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Abstract Cancer is the cause of early death and it is unique. A cancer diagnosis is
complicated, and treatment outcomes vary from patient to patient. Improving cancer
diagnosis may help in early diagnosis and reduces early deaths. The most common
method for the diagnosis of gastrointestinal cancer is gastroscopic imaging. The
availability of white light, non-magnifying images, and manual pathological exam-
ination are the major drawbacks of the system. Imaging methods like X-Ray,
Computed Tomography (CT), Magnetic Resonance Imaging (MRI), Nuclear Med-
icine (NM) Positron Emission Tomography (PET), and Ultrasound (US) had revo-
lutionized the diagnosis of gastrointestinal cancer. The disadvantage with these
radiological images is that they contain more information and content, which is
not visible to the clinician’s eye. Radiomics is a process of conversion of digital
medical images into mineable high-dimensional data. In this chapter, the use of big
data in radiomics as a tool for gastrointestinal cancer diagnosis and prognosis is
discussed. This provides information and helps in the early detection of gastrointes-
tinal cancer.
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12.1 Introduction

Gastric cancer (GC) is the third-highest based on lethality and fourth-highest based
on morbidity of all cancers (Rawla and Barsouk 2019). According to WHO
GLOBOCAN statistics ~1,033,701 new cases and ~782,000 deaths were recorded
for gastric cancer in 2018 (Bray et al. 2018). The most important reason for the
situation is the lack of methods for early diagnosis. Early signs of GC are extremely
difficult to detect, often bearing a close resemblance to inflammation. When diag-
nosed, half of the GC patients are in an advanced stage having a 5-year survival rate
which is lower than 30% (Rugge et al. 2014). Early detection and proper treatment
following precise risk classification are crucial for improving the outcome of gastric
cancer. Gastroscopic imaging is a widely used method for the diagnosis of GC. The
drawbacks include the availability of white light and non-magnifying images,
manual pathological inspection, the inability of the human eye to identify minor
lesions from the images, requirement of high-quality, narrow-band imaging
(or laser-based), and requirement of magnified images for present image reading
algorithms. Recently, computer-aided methods are expected to play an important
role in the detection of GC. Development of advanced magnifying endoscopes, deep
learning methods, and machine learning methods; and availability of histopatholog-
ical images enabled reading the weakly labeled images. These advances and devel-
opments improved the diagnosis of GC (Ronald 2018). The above methods are used
to diagnose GC, but the methods to diagnose GC at very early stages are required.

GC is a disease that evolves due to various genetic and epigenetic alterations. GC
originates due to the sequential accumulation of molecular and genetic alterations in
stomach epithelial cells. Multidisciplinary diagnostic approaches integrating endos-
copy, serology, histology, and molecular profiling are the appropriate approaches for
stratification of patients into different GC risk classes. Big data analytics and
machine learning methods can bring together the above-mentioned multiple disci-
plinary diagnostics to help in early diagnosis of GC. The term “big data” refers “to
huge amounts of information that can be analyzed by high-performance computers
to reveal patterns, trends, and associations.” In medical terms, big data includes
clinical and genomic data that is derived from patients during diagnostic testing and
treatment. Big data analytics can reveal the patterns and relationships among a large
amount of data in a single or several data sets. The data analytics uses several
techniques like statistics and artificial intelligence to reveal the hidden patterns and
rules in big data. Big data analytics is used in a variety of activities or applications,
and the application of big data analytics to the gastric cancer diagnosis is an
upcoming trend. Recent advances in understanding the molecular mechanisms that
mediate GC and big data analytics were promising and paved the path for the
development of more effective diagnosis strategies. Extensive research is also
carried out in the field of image analysis for diagnosing and identifying GC at the
early stages. Recently, Japanese research group successfully used artificial intelli-
gence to diagnose GC (In breakthrough, Japanese researchers use AI to identify
early-stage stomach cancer with high accuracy 2018). In this chapter, the recent
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updates on the role of big data in radiomics, machine learning, or artificial intelli-
gence for early diagnosis of GC are discussed.

12.2 Radiomics

Radiological imaging techniques are powerful noninvasive tools used for detection,
differentiation, and diagnosis of different tissue characteristics in patients. Radiolo-
gists acquire a huge amount of data by imaging tissues from various views and
angles for complete image phenotypes. The imaging methods include X-Ray,
Computed Tomography (CT), Magnetic Resonance Imaging (MRI), Nuclear Med-
icine (NM), Positron Emission Tomography (PET), and Ultrasound (US). Each of
these modalities creates tissue contrast based on the differences in the tissue between
normal or abnormal. These tissue contrasts are exploited by the radiologist to
identify patterns for diagnosis. Radiologists are trained to understand the imaging
phenotypes and transcribe these observations to correlate with underlying diseases.
Traditionally, these medical images are treated as pictures intended solely for visual
interpretation. However, each of the radiological images contains more information
content not visible to the clinician’s eye. This “hidden” information creates a
“radiological texture” which can provide much more information about the tissue
of interest than previously thought.

Radiomics is a promising field of medical research that employs a combination of
computer-aided deep learning methods and human skills to convert digital medical
images into mineable high-dimensional data (Lambin et al. 2012). Then translates
the metrics obtained from texture and other features on radiological images. Fig-
ure 12.1 represents the basic workflow of radionics with imaging, segmentation,
feature extraction, and analysis. Medical or radiological images are generated from
various modalities such as X-Ray, CT, MRI, PET, and US. Segmentation is
performed to define the tumor region on the radiological images. Then, radiomics
employs machine learning methods to extract huge quantities of imaging features
like tumor intensity, texture, and shape from radiological images. Radiomics features
contain useful spatial and textural information on the grayscale patterns and the
correlation between image pixels. These features can be modeled or used for analysis
assessed for their prognostic power, or linked with stage, or gene expression (Parekh

Fig. 12.1 The workflow of radiomics, imaging, segmentation, feature extraction, and analysis of
features for prognosis or diagnosis (Parekh and Jacobs 2016)
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and Jacobs 2016). Then, this can supplement as an adjunct instrument to discover or
predict or decode concealed genetic and molecular traits for decision support,
individualized diagnosis, and treatment guidance (Kumar et al. 2012a; Cook et al.
2014; Court et al. 2016; Gillies et al. 2016; Narang et al. 2016; Yip and Aerts 2016;
Sala et al. 2017). This information obtained from these radiological images can also
be combined with additional OMICS data (genomics, proteomics, metabolomics,
and transcriptomics) for further analysis. This branch of study is called
radiogenomics, and this is an upcoming technology that is applied for diagnosis
and prognosis of multiple cancers (Zinn et al. 2011).

12.3 Big Data in Radiomics for Diagnosis and Prognosis
of Gastric Cancer

Radiomics is an upcoming technology that can be used in general to predict gastric
cancer and plan for a course of treatment. Recently, multiple studies have discussed
the possibility of using radiomics and artificial intelligence for diagnosis and prog-
nosis of gastric cancer (Jiang et al. 2018a, b; Li et al. 2018a, b; Keek et al. 2018;
Acharya et al. 2018).

12.3.1 Radiomics in Preoperative Prediction of Lymph Node
Metastasis

Feng et al. (2019) developed and validated an automatic decision support system
(DSS) for preoperative reporting of the risk for lymph node metastasis in GC. The
clinical and imaging data were analyzed using a machine learning-based approach.
The clinical, pathological, and CT imaging data of 490 patients diagnosed with GC
was collected. Standard gastric contrast-enhanced CT scans of the same patients
were also obtained within 10 days of surgery and all gastric CT studies were
performed using a 64-slice scanner. Of the 490 patients, 297 were reported with
LN metastasis and also with the metastatic rate of 60.6%. Thirteen relevant
radiomics features were selected, ranked, and modeled using a support vector
machine (SVM) classifier based on 326 training and validation data sets. A model
test was performed independently with a test set size (n) 164. The comparison was
made between the Clinical Decision Support System (CDSS) and the conventional
staging criterion performed by two expert radiologists for the diagnostic perfor-
mance of CDSS. The DSS was better able to predict LN metastasis (accuracy 76.4%)
than the conventional staging (accuracy 71.3%). Automatic DSS employing SVM
classifier was able to predict LN status in patients with GC based on 13 radiomics
features.
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12.3.2 Radiomics to Predict Prognosis and Benefit from
Chemotherapy

Jiang et al. (2018b) developed and validated a radiomics signature for the prediction
of gastric cancer and the benefits of chemotherapy. A sample of 1591 patients
histologically confirmed with gastric adenocarcinoma, and standard unenhanced
and contrast-enhanced abdominal CT performed within 30 days was included for
analysis. Radiomics signature and radiomics nomograms were generated from the
sample. The lasso-cox regression model was performed on 228 patients to generate
radiomics signature based on 19 selected features. Radiomics nomograms integrated
with radiomics signature were constructed on TNM staging. Radiomics signature
was able to predict patients with stage II and III of GC and may benefit
chemotherapy.

Both the case studies could predict gastric cancer with very high accuracy.
Though good progress is seen with radiomics, some challenges also exist. The
major challenges to be addressed for analyzing the data are standard image acqui-
sition methods, image reconstruction methods, optimized algorithmic approaches,
and statistical approaches. Databases like the National Biomedical Imaging Archive
(NBIA) (Nicholas et al. 2012), Cancer Imaging Program (CIP) (Dobranowski et al.
2014), and The Cancer Imaging Archive (TCIA) (Clark et al. 2013) are available.
Developing integrated radiomics images with defined rules might help in addressing
the challenges with image acquisition (Kumar et al. 2012b). However, these com-
puter- assisted clinical decision-making methods require further external, multicen-
ter, and evidence-based validation. Further, these applications may serve as a tool for
personalized diagnosis and guidance for treatment (Parekh and Jacobs 2016).

12.4 Conclusion and Future Perspectives

In conclusion, radiomics analysis uses a machine-learning approach to provide an
alternative to conventional radiologic methods. This, in turn, changes the facet of
clinical decision-making of the present and future generations of patients suffering
from gastric cancer. The future direction of radiomics includes correlating and
integrating OMICS data with radiomics features extracted from radiological images
and integrate them to create a more efficient and robust prognostic model. This, well
aid clinicians in regular practice, personalized medicine, and paves new direction for
the cancer diagnosis and prognosis (Mazurowski 2015; Rutman and Kuo 2009).
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