based NLP system to 
build an information extraction model. They compared dictionary-based annotation (using cTAKES and 
RadLex lexicon), conditional Markov model (CMM) based annotation, and conditional random field(CRF) 
based annotation and found that the CMM and CRF based annotations gave better results for Named Entity 
Recognition.(18-19) Recently applications like MedTagger (a rule-based NLP algorithm) have been used for 
extracting information related to skeletal site-specific fractures with very high sensitivity specificity & 
precision 0.930, 1.0, 1.0. (78) Brown et al. have used an open-source NLP tool and ML software like logistic 
regression, support vector machine (SVM), and random forest and compared them. They used bag-of-words 
model and TF-IDF representations for word representation and found that TF-IDF with the SVM model 
outperformed all other models(79). Goff et al.also automated report summarisation system extracts asserted 
and negated disease entities from radiology reports with sensitivity &precision of 0.86&0.66, respectively 
(80). Senders et al. compared bag-of-words approach algorithms (logistic regression, least absolute 
shrinkage, selection operator [LASSO] regression, and multilayer perceptron)with sequence-based approach 
algorithms (1D–convolutional neural networks, long short-term memory, and gated recurrent unit) to classify 
MRI brain reports into single metastasis mentions versus multiple metastases mentions. They found that 
LASSO performed best among the compared algorithms.(92) Nobel et al. developed and validated a rule-based 
algorithm to classify lung cancer radiology reports for T-staging. The algorithm also used regular expressions 
and reported an accuracy of 0.87.(98)Bozkurt et al. used a hybrid NLP algorithm for automated extraction of 
measurements and their descriptors in radiology reports. The pipeline employed by them used a rule-based 
algorithm with a CRF model to extract measurements andRadLex lexicon for descriptors in CT & MRI 
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reports (96% accuracy).(99) Word embeddings like Sent2Vec and GloVe have been used for featuring 
unstructured text from radiology reports along with machine learning and deep learning algorithms (with 
recurrent neural networks and convolutional neural networks) to detect outcome mentions in radiology 
reports with promising results(81-89). 
Conclusion 
NLP will be useful in furthering and improving research in cancer and aiding in personalized medicine 
approaches. The recent NLP research suggests the increasing role of NLP in radiology report interpretation, 
radiology report generation, emergency alert generation, uncertainty detection, data extraction for clinical 
decision support systems, predictive modeling, and cohort generation for research. 
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Chapter 16: Medical 3D Printing: Regulatory and Quality Consensus 

Dr. Amrita Guha, Dr. Madhuri Waghmare 
 
In the early 1980s, Charles Hull invented 3D printing, which he called stereolithography[1]. Medical 3D 
printing, also known as rapid prototyping, comprises several manufacturing technologies that derive a 
physical model from digital information. The process is also known as additive manufacturing, which 
expanded widely in the 1990s in architecture and manufacturing[2,3]. In 3D printing, objects are fabricated by 
sequential addition of layers of materials such as ceramics, plastics, powders, metal, liquids, or even living 
cells.[3]3D printing differs from traditional subtractive manufacturing techniques in which parts of the 
material are subtracted or removed to generate the desired object [4].In a nutshell, the process of rapid 
prototyping starts with determining the target anatomical area, followed by processing the MRI/CT image 
for the development of the required three-dimensional configuration[2]. This configured data is optimized for 
the actual printing process and then fed to the selected 3D printer with the appropriate materials.[2] 

 
The steps involved in the process of rapid prototyping are shown below. 
 

 
Image Acquisition: [3] 
Successful 3Dprinting is highly dependent on the quality of imaging source data. The optimal image 
acquisition of routine clinical imaging is different from that for a 3D model. The clinician and radiologist's 
discussion are essential for optimal planning of imagacquisition, which mainly involves: 

• Selecting the anatomical target area 
• Image Optimization: Images obtained through CT, MRI, or 3D ultrasound should have optimum contrast to 

differentiated tissues, good spatial resolution, and in cases of CT, the slice thickness should be less than 1mm 

[3]. Measures should be taken to reduce the artifacts. 
• Defining the purpose of the model as an intraoperative guide, template, procedural planning model, 

implantable device 
 
Segmentation and Post Processing: 

• 3D printers support STL file formats, which stands for Standard Tessellation Language, and it is used to 
define the surfaces of the parts to be printed[3]. 

• STL format defines surfaces as a collection of triangles that fit together like a jigsaw puzzle. Region of 
interest is drawn around the target tissue on the DICOM images to segment it, followed by refinement of the 
segmented data.[3] 

• Special software is utilized for refinement. The final STL model is then tested for its accuracy by comparing 
it with the original images[4].  
3D printing and materials: 

Image Acquisition Segmentation Post Processing 3D Printing and 
Materials

Validation & Quality 
control of the print
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Various modalities are used for 3D printing, and these can be used synergistically and need not be mutually 
exclusive. Biomaterials can be either artificial or natural substances that are in contact with biological 
systems[5]. Depending on the chemical nature of the substances, they are divided mainly into four categories: 

 
 
The degradation rates, biocompatibility, and ease of printing are required to qualify as an ideal 3D printing 
biomaterial. The additively manufactured part's intended use is the single most determinant in selecting a 
particular biomaterial type [5]. For example, orthopedic implants require strength and longer biodegradation 
rates, while visceral ones need to have faster biodegradation rates[5].  
 
Modalities and methods used for 3D printing:[3,5] 

 

 
 
Fused Deposition Modeling (FDM): It consists of extrusion of a heated thermoplastic filament through a 
nozzle in a sequential method onto a surface to produce a printed object. FDM Printing is the least expensive 
and most common method. However, it is susceptible to artifacts such as mechanical failure or warping. 
Materials used: acrylonitrile butadiene styrene (ABS), poly-lactic acid (PLA), nylon 
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Stereolithography (SLA): SLA is selective curing of a photosensitive polymer liquid resin, layer by layer, 
using a laser beam. SLA printed materials and machines are more expensive than FDM but with smoother 
surface finishes. Materials used: photopolymers 
 
Selective Laser Sintering (SLS): SLS is similar to SLA; however, it utilizes powder residue to fuse particles 
instead of curing a liquid resin. In SLS, the printed powder bed will self-support during the manufacturing 
process. Materials used: nylon, polyamide. 
 
PolyJet: The functioning of PolyJet printing is similar to a traditional 2D Inkjet printer. Droplets of 
photosensitive material are cured by UV light, layer by layer. Unlike in FDM, SLA, and SLS, multiple 
nozzles allow for more versatile prints like various colors, textures, tensile strengths. Materials used: 
polypropylene, polystyrene, polycarbonate 
 
Applications of 3D printing in the medical field: [2,3] 
3D medical printing has revolutionized medicine by providing wide applications to improve and save patient 
lives. 
 

 
 
QUALITY ASSURANCE IN ADDITIVE MANUFACTURING [6,7,8,9]: 
 
One of the biggest concerns of 3D printing is ensuring the quality of the additively manufactured product 
[7,8]. The three pivots of quality assurance are: 
• Ensuring the quality of the product 
• Establishing control process 
• Reducing human error 
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A. Ensuring the quality: Defining the quality of the product mainly depends on the intended use. In general, 
quality is about a product's ability to maintain structural integrity while performing the desired task [7]. 
Quality exists in multiple dimensions, namely the product's geometry, its surface finish, and material 
properties. Thus, to certify the quality of the additively manufactured products, it is necessary to 
establish control of the build process and ensure uniformity among the three factors. 

 
B. Establishing a control process: This is done by developing a closed-loop quality control system that 

consists of build planning, build monitoring, and feedback control. 
 

I. Build Planning: Simulation is a preliminary step used to predict how a 3D printed object would work 
in a virtual environment. It helps design engineers analyze the complex processes involved in additive 
manufacturing.  Simulation provides insights into how a product will distort during the printing process 
and determine how the material will melt and solidify[8]. Ultimately, integration of simulation software 
at the design and planning stages aids in the elimination of trial-and-error while significantly reducing 
the chances of print failures.   

 
II. Build monitoring (Measures the build process in real-time)[7,8]:To gauge various aspects of the build, 

real-time sensors and cameras can be used. These can help in the documentation of the build process 
and ensure requirements are met. The engineers then use this datato predict the likelihood of defects 
occurring and intervene in the process well before the defects occur.  

 
III. Feedback control (Closed Loop System, which links build planning and build monitoring): Feedback 

control implies identifying deviations occurring during the printing process and automatically adjusting 
the system to compensate them.  

 
C. Reducing human error: Automation of the steps wherever human intervention is needed can decrease 

human error [8]. 
 

Regulatory aspects of medical 3D printing[10, 11] 
The additively manufactured products are regulated by the Food and Drug Administration (FDA), but not 
the 3D printers. The complete process of generation of 3D printed physical models has to be FDA approved. 

 

 
Limitations of 3D printing: 
 
The significant limitations of 3D printing include costs, time to generate models, and human effort. Most of 
the available 3D softwareprovides automatic segmentation; however, it only works when the region of 
interest is anatomically correct. In cases where the anatomy is complex or atypical, manual segmentation 
needs to be done, which consumes a lot of time and effort.The lack of diversity in biomaterials is another 
limitation of additive manufacturing[5]. 
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Chapter 17: Conversational Agents for Patient Assistance 

Dr. Nitin Shetty, Dr. Aashna Karbhari 

 
Ever since its advent, radiology has forayed technological development in the field of medicine and health 
care. The human-computer interaction is undergoing an enormous evolution, and in the field of medicine, 
radiologists are at the helm of it. So, it is only justified that they take this symbiotic relation with machines 
to the next level by applying ever-evolving technological innovations to healthcare services rather than 
limiting their spectrum to diagnoses alone. Traditionally, most health-related IT applications were 
programmed to support health care providers. (1) However, instead of being passive recipients, patients' role 
has now changed to be active consumers of health information, healthcare devices, and monitoring systems, 
which has created a demand for health IT applications appropriate not just for care providers but also 
patients(2,3). In keeping with how applications utilizing artificial intelligence are being increasingly used for 
assistance in diagnoses, an AI-driven virtual assistant can act as a bridge between medical staff and patients 
in healthcare services. (4,5,6,7,8,9) 

 
In terms of acceptability and adapting to a new interface, patients were already using GUI (Graphical user 
interface) on the existing hospital websites and portals in icons, menus, lists, and windows whose purpose 
was to make information accessible, understandable, and usable. Instead, now with the development of 
chatbots, information delivery can be personalized, tailored and the whole experience can be made 
frictionless. From initial counseling to leading users into the correct clinical care service line to scheduling 
appointments and providing self-help information, chatbots can make the process seamless. (10) 

 
A chatbot(chat robot) is software that allows communication between a human and a machine via texts or 
speech without a human operator's assistance. (11) A product of machine learning (computers learn by 
analyzing data and pattern recognition) and natural language processing (computer's proficiency to 
understand, analyze and eventually generate human language), chatbots employ natural language to produce 
human-like answers. They use decision trees that have been pre-programmed to provide precise answers to 
the questions and evolve with experience. More ad hoc questions are deflected or handed over to human 
operators. 
 
The potential of chatbots have already been verified in various fields, including education (12), information 
retrieval (13), business and e-commerce (14), and customer service (15). Chatbots are preferred by 84.6% of the 
interviewed people to get answers, second only to face-to-face interactions. (16) A review of 12 studies 
evaluating satisfaction with such an automated system reported high overall user satisfaction (17-22). A 
significant advantage for the users is the ease of use of chatbots as an instant messaging application. The 
availability and affordability of smartphones have ensured the success of chatbots as they can be accessed 
on-the-go.  
 
In the healthcare domain, chatbots are assumed to reduce physicians' workload and optimize diagnosis, 
treatment, and medication processes (1, 23, 24). However, their implementations can be diversified to aid the 
patients in information acquisition while providing a touch of human-like connection and improving timely, 
patient-centric healthcare dissemination (10). Chatbots are advantageous as they are non-time bound and can 
replace assistance service operators, who are not always available and hence do not have to go through the 
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rigmarole of long wait periods to get simple questions answered. Chatbots provide evidence-based answers 
to frequently asked questions and provide an opportunity for patients to learn about the next phase of their 
treatment, management, or procedure (10). 
 
Applications of Chatbots: 
Conversational agents aim to facilitate the interaction with users through conversation and request/response 
interaction. Chatbots have an enormous potential to optimize processes in healthcare and reduce physicians' 
workload. (2) The aim is not to substitute the caregiver but to adopt a coaching approach and support doctors' 
activity. A chatbot acts as a virtual coach interacting with the users, reminding them to do their tasks and 
report their results. They can be used by patients to set up appointments for all the pre-procedure workups 
and post-procedure follow-ups. Chatbots for self-diagnosis can act as the first point of contact for patients 
even before they go to a healthcare facility. The chatbot can ask patients about their symptoms, propose 
treatments and recommend further proceedings directly to the patient according to predefined scripts. (18,19, 

23) Utilization of a chatbot as support with the anamnesis will save considerable time when the patient has to 
personally meet the doctor. Chatbots ask specific questions to elicit the patients' medical history and update 
it in their medical records, accessed by the treating physician. (20, 25) From submitting samples to updating 
reports and alerting their respective doctors in case of any red flags, chatbots can be the much-needed one-
stop-shop for patients for hospital visits. 
 
In today's world of many options and a vast pool of available information and misinformation, a source of 
validated data to answer patients' queries has become a necessity than a luxury. The onus lies on the medical 
fraternity to relay accurate information to all patients without any lapse at either end. This can be ensured by 
implementing chatbots which will deliver information vetted by specialists and alleviate patients' anxieties 
and queries by providing evidence-based answers to all their questions. This will eliminate the chances of 
misinformation and at the same time allow patients access to a reliable proxy that can provide the necessary 
instructions at a time of their own choice, however many times they need it. 
Following are few examples where chatbots have been or being researched for their utility: 
1. To give interactive advice about the dosage of the prescribed medicine. Chatbots can help with the 

scheduling of the medication intake and deliver information about the ideal way and time of consuming 
a particular drug and preventing drug-drug interactions in case of multiple ongoing therapies. Already 
tested conversational agent "Pharmabot" was designed for the prescription and suggestion of medicine 
for children and a source for information about the medication for pediatric patients' parents. (26) 

2. To give relevant information about a treatment or a disease to a patient. Patients can avail all necessary 
information like necessary measures to take before and after any procedure, general information about 
the procedure, common adverse effects, complications and treatments, time duration between test and 
results, and even detailed explanation of results. (10) 

3. To prioritize patients in the emergency room and patient triage based on available vital patient 
information is a line of implementation still under exploration. (25) 

4. To assist in psychiatric treatments, conversational therapy, delivering an objective appraisal, or/and to 
identify harmful tendencies. (18, 27, 28, 29) 

5. To collect data and telemonitor various studies on health issues like hypertension (30), Type 2 diabetes 
(21, 31,32), obstructive sleep apnea(19), and pain.(33) 

 
Limitations of Chatbots: 
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1. No software is perfect, but given the extremely narrow margin of error in healthcare, the chatbot's wrong 
suggestions, either because of malfunctions or due to wrong inputs by the users, remain a grave danger 
in their widespread implementation. (34,35,36) 

2. Legally, a virtual system cannot replace a human being (shortly at the least) as a computer cannot be 
held liable for any unfortunate health incidents which may have occurred directly or indirectly due to 
information or misinformation by the chatbot. This lack of liability will make it difficult for patients to 
trust chatbots with their medical concerns. (37) 

3. Despite the possible benefits accruing from sharing personal health information with chatbots to help 
them perform better, there will always be concerns about the patients' personal information versus the 
need for personalization. (38,39) 

4. Chatbots are designed to follow a specific path (decision tree), and they rarely accommodate deviations 
away from a programmed script. If the user's conversation becomes too complex, a chatbot is likely to 
have problems in recognizing and understanding users' requests and not provide the right answers. (36,40,41) 

5. Initially, users could be reluctant to use chatbots if they are asked to provide particularly sensitive 
information. (42,43) 

6. Some patients might have difficulties comprehending the meaning of some data related to health because 
they might not have the required level of medical knowledge. (41, 44) 

7. A significant disadvantage of these systems is that they require extensive training datasets, resulting in 
their slow adoption in health applications. (44, 45) 

 
 
 
Conclusion: 

The resistance to change is a common dynamic that occurs when a new technology is introduced. However, 
most of the existing research on the topic supports that a  chatbot can positively impact perceived care 
quality, with specific improvements in patient's medical knowledge. Implementation of a chatbot on a larger 
scale could improve overall health care knowledge, value, patient outcomes, and quality of life. Despite its 
enormous potential to benefit health across a broad range of application domains, conversational agents' 
efficacy and safety remain limited and need to be carefully monitored. 
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Chapter 18: Medical Image processing in Oncology: Radiomics to Deep learning 

Dr. Abhishek Mahajan 
 

Introduction : 
 

Medical imaging can provide more information about the tumor phenotype beyond volumetric measurements 
and a process called "Image-based Phenotyping." Medical imaging is intuitively very suitable as a biomarker 
source to visualize tumor phenotype and predict treatment response. It can visualize and quantify the time 
series of disease processes in a non-invasive way in individual patients. The characterization of quantitative 
imaging features which reflect tumor biology, physiology, and tumor phenotype is increasingly being 
explored. Radiomics refers to the automatic extraction of data from radiologic images rapidly and accurately 
using machine learning algorithms. Radiomicsis a niche area under medical image processing which is the 
study of these quantitative features and their correlation with tumor phenotypes[1-3]. The quantitative features 
analyzed express sub-visual characteristics of images that correlate with the pathogenesis of diseases. These 
features are broadly classified into four categories: intensity, structure, texture/gradient, and wavelet, based 
on the types of image attributes they capture.  
 
The feature engineering-based radiomic method relies on precise tumor boundary annotation, which requires 
human labeling efforts [4, 5]. Since radiomic features are computed only inside the tumor area, the 
microenvironment and tumor-attached tissues are ignored. In contrast, advanced artificial intelligence 
models can overcome these problems through a self-learning strategy such as deep learning methods [6-10]. 
Compared with feature engineering-based radiomic methods, deep learning-based radiomics do not require 
precise tumor boundary annotation and automatically learn features from image data. Furthermore, deep 
learning-based radiomics can extract features that are adaptive to specific clinical outcomes, while feature 
engineering-based radiomics can only describe general features that may lack specificity for outcome 
prediction [11-13]. The deep learning model can discover suspicious tumor sub-regions strongly related to 
mutation status, aiming to rapidly facilitate clinicians' treatment decision-making for patients. 
 
Radiomics : 
Traditional imaging modalities like CT, MRI, and PET help in the semi-quantitative interpretation of tumors' 
two-dimensional anatomical and morphological features. However, they are incapable of predicting tumor 
heterogeneity. Radiomics was developed and encouraged to decode the intrinsic tumoral heterogeneity, 
genetic characteristics, and other phenotypic features of a lesion that could better manage management.  
 
Radiomics involves the extraction of sub-visual, yet quantitative, image features with the intent of creating 
mineable databases from radiological images (figure 1). The concept of radiomics was proposed by a Dutch 
researcher, Lambin P, in 2012 [4]. Recent times have shown increasing interest in the use of radiomics in 
cancer imaging with the intent of screening with maximum sensitivity and specificity and the added benefit 
of reducing the time burden on radiologists[14-17]. Radiomic has also evolved to predict prognosis, respond to 
specific therapies, and identify genomic alterations in the DNA, the latter being a part of a subgroup called 
'Radiogenomics'[18-21]. This interdisciplinary framework is a network of radiologists, medical experts, 
mathematicians, and computer scientists. 
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Figure 1  Steps involved in Radiomics 

 
Following are the critical implementation steps involved in Radiomics with examples from its application 

in lung cancers (figure 1): - 
 
Image acquisition: The raw DICOM data should be stripped of identification headers and assigned a de-
identified number. Images are acquired using protocols requiring optimal image parameters in terms of pixel 
or matrix size, slice thickness, washout period in PET images, patient position, and image variations 
introduced by different reconstruction algorithms. The accepted evaluation criteria for CT phantom are slice 
thickness, HU, a region of uniform medium to examine HU changes, variations with electron density, and 
low to high contrast detectability. 

 
Segmentation: The images are then segmented into Volumes of Interest (VOIs) such as a tumor, normal 
tissue, and other anatomical structure. E.g., automatic segmentation of the lungs into right and left lung→ 
lobes→segments with accurate limitation of the lung boundaries without extending into the mediastinum or 
chest wall.The segmentation is essential for identifying the structure and textural patterns a nodule as 
opposed to the background lung parenchyma and peri-nodular space.  

 

There are both automated and semi-automated segmentation tools. Robust segmentation, preferably 
automated, is advantageous for ranking features based on their spatial reproducibility/stability. Automated 
tools usually work well for relatively homogeneous lesions, but user correction is required for 
inhomogeneous lesions. E.g.,Tumors present as homogeneous high-intensity lesions on the background of 
low-intensity lung parenchyma and can be accurately automatically segmented. However, for nodules 
abutting pleural surface or vessels, partially solid nodules, or ground-glass opacities, a semi-automated 
segmentation tool is preferred. Specifically, in the biomedical imaging domain, U-Netsare popularly used 
and have shown excellent results in various segmentation tasks (figure 2). 
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Figure 2 U-Net for Biomedical Image Segmentation 
 
 

 

 



Radiology Beyond Imaging 

 

                                                                                                                                                    Page 126 of 137 
 

Figure3shows the tumor segmentation done manually in all three planes using multiplanar 
reconstruction to extract radiomics features. 

 
Feature extraction: 

Once a tumor is identified in segmentation, the tumor's characteristic features can be extracted. As opposed 
to radiomics, semantics refers to the features observed and directly described by the radiologists, e.g., 
ground-glass opacities, pleural effusion, peri-lesional emphysema, pulmonary thromboembolism, location 
of the nodule, etc. Semantic features are added in the review of the features to be extracted, which adds to 
the completeness of the process. 

 

Feature extraction comprises the following: 

 

• Tumor intensity histogram: This reduces the 3D data of a tumor volume into a single histogram, e.g., HU 
for a CT scan or SUV for an FDG-PET scan. From this, a threshold value can be calculated, e.g., metabolic 
value above SUV of 5 or the high-density tissue fraction in a CT. These threshold values help develop 
classifier models with which an optimum threshold can be identified using ROC analyses. So, the system is 
sharpened more and more to detect areas of interest. 
 

• Shape-based features: These describe the tumor's shape using quantitative features like total volume, surface 
area, margins (spiculated / round), the surface to volume, and tumor compactness. For example, the larger 
surface-area-to-volume ratio indicates a more speculated tumor known to have more malignant potential than 
the round mass with a smaller ratio. Volume estimation is a better treatment response evaluator than the 
conventional methods. 
 

• Texture-based features: Texture-based features study the lesion's heterogeneity and have been shown to the 
features most closely related to lung cancer outcomes. Gray Level Co-occurrence Matrix features (GLCM) 
can be used for the classification of textures. A matrix is selected in the structure of interest, which covers 
the connected directions of neighboring voxels in a 3D space. GLCM utilizes the distance, value, and angle 
of a combination of gray levels in an image. The density function features are extracted, e.g., contrast, 
correlation, cluster prominence, cluster shade, cluster tendency, dissimilarity, energy, homogeneity, sum 
entropy, difference entropy, gray level run features. 
 

• Wavelet features: Wavelets are filter transforms determined from a matrix of complex radial or linear 'waves' 
multiplied by the original image. Wavelet features enable identifying image attributes in response to different 
spatial frequencies and can be used to extract increasingly coarse texture patterns. Gabor wavelets are often 
used for lung nodule detection and work by capturing a global response to the region of interest's scale and 
orientation. 
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• Feature Qualification: If the number of extracted features is higher than the number of samples in the study, 
overfitting can occur. Hence, task-specific features should be used should be selected for best performance. 
The extracted features should be informative, reproducible, and have low redundancy. Semantic features are 
also used to build classifiers as these features are not affected by noise or image acquisition parameters. 
 

• Analysis and Model building: In order to avoid redundant extracted features, appropriate endpoints should 
be identified. All selected features considered reproducible, informative, and non-redundant are then used 
for association analysis. A model that predicts an outcome or response variable based on the chosen subset 
of top features that correlate with the outcome specified by the hypotheses is built by a supervised 
multivariate analysis. The predictability and reproducibility of the model should be tested before applying it 
in a clinical setting. The best way to asses' clinical implication of a model is its application to prospectively 
collected cohorts. To help solve the issue of sharing databases (used as validation sets) between institutions, 
publicly available databases such as The Cancer Genome Atlas (TCGA) can be used for hypothesis 
generation and internal cross-validation. This database contains multi-dimensional genomic data and clinical 
annotations of more than 30 types of cancers. 
 
There are three fundamental limitations of the existing radiomics sequencing methods that are encountered. 
First, image segmentation usually relies on manual delineation. This process is time-consuming and subject 
to inter- or intra-segmentation variation. Second, despite the segmentation of images being accurate, no 
standard method for image feature extraction is available. Analyzing different image features will produce 
specific results. Errors due to miscalculation are encountered as it is challenging to verify image features' 
accuracy and reproducibility. Lastly, current radiomics methods often characterize medical images using 
several imaging features, including intensity, shape, texture, and wavelets. Though such imaging features 
can be calculated, all these segmented areas' imaging characteristics cannot be included in the predesigned 
features. To obviate the pitfalls of radiomics methods, a more advanced method called Deep Learning-based 
Radiomics (DLR) was developed. 
 
AI, Machine learning, and Deep Learning 
 

Artificial intelligence (AI) was first coined in 1956 in Dartmouth, organized by Marvin Minsky, John 
McCarthy, and two other senior scientists. It triggered a new era of discovery and unrestrained conquests of 
new knowledge and has rapidly evolved in many fields, including the medical field [22-23]. AI offers a new 
and promising set of methods for analyzing image data and, radiologists are likely to play a leading role in 
the medical applications of AI[23-24]. 
 
Artificial Intelligence is the science of the development of robots, machines, systems, or products with the 
ability to perform those tasks that would typically require human intelligence in the form of visual perception, 
speech recognition, language translations, and decision making. Medical imaging is evolving fast from being 
a diagnostic tool to being a central component of personalized medicine[25].AI is a mammoth concept that 
encompasses intricate processes involving hypotheses generation, data analysis, hypotheses testing, and 
program generation in the form of Machine Learning, Neural networking, and Deep Learning[26]. A 
simplified illustration of components of AI has been shown in figure 3[26-27].A simplified illustration of the 
machine learning process has been depicted in figure 4. 
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Artificial intelligence (AI) has recently made substantial strides in perception (the interpretation of sensory 
information), allowing machines to better represent and interpret complex data. Deep learning is a subset of 
machine learning based on a neural network structure inspired by the human brain. These neural networks 
learn discriminative features from data automatically, giving them the ability to approximate a very complex 
nonlinear relationship [28].  
 
 
 
 
 
 

 
 

Figure 3: Simplified illustration of components of AI 
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Figure 4: Simplified illustration of the machine learning process. 

 
 
Artificial intelligence methods in medical imaging[27-34] 

 
Machine Learning: 
Machine learning is designing algorithms that allow a computer to learn. Learning does not necessarily 
involve consciousness, but learning is a matter of finding statistical regularities or other patterns in the 
data[27]. In machine learning, data is provided to the machine to 'learn something without being explicitly 
programmed to do it. Traditional programming involves feeding data and programs into the computer to 
generate output, while in machine learning, data and output are run on the computer to create a program.  
 
Types of Machine Learning [27, 28] 

 
Supervised Learning – The system is first trained with structured training data to generate a logic based on 
which new data can be analyzed to predict an output (Figure6). Example: Classification and regression. 
 

 
 

Figure 7: Supervised learning model. 
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Unsupervised Learning – Here, the training data is unstructured (does not contain desired outputs), and the 
system must understand patterns by itself (Figure 7) Example: Clustering and regression. 
 
 

 
 
 

Figure 7: Unsupervised learning model. 
 

Reinforcement Learning – The system finds the best possible behavior or path that it should take in a 
unique situation to maximize reward in that specific situation (Figure 8). The training data has no answer, 
but the reinforcement agent decides what to do to perform a given task. 
 

 
 
 

Figure 8: Reinforcement learning model. 
 

Deep learning: 
 
It is a model based on artificial neural networks, especially the Convolutional Neural Network (CNN), in 
which each level learns to convert input data it receives into a composite and slightly more abstract 
representation[28, 33]. Deep learning algorithms are based on artificial neural networks. A CNN is a 
subcategory of artificial neural networks, which is the basis for some of the most influential innovations in 
the field of computer vision [33, 34]. CNN algorithms are a subclass in the hierarchic terminology that includes 
artificial intelligence (AI), machine learning, and deep learning, as shown in Figure 9 [33, 34].It is named so 
because of the functional similarity with the human brain's neural network. Like the human brain, the neural 
network takes input signals, has an activation threshold, summates inputs, and generates output signals. In 
the feedback type of neural networks, computations from earlier inputs can be fed back into the network, 
giving the network memory. Corrections can be fed back to the various output layers to reduce the overall 
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output error. However, like the neurons of the brain, the neural networks also suffer from poor performance.  
 
Causes of the poor performance of simple neural network: 
 
Overfitting: This problem arises from the structure of the machine learning task. A learning algorithm is 
trained on a set of training data, but then it is applied to make predictions on new data points[35]. The goal is 
to maximize its predictive accuracy on the new data points, not necessarily its accuracy on the training 
data[35]. If we work too hard to find the very best for the training data, there is a risk that we will fill fit the 
noise in the data by memorizing various peculiarities of the training data rather than finding a general 
predictive rule. This phenomenon is usually called overfitting, which can be avoided by under computing[36]. 
 
Underfitting: Under fitting is the opposite of over-fitting and occurs when the model is incapable of 
capturing the data's variability. A machine learning model's accuracy decreases when there are fewer data to 
feed upon [36].  
 
 

 
 
 
 

Figure 9 shows a Venn diagram representation of convolutional neural networks in the artificial 
intelligence hierarchic terminology(68). 
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Chapter 19: Use of Technology in Radiation Protection 

Dr. Vasundhara Patil 
 
The new emerging technology holds the promise to play an important role in radiation protection in 
diagnostic and interventional radiology. Following are some of the vital contributions to this area are 
mentioned below [1].  
 
Use of AI in CT dose optimization 
 
AI contributes to CT dose optimization and aims to achieve accurate diagnosis with the lowest possible 
radiation dose based on ALARA principles. AI-based techniques optimize the CT radiation dose in the CT 
examination's multiple steps, from procurement of images to the final display of images. 
 
1. Patients positioning: The automatic exposure control (AEC) optimizes the CT dose based on proper 
positioning of the patient. An AI algorithm based on body surface detection analyses the image of the patient 
obtained by an infrared 3D camera and automatically adjusts the table height to position region of interest at 
the center. There is a significant reduction in the error of positioning with automatic individualized AI-based 
positioning algorithm as compared to manual positioning [2, 3].  
 
2. Scan positioning: AI algorithms accurately determine the selected protocol's scan range based on 
recognizing specific human anatomy from the localizer. It is more accurate and optimal than the manual 
selection of the scan range by the operator and avoids overshooting the scanned area, and optimizes the dose. 
 
3. Parameter Selection: Automatic exposure control (AEC) selects various parameters to optimize the CT 
examination based on simple machine learning (CT dose reduction). An AI algorithm is developed to predict 
the contrast enhancement curve in the vessels and forms the basis for scan acquisition time after contrast 
injection to optimize the contrast enhancement [4]. It provides better uniformity of contrast enhancement and 
decreases in the dose of iodinated contrast media and injection rate. 
 
4. Image reconstruction: AI uses deep learning based on a convolutional neural network (CNN) to 
reconstruct the image and reduce noise, known as denoising. AI algorithms recognize noise and subtract 
them from acquired images to improve the image quality. It can thus also reconstruct the image from a 
relatively low dose CT scan and reduce metal artifacts [5]. AI generates high-quality reconstruction at great 
speed. 
 
5. Real-Time Monitoring of Patient Dose with Dose Management Software: Dose monitoring software 
has developed in CT to address radiation protection and increase awareness. Dose check software estimates 
the radiation exposure during the procedure with the AEC's parameters and intimates the technologist if the 
radiation dose is likely to exceed the threshold. The dose management software is linked to the scanner and 
records and reports the radiation dose details after completing the procedure and notifying if the threshold 
exceeds. It also provides a comparative report with the dose of other patients. The dose management software 
also provides information on patients centering, repeat examination due to artifacts, and previous 
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examination exposure history. It records information from various imaging modalities the patient undergoes 
[6] [7]. 
 
Reducing the radiation output in intervention radiology 
AI-enabled fluoroscopy system recognizes the catheters, guidewires, and contrast. It can also recognize the 
relatively small area of interest during the generated images and sub-select these areas through ultrafast 
collimation. AI-enabled fluoroscopy significantly reduced the patient’s radiation dose and scatter radiation 
to health personnel [8].  
 
Advances in dosimetry 
Recent technological advancements have increased the role of interventional radiology in health care. 
However, there is an increase in the risk of radiation exposure to the operator. Inhomogeneous scatter 
radiation field increases the currently used physical dosimeter's uncertainty to measure dose delivered to 
different parts of the body [9]. Technology advances have led to Active Personal Dosimeters (APD) 
development that provides real-time feedback on medical staff's exposure during an intervention technology. 
 
PODIUM project (Personal Online DosImetry Using Computational Methods), a funded research project by 
the "CONCERT-European Joint Programme for the Integration of Radiation Protection Research," 
developed a tool to calculate the radiation doses in real-time [10]. 
 
The effective dose calculation uses technologies like a three-dimensional flexible computational human 
phantom, a motion tracking system, scanning the geometry set up, and Monte-Carlo simulations of radiation 
transport [11]. The results are promising and will eliminate physical dosimeter and be more effective in 
workplaces with inhomogeneous scatter radiation. 
 
 
Conclusion: 
 
Modern technology and artificial intelligence reduce radiation exposure and increase the awareness of 
radiation protection and holds a promise for the future to provide further benefit.  
 
 
 
 
 
 
 
 
 
 
 
 
 



Radiology Beyond Imaging 

 

                                                                                                                                                    Page 137 of 137 
 

References: 
 

1.  McCollough, C. H., &Leng, S. (2020). Use of artificial intelligence in computed tomography dose 
optimization. Annals of the ICRP, 014664532094082. doi:10.1177/0146645320940827  

2. Saltybaeva N, Schmidt B, Wimmer A, Flohr T, Alkadhi H. Precise and Automatic Patient Positioning in 
Computed Tomography: Avatar Modeling of the Patient Surface Using a 3-Dimensional Camera. Invest 
Radiol. 2018 Nov;53(11):641-646.  

3. Booij R, van Straten M, Wimmer A, Budde RPJ. Automated patient positioning in CT using a 3D camera 
for body contour detection: accuracy in pediatric patients. Eur Radiol. 2021 Jan;31(1):131-138. 

4. Vasconcelos R, Vrtiska TJ, Foley TA, Macedo TA, Cardona JC, Williamson EE, McCollough CH, 
Fletcher JG. Reducing Iodine Contrast Volume in CT Angiography of the Abdominal Aorta Using 
Integrated Tube Potential Selection and Weight-Based Method Without Compromising Image Quality. 
AJR Am J Roentgenol. 2017 Mar;208(3):552-563.  

5. Wolterink JM, Leiner T, Viergever MA, Isgum I. Generative Adversarial Networks for Noise Reduction 
in Low-Dose CT. IEEE Trans Med Imaging. 2017 Dec;36(12):2536-2545. 

6. Duong PA, Little BP. Dose tracking and dose auditing in a comprehensive computed tomography dose-
reduction program. Semin Ultrasound CT MR. 2014 Aug;35(4):322-30. 

7. Heilmaier C, Zuber N, Bruijns B, Weishaupt D. Does Real-Time Monitoring of Patient Dose With Dose 
Management Software Increase CT Technologists' Radiation Awareness? AJR Am J Roentgenol. 2016 
May;206(5):1049-55.  

8. Bang JY, Hough M, Hawes RH, Varadarajulu S. Use of Artificial Intelligence to Reduce Radiation 
Exposure at Fluoroscopy-Guided Endoscopic Procedures. Am J Gastroenterol. 2020 Apr;115(4):555-
561. 

9. Varghese B, Kandanga I, Puthussery P, Vijayan D, Babu SPH, Aneesh MK, Noufal M, Binu EV, Babu 
AC, James SM, Kumar S. Radiation dose metrics in multidetector computed tomography examinations: 
A multicentre retrospective study from seven tertiary care hospitals in Kerala, South India. Indian J 
Radiol Imaging. 2018 Apr-Jun;28(2):250-257. 

10. https://podium-concerth2020.eu/ 
11. Abdelrahman, M., Lombardo, P., Vanhavere, F., Seret, A., Phillips, C., & Covens, P. (2020). First steps 

towards online personal dosimetry using computational methods in interventional radiology: Operator's 
position tracking and simulation input generation. Radiation Physics and Chemistry, 171, 108702. 
 

 
 
 
 
 
 

 




	Cover-Page-05
	MASTER EBM_FINAL_MRG - RADIOLOGY
	References:
	Conclusion
	References :

	References:
	Figure 4: Surface-based rendering of the top twenty morphological measures that distinguish epilepsy patients with MTS from epilepsy patients without MTS in the ipsilateral SVM-RFE analysis. The colors represent different types of cortical morphologic...
	Conclusion
	References:
	Conclusion:
	References:
	Conclusion:
	References:
	References:
	Conclusion
	References:
	Conclusion:
	References:
	Conclusion:
	References:
	Conclusion:
	References:
	References:
	Introduction
	Autonomy
	Beneficence, non-maleficence
	Justice
	Explicability (Transparency and Accountability)
	Research ethics for AI


	Conclusion
	References:
	References:
	Conclusion
	References:
	References:
	Conclusion:
	References:
	Introduction :
	Radiomics :
	Image acquisition: The raw DICOM data should be stripped of identification headers and assigned a de-identified number. Images are acquired using protocols requiring optimal image parameters in terms of pixel or matrix size, slice thickness, washout p...
	Segmentation: The images are then segmented into Volumes of Interest (VOIs) such as a tumor, normal tissue, and other anatomical structure. E.g., automatic segmentation of the lungs into right and left lung→ lobes→segments with accurate limitation of ...
	Feature extraction:
	Once a tumor is identified in segmentation, the tumor's characteristic features can be extracted. As opposed to radiomics, semantics refers to the features observed and directly described by the radiologists, e.g., ground-glass opacities, pleural effu...
	Feature extraction comprises the following:
	 Tumor intensity histogram: This reduces the 3D data of a tumor volume into a single histogram, e.g., HU for a CT scan or SUV for an FDG-PET scan. From this, a threshold value can be calculated, e.g., metabolic value above SUV of 5 or the high-densit...
	 Shape-based features: These describe the tumor's shape using quantitative features like total volume, surface area, margins (spiculated / round), the surface to volume, and tumor compactness. For example, the larger surface-area-to-volume ratio indi...
	 Texture-based features: Texture-based features study the lesion's heterogeneity and have been shown to the features most closely related to lung cancer outcomes. Gray Level Co-occurrence Matrix features (GLCM) can be used for the classification of t...
	 Wavelet features: Wavelets are filter transforms determined from a matrix of complex radial or linear 'waves' multiplied by the original image. Wavelet features enable identifying image attributes in response to different spatial frequencies and can...

	 Feature Qualification: If the number of extracted features is higher than the number of samples in the study, overfitting can occur. Hence, task-specific features should be used should be selected for best performance. The extracted features should ...
	 Analysis and Model building: In order to avoid redundant extracted features, appropriate endpoints should be identified. All selected features considered reproducible, informative, and non-redundant are then used for association analysis. A model th...

	AI, Machine learning, and Deep Learning

	References:
	Conclusion:
	References:

	Back Cover

