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Radiomics & Radiology: A Critical Step towards Integrated Healthcare
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Abstract
Radiomics have shown great promise for integrated healthcare. Radiomics is defined as high-performance retrieval of significant volumes of
characteristics from images and conversion of images to higher-dimensional data and subsequently mining for improved support for therapeutic
judgements. It has its roots within Computer-Aided Detection (CAD)or Computer-Aided Diagnosis (CADx); it is unique in many aspects. It
does not just detect and diagnose but also ventures into therapeutic, prediction, projection and modelling that can be used to generalize and
reproduced. It has great potential in creating a paradigm shift in the way healthcare is delivered and perceived. We will review and outline the
stage of radiomics& its SWOT analysis, exclusively addressing application in medical imaging and spotlighting the technical issues.
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Introduction

Medicine is moving from being a reactive discipline to a
proactive discipline. We don’t just aim to treat diseases
now, but we also predict the factors associated with health
and disease, promote health, prevent diseases and control
their spread. The data-driven, evidence-based solutions form
the backbone of today’s health care revolution. We are
moving away from empirical practices towards genetic and
personalized medicine. Information Technology (IT) has
galvanized the way the patients interact with the health care
providers and the health care systems. Today’s healthcare
systems are complex with multiple players, and achieving
health is a multi-stakeholder endeavour. We are moving
away from isolated and unidimensional care to holistic and
integrated health care.

Advances in information technology (IT) and computational
sciences have given medicine tools to predict, project, and
model both physiological and pathological states. Innovations
around of using imaging data to predicting actions started in
the 1960s. Its systematic application in medicine began in
the 1980s. Computer-aided detection and diagnosis (CAD)
methods paved the way in this direction for the development
of future tools.

While Radiomics has its roots in CAD, it is unique in many
aspects. The numeral imaging features that are involved in
many folds more significant than that required in CAD. The
scope of radiomics is far more extensive than CAD as it does
not just detect and diagnose but also ventures into therapeutic,
prediction, projection and modelling that can be used to
generalize and reproduced. It is a process than a standalone
system and helps in both hypothesis generation and testing. It
has the capability to act as a biomarker that would contribute
towards early detection of ailments.

Radiomics is defined as high-performance retrieval of sig-
nificant volumes of characteristics from images and conver-
sion of images to higher-dimensional data and subsequently
mining for improved support for therapeutic judgement. [1,2]
Radiomics is applicable to many biomedical areas though the
majority of its application till now is in oncology.

Data from numerous imaging approaches like USG, CT,
MRI, PET-CT can be used in the extraction of data for
radiomics. Avanzo et al. [3] found that the commonly used
imaging modality in radiomics studies is CT. [3] The general
lexicon used in radiology is qualitative. The invention of CT
& MRI made the image-based quantitation model feasible
from a strictly qualitative view. It exploited the advances
in information and technology (IT) and information in the
images that reflect the underlying physiology and pathology
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to look beyond what is visible and assists radiologists in
arriving at conclusions that are not feasible with an anatomical
description alone.

The full collection of imaging features acquired for a
patient from the available radiological investigations is called
the “radiome”. [2] A set of properties that carry prognostic
and/or predictive importance are sometimes referred to as a
“radiomic signature”. Radiomics is based on the hypothesis
that quantitative examination of tumours across a wide range
of imaging features may provide useful diagnostic, prognostic
or predictive information Radiomic signatures, [4] alone or
with other patient-specified data, may be employed to enhance
diagnosis, prediction of treatment response and prognosis.

The Radiomics Framework
The operation of radiomics consists of the following steps.

1. Acquisition & Restoration of image

2. Segmentation and interpretation of tumour

3. Extraction of features

4. Predictive modelling

5. Model Validation

Acquisition &Restoration of Image
Radiomics applies to various images. This provides a large
pool of images that can be acquired for radiomic analysis.
Increased digitalization of healthcare, the introduction of
electronic medical records and the establishment of Hospital
Management and Information Systems (HMIS) makes the
process more ease. The advent of big data and the evolution
of computational methods and statistical methods allow the
integration of multiple data sources.

The basic principle in any predictive model is to acquire as
much as available data at the front and then use it to recognize
the characteristics with the maximum predictive scope. The
same is used in radiomics. While as small as hundreds of
images can be used to mine the data, availability of large data
sets would make the model more valid and comprehensive.

There are some Challenges that can hamper this step. Medical
images are acquired in general with the objective of diagnosis
and to augmenting the distinction between healthy and
pathological tissues. Various hospitals and diagnostic centres
are not having uniformity in protocols for image acquisition
and are using different parameters for image reconstruction. It
could significantly affect the image quality.

Segmentation and Interpretation ofTumour
Segmentation is a crucial step where the acquired image is
segmented to obtain Regions of interest (ROI). The subsequent

extraction of features is dependent on the segmentation. Most
cruciate and challenging part because many structures like
tumour having indistinct borders and also there may be
manual contouring variation between operators. In order to
account for intra and inter-rater differences, it is essential
to assess the reliability of the image characteristics and
their effect on further analysis by manipulating the tumour
contours or using multiple demarcations. Instead, tumours
can be more accurately contoured using semi-automated
segmentation algorithms where there is minimal human
interference required.

In one of the studies, Kumar et al. noted that automatic seg-
mentations frequently ended in failure using rule-based meth-
ods in these situations, as demonstrated by extending the lung
borders into the mediastinum or the heart. Furthermore, partly
solid ground-glass opacities (GGOs), nodules adjacent to ves-
sels and nodules adjacent to pleural walls are hard to segment
automatically and exhibit low reproducibility, especially for
Stage III & Stage IV disorders. [4]

FeatureExtraction

The two types of radiomic characteristics that can be derived
from the images are semantic and agnostic. Semantic aspects
are focused on an established radiology terminology to charac-
terize tumours qualitatively; but at the other end, agnostic char-
acteristics are numerical measures with predetermined math-
ematical equations. Test-retest data are also immensely bene-
ficial where available because they can better predict features
based on their reproducibility.

PredictiveModelling

After the characteristics are obtained, artificial intelligence
or statistical algorithms may be used to check for patterns
that correlate with specific clinical endpoints or biologi-
cal/genomic traits. Image features that relate with a condi-
tion can be preferentially selected. Besides building predic-
tive models with supervised algorithms, exploratory unsu-
pervised algorithms can also be used to discover newer fea-
tures. The unsupervised algorithms provide summary infor-
mation than the intermediate steps. Radiomics data may con-
tain statistics of the first, second and higher levels. Such data
are coupled with other data specific to patients such as back-
grounds, ethnicity, physiological, serum markers, molecular
clinical or genetic data to obtain predictive, diagnostic or prog-
nostic models more accurate. Model consistency depends not
only on the acquired images but also on other coexisting and
associated variables.
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ModelValidation
Once the algorithms or models are prepared, validating, it
is vital for generalize ability and for prototyping. It should
preferably be authenticated on independent multiple external
cohorts. It would be synergistic to assess the correlation
between the proposed radiomics signatures with the existing
clinical &pathological factors.

Review of the Existing Literature in Radionics

Several radiomic studies have discovered new imaging
signatures that had showed improved diagnostic, prognostic
and predictive accuracies than the existing methods. [5]

Aert et al. proposed that radiomic characteristics would
be used to evaluate the optimal survival of radiotherapy-
treated patients with pulmonary cancer. To describe the scale,
shape and texture of the tumour, more than 400 quantitative
properties were derived from CT images. They developed a
radiomic characteristic that obtained intratumor heterogeneity
based on these particular parameters and characteristics, which
was seen as being of predictive significance in many external
validation cohorts, including one head-and-neck cohort. [6]

Similarly, radiomics research has been used to examine the
association of MRI characteristics with patient outcomes
in glioblastoma. [7] Wu and others. Studied the quantitative
radiomic attributes of FDG-PET and CT for metastatic cancer
estimation in early-stage non-small cell lung cancer ( NSCLC)
following stereotactic ablative radiotherapy (SABR). [8] Cui
et al. perform a review to classify FDG-PET radiomic char-
acteristics to predict survival levels in 139 advanced pancre-
atic cancer patients treated with SABR. [9] Van Rossum and
others. Investigated if the quantitative assessment of baseline
and post-treatment FDG-PET will provide a better predictor of
pre-surgical chemoradiotherapy response in oesophageal can-
cer compared with general patient characteristics. [10] El Naqa
and others studied and combined FDG-PET / CT radiomics
with medical expertise to assess the risk of recurrence and
metastatic cancer of the head and neck. [11] Fehr D employed
radiomics technology to identify prostate cancer from healthy
prostate tissue and to estimate chances of malignancy. [12]
Coroller et al utilized radiomics to determine the response
to treatment of lung cancer patients and patients with multi-
form glioblastoma. [13] Wibmer et al. examined 147 men with
prostate cancer and reported that examination of the texture
in Haralick would degrade cancer cells and healthy tissue in
the prostate. [14] Grove et al. employed radiomics to classify
robust prognostic markers in early-stage lung cancer patients.
They have also shown a way of delineating healthy tissues
inside lesions. [15] In patients who underwent gene expres-
sion screening for glioma, Gevaert et al. reported a small
number of semanthropic and agnostic properties. [16] Segal et

al. contrasted semantine radiologist- identified features from
contrast-enhanced CT images in hepatocellular carcinoma
patients to recognize patterns of gene expression by using
neural network machine learning. [17] Diehn et al. contrasted
image characteristics derived from MR images for predict-
ing patterns of global gene expression in patients with multi-
form glioblastoma. [18] Kuo et al. identified phenotypes for the
imaging of hepatocellular carcinoma that correlated with an
expression system for the drug response gene doxorubicin. [19]
In 49 patients with prostate cancer, Vignati et al. carried out
a detailed prospective radiomic study of diffusion- and T2-
weighted MR imaging tests. [20]

Radiomics is also used in clinical treatment as proposed
by Teruel et al. In women who sought treatment for breast
cancer, it was recommended that texture analysis of dynamic
contrast-enhanced MR imaging could help assess the effects
to neoadjuvant chemotherapy prior to initiation. [21]

Radiomics is used to determine the need for more Investiga-
tions as proposed by Klaeser et al., They showed that PET /
CT-guided biopsies had a significant clinical effect in patients
who otherwise could not be accurately categorized based on
traditional assessment. [22] Tatli et al., also performed PET
/ CT-guided abdominal biopsies using previous PET / CT
images obtained with intra-procedural CT scans, to see is
the feasibility of using fluorine 18 fluorodeoxyglucose-avid
masses that are not properly shownwith non-enhanced CT. [23]

Strengths of Radiomics in achieving Integrated Healthcare

• The data required for the radiomics input are taken from the
usual standard of care images, and no uniquemethods of image
creation are necessary. With the digitization of healthcare, it is
easier to obtain data on health.

• It brings all the levels of healthcare under one umbrella
including the promotion of health, prevention of disease, early
detection, cure and care and rehabilitation.

• Radiomics can be defined for both populations and
individuals and can be used strategically in both.

• As a biomarker, it would synergize the efficacy of drug
development and creating newmodels for clinical trials. These
would fast track the availability of diagnostic and therapeutic
devices to the patients.

• It has the potential to integrate all dimensions of health,
including the physical, mental, emotional, and biological with
improved algorithms and would pave the way for holistic
health.

• The increases use of radiomics makes the patient care more
objective, systematic and personalized.
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Table 1: Studies using Radiomics and their Details
Sl. No First Author Image Modality Organ/Pathology Outcome
1. Aerts CT Lung Cancer

&Glioblastoma Multi-
forme

Survival, Gene Expres-
sion

2. Coroller CT Lung Adenocarcinoma Distant Metastasis
3. Coroller CT NSCLC Pathological Response

to neoadjuvant
Chemoradiation

4. Cui FDG-PET Pancreatic Patients
treated with SABR

Survival

5. Diehn MRI Glioblastoma Multi-
form

Global Gene Expres-
sion Pattern

6. El Naqa FGD-PET Head & Neck Cancer Loco regional Recur-
rence& Metastases

7. Fehr D MRI Prostate Differentiate Benign
from Malignant

8. Gevaert MRI Glioblastoma multi-
forme

Gene Expression Pro-
filing

9. Grossmann MRI Glioblastoma Survival and Prognosis
10. Grove CT Early stage Lung Can-

cer
Prognosis Indicators

11. Klaeser PET/CT Bone Lesions Image guidance Biop-
sies

12. Kuo CECT Hepatocellular Carci-
noma

Drug Response gene
expression program

13. Segal CECT Hepatocellular Carci-
noma

Gene Expression Pat-
terns

14. tatli PET/CT Abdomin Guidance for Biopsy
15. Teruel DCE_MRI Locally Advanced

Breast Cancer
Clinical & Patho-
logical Response to
chemotherapy

16. Van Rossum FDG-PET Oesophageal Cancer Pathological response
17. Vignati MRI Prostate Cancer Predict Prostate Can-

cer Aggressiveness
18. Wibmer T2- weighted MRI Prostate Differentiate Benign

from Malignant
19. Wu CT & FDG-PET Pancreatic Patients

treated with SABR
Survival

Weaknesses of Radiomics in contributing to Integrated Healthcare

• Radiomic analyses at present are mainly used to identify
correlations and not causes. In turn, the definitive assessment
is highly unlikely.

• Data mining can work as a double-edged sword. The same
features of radiomics that could benefit the patients may
also make it redundant with the glorification of spurious

associations.

• Radiomics suffers from the same weakness as Artificial
Intelligence (AI) and Machine Learning (ML). Some of the
layers in unsupervised learning are hidden, and the output
created cannot always be evaluated for accuracy.

• Variation is part of human biology and is not always
abnormal. This may be overlooked by the radiomics.
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Figure 1: SWOT Analysis of Radiomics and Its role in Integrated Medicine
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• The incidental associations that would not have any clinical
relevance could get highlighted and cause an opportunistic
cost in terms of money, human resources and healthcare
infrastructure.

Opportunities for the further expansion of Radiomics

• Radiomic promises to increase diagnostic precision, prog-
nostic assessment and prediction of response to treatment,
which are keystones for personalized and precision medicine

• Radiomics can also be a unique opportunity to reach the
unreached. The extraction of new signatures would not only
strengthen the clinical care but would also a way forward for
the robust public health system.

• Advances in radiomics, when made part of routine care
would be cost-effective and would provide the health solutions
in an economically efficient way.

• It would assist the healthcare providers in decisions and in
creating better strategies for patient care.

• Radiomics also can be one of the avenues to unify allopath
with allied fields of medicine to provide integrated care.

• • It will have the opportunity for use in care tracking and
optimization. Although radiomics techniques are still to be
explored in detail, it is a direction worth investigating.

• Throughout the future, the use of radiomics would possibly
incorporate image analysis with all the data from the
experiments, offering a single source of big data that will
expand the potential with discovering useful correlations.

Challenges for Radiomics in achieving the full potential

• While radiomics will allow patients and their diseases to be
better represented, it will also bring more data management
challenges. Radiomics is theoretically challenging and has a
steep learning curve.

• Wrong research approach, lack of standards for results
verification; incomplete reporting of results, and unrecognized
perplexing variables in multiple data will introduce model
errors and defeat the radiomics intent.

• Lack of standardization of protocols for image capture
and retrieval of the attributes. There are still no standards or
regulation for standardizing such procedures.

• There is a broad variance in imaging parameters in
routine clinical images acquired, like picture quality (pixel
size or matrix size and slice thickness), washout time for
PET imaging, patient location, and differences introduced by
various reconstruction algorithms and slice thicknesses, which

are distinct for each vendor of scanners. This may all lead to
imprecise predictions.
• The most serious difficulty of all biomedical science is data
sharing. It has many obstacles, including financial, economic,
regulatory and personal matters. Confidentiality of patient data
is another thing to remember when exchanging data.

• Imaging statistics show consistent changes or progress as
the acquisition of medical images, and changes in parameters
lead to difficulties inconsistent data gathering and some may
become outdated before using it.

• Clinical and molecular data integration – the incorporation
of data through systems is often a challenge and dynamic in
large environments.

Strategies for Way Forward

The strategies to tackle data sharing is already underway
through some of the collaborations like Quantitative Imaging
Biomarkers Alliance (QIBA) and the Quantitative Imaging
Network (QIN). [24,25] Cancer imaging database projects,
where image and clinical records are collected and publicly
exchanged for different tumour sites. Pseudo studies can
be introduced to examine the interscanning and inter-vendor
variation of the features extracted from the imaging. [26,27]
Devising bettermethods for de-identification of patients would
help in overcoming the patient data confidentiality issues.
Creating an Integrated Radiomics Database would solve the
problems of data sharing. Different methods for same can be
explored, including the creation of a central repository or, a
network of regulated individual databases or creation of a third
party for the monitoring database. Appropriate strategies may
be decided through discussion and dialogue. Physicians must
actively involve in this process, as they will play a crucial role
in the whole process. Strengthening the healthcare system by
the creation of Information management systems is essential
to enhance the entire process. [28]

Conclusion

Radiomics have shown great promise for integrated health-
care. It has great potential in creating a paradigm shift in the
way healthcare is delivered and perceived. It has promised to
augment the diagnostic precision, prognostic assessment and
prediction of response to therapy. While we can be optimistic,
there is still a long way before it can become a reality. It needs
the contributions and co-operation not only from Radiologist
but from multiple stakeholders like data managers, adminis-
trators, patients, regulatory bodies and engineers, and who can
work in tandem to standardize the methodology and to bring
out the full potential of this robust field of radiomics.
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