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Abstract
Nowadays, Cancer diagnosis is one of the major challenging characteristics for treating cancer. The reality of cancer patients rely
on the diagnosis of cancer at the early stages (either in stage 1 or stage 2). If the cancer is diagnosed in stage 3 or later stagesmeans
the changes of survival of the patient will become more critical. Normally, single patient records will generate a huge amount of
data if the data could be manage and analyze means to solve many problems for identifying the patterns it will leads to diagnose
the cancer. Recent work several machine learning algorithms are introduced for the classification of cancer. However still the
classification accuracy of machine learning algorithms are reduced because of huge number of samples. So the proposed work
introduces a new Hadoop Distributed File System (HDFS) is focused in this work. In this paper, the proposed phenotype
techniques are used which handle and classifies the raw EHR (Electronic Health Record) and EMR (Electronic Medical
Record). It is based on the HDFS and Two-Phase Map Reduce. Phenotype algorithm uses NLP (National Language
Processing) tool which will analyze and classify the cancer patient data like gene mapping, age related data, image and ultrasonic
frequency processing, identification and analysis of irregularities, disease and personal histories. In this paper, the three factorized
model is used which calculates the mean score values. The values are calculated by disease stage, pain status, etc. This paper
focuses big data analytics for cancer diagnosis and the simulation results shows the proposed system produces the highest
performance.
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Introduction

Early stage of cancer diagnosis is one of the world’s most
important problems in cancer discovery process. Every nor-
mal cell in a human body contains same number of chromo-
somes and same volume of DNA. But in contrast the cancer
cells contain abnormal growth in the chromosome count. The
big data analysis helps to identify such cells and remove them
to reduce their abnormal growth. Big data is an energetic tech-
nology that improves the quality of research and makes better

results quickly. The tumor cells undergo various mutations
and combinations which was very vast to have a detailed
study on them. Researchers take large data sets and identify
the changes to study about particular tumors.

Health care providers provide some effective tools to iden-
tify the cancer. Early stage of cancer could be identified by the
following symptoms that are bowel changes, persistence back
pain, unusual coughing, rectal bleeding, urinary changes, and
blood in urine. Most of the cancers arise through the skin
which is mostly occurring in glands, breast, testicle and glands
or lymph nodes. Blood tests are used to diagnose the cancer,
using this tests blood cancer could be detected and few of the
abnormal cells are founded through this type of test.
Nowadays many type of cancers could affects the people
and these stomach cancer, brain cancer, breast cancer, pancre-
atic cancers are some of the painful cancers.

Microscopic evaluation of biopsy samples which diag-
nose the PCa (prostate cancer) is a one type of skin cancer.
American cancer society says nowadays most of the people
die of this prostate cancer. Magnetic resonance (MR) or
Transrectal ultra sound (TRUS) using this samples of a
prostate could be collected. Pathologist readings are used
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to improve the prostate cancer diagnosis accuracy [1, 2].
Traditional biopsy uses fluorescence technique which
identifies the cancer. Process of photon emission is named
as fluorescence and the auto fluorescence happens in tis-
sues like nerve, muscle, etc.

Laser induced fluorescence (LIF) is a one of the method
used in spectroscopic which specifies the reciprocal action of
electromagnetic radiation. Molecule structures, detection of
species, visualization flows and measures. To detect the can-
cer, hyper spectral image uses variety of applications. HIS
combine multiple endoscopes based on LCTF technology
cancer is a one of the heterogeneous disease and the cancer
biomarker discovery is a technology to detect the snapshots
but it could not make any dynamic and longitudinal changes
in cancer landscape. To overcome this Big Data assemble
some distinct molecular features at DNA, RNA, and metabo-
lite levels [3].

In big data platform the health care data’s are stored super-
vised, semi-supervised and unsupervised manner. Medical re-
cords of Physician notes, lab reports, x-ray reports, and case
histories are maintained by big health care data. The radio
frequency identificationmaintains national health register data
and expiry dates of medicine and surgical instruments. Big
data uses the genetic algorithm and cancer genome atlas
(CGA) using these patient records could be analyzed. To iden-
tify the cancer patient records the prototype could be created
which is implemented on hadoop which will help the doctors
in diagnosis and prognosis of the cancer patient. Based on
HDFS the prototype could be developed which is useful to
collect, clean, analyze, and manage the data’s in effective
manner and big health care data improves patient outcomes
[4]. In this paper, the proposed phenotype techniques are used
which handle and classifies the raw EHR (Electronic Health
Record) and EMR (Electronic Medical Record). It is based on
the HDFS and Two-Phase Map Reduce. Phenotype algorithm
uses NLP (National Language Processing) tool which will
analyze and classify the cancer patient data like genemapping,
age related data, image and ultrasonic frequency processing,
identification and analysis of irregularities, disease and per-
sonal histories.

Related Works

In paper [5] Cyber enabled system and IoT (internet of things)
techniques are used which uses large amount of data with
various structures. Most of the big health care data solutions
are built on hadoop eco system and HDFS (distributed file
system) but it has many challenging issues like Inefficient
data, require large space and power consumption to overcome
these drawbacks the proposed method of data aware module
and genetic algorithms are used. The data aware module is
used for hadoop eco system and genetic algorithm for

distributed encoding technique. Using these, distribution of
data and cluster analysis could be managed, larger data types
are handled and it optimize the query time.

First, collect all the health care data’s with the help of ge-
netic algorithm and data aware module after collecting the
data it will be transformed into a network graph and found a
patterns in that graph. Data aware module which distributes
the data into several data blocks. Data aware analysis and
graph distribution acts like data storage which running on
top of the HDFS. Clustering framework directly interacts with
distributed file system and provides updated clusters to HDFS.

In paper [6] Classification technique uses wide variety
of applications which is handled by only few techniques.
So, the class distribution is more difficult and imbalanced
classification problem could take place. The binary classi-
fication problem is one type of supervised learning prob-
lem which classifies the elements into variety of groups. To
overcome this draw back the proposed method of EUS
(Evolutionary under Sampling) techniques are used which
is designed in a parallel manner. It deals with class imbal-
ance problem to overcome this, map reduce strategy are
used. To speedup the undersampling process without any
losing accuracy Windowing approach is used. To over-
come the large scale problems two stage map reduce ap-
proaches are used which performs EUS preprocessing and
classify test set.

In paper [7] the transfer of large datasets using HTTP and
FTP has the advantage of low cost and high throughput. But
on the other side it results in bottleneck which reduces the
speed of transmission. The potential transmission can be done
by either minimizing the data or expanding the network. The
data minimization algorithm is designed to transfer the bio
genomic data bases in a secure way. Goal of this algorithm
is to reduce the size of the data and to have a secure transmis-
sion. This technique involves assigning different codeword’s
to the same character for different times and they run in CNN
(Coded Neural Network).

In paper [8, 9] EUS (evolutionary under processing) which
uses GS (global selection) and MS (majority selection) based
on that EUS methods are used to remove instances among
both classes and identify the minority class. Prototype selec-
tion algorithm could not manage all imbalance problems. In
evolutionary under processing, the MS (majority selection)
mechanism helps to get accurate subset of instances compar-
ing to the GS (global selection) mechanism. The global selec-
tion mechanism is to achieve a highest reduction rate. A dif-
ference between GM and AUC is geometric mean which eval-
uates the subset accuracy and area under curve which evaluate
the measures.

Manogaran et al. [10] proposed to make use of a Bayesian
hidden Markov model (HMM) with Gaussian Mixture (GM)
Clustering approach in order to model the DNA copy number
change across the genome.
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Sun and Reddy [11] introduced the properties and related
mining issues on handling with big medical data. Several of
those insights come from medical informatics community,
which is highly related towards data mining however focus
on biomedical specifics. Review of several associated works
from data mining location as well as medical informatics
venues in the direction of share with the audience’s key issues
and trends in healthcare analytics research, with various appli-
cations ranging from clinical text mining, predictive model-
ing, survival analysis, patient similarity, genetic data analysis,
and public health. The tutorial will comprise several case stud-
ies handling with many of the significant healthcare
applications.

Rodrigues et al. [12] introduced on visual and machine
learning analysis of medical data acquired bymeans of diverse
nanotech-based methods and on algorithms for Big Data
infrastructure.

To measure the classification performance the positive
class and negative classes are used. Positive prediction is used
to predict the true positive and false positive rates. Negative
prediction which predicts the true negative and false negative
rates.

Positive Prediction:

True Positive Rate : T Prate¼
T P

TP þ FN
ð1Þ

False Positive Rate : F Prate ¼ F N
FP þ TN

ð2Þ

Negative Prediction:

True Negative Rate : T Nrate¼ T N
FPþTN

ð3Þ
False Negative Rate : F Nrate¼ F N

TPþFN
ð4Þ

where TP-True Positive, TN-True Negative, FP-False
Positive, and FN –False Negative.

An aim of the classifiers is to minimize the rate of false
positive and false negative or a same way tomaximize the true
positive and true negative rates. Proteogenomic is based on
proteomics and genomics. These are the two high throughput
technologies to diagnose the cancer. Proteogenomic uses wide
variety of applications such as gene annotation, virology and
bacteriology, human neurology, and cancer biology. NGS
techs which create some problems between analyze storage,
transfer and visualization. To overcome this develops high
performance solutions to storage, analysis and transmission
of these proteogenomics.

Proposed system

Predicting cancer cells in early stage is one of the most impor-
tant problems in cancer discovery process. The proposed

system of cancer diagnosis is shown in fig. 1 which includes
Phenotype algorithm for extracting EHR data, HDFS which
act as a primary data storage system, using this health care
data could be store and retrieved, Two-phase Map Reduce for
processing and producing big data sets. The work flow of
proposed system is given in Fig. 1. From Fig. 1 shows the
HDFS (distributed file system) which maintains all electronic
health records and medical records. The phenotype techniques
based on two-phase map reduce. Each map and reduce phase
have (K, V) pairs as input and output. First the map phase
gathers the information’s from the file system based on that
information map function will run without any outside help.
Now the patient details are stored in true patient state which
maintains large amount of Raw EHR data’s. Raw EHR data’s
are very difficult to handle so that, the proposed phenotype
algorithms are used. It can easily understand, classify and
predict Raw HER data’s. After that all the classified data’s
are merged with the help of intermediate (K, V) pairs and send
it to the shuffle step. In this, the shuffle step maintains NH and
HCP.

Natural Health which maintains:

Pre-cancer Development, it specifies incidence, location,
growth, histology, and malignant transformation.
Cancer Incidence, it specifies growth and the symptoms.
Cancer Mortality, it specifies staging and survival.

Health care process which maintains:

Behavior Modification which will specify the human
physical activities.
Screening, Based on the cancer incidence it specifies the
multi target Stool DNA.
Diagnosis Treatment, Based on the cancer mortality it
specifies the Primary care, gastroenterologist.

On the other hand reduce operations could wait until map
function finish its operation. Once map function finishes its
operationmeans the reduce phase, this resulting list as its input
to perform its operations after completing its process which
will return the final response of the system.

Big Healthcare Data

Big data health care industry generates huge amount of data.
Normally the big health care data in the form of supervised,
semi supervised and un- supervised manner. Each data could
be handled by the help of data handler.

Structured, unstructured and semi-structured data are spec-
ified as follows.

Fig. 2 shows the big data characteristics are called 4 V’s
model. They are:
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1. Large volume:

Large volume is one of the most extraordinary characteris-
tic used in big data. It collects data from different sources like
sensor or machine to machine data which is fully based on the
Hadoop. Main use of this is implies and explosive in the
amount of data.

2. Large variety:

Large variety is one of the unique characteristic of big data.
In this model data comes in different format like structured,
unstructured, and semi-structured. E.g.: text, image, videos or
graphics. Unstructured data are collected from internet or mo-
bile devises etc.…

3. Large velocity:

Large velocity it provides online services. It argues with
big data to generating or process a data in real time manner. It
is fully based on the speed of data processing

4. Large veracity:

It finds the incomplete objects, noisy objects and inaccurate
objects. It faces many challenging issues like data mining and
information processing and LV is one of the characteristics
used in 4 V model.

Phenotype Technique

Phenotype is one of the most recently used techniques in big
data health care industry. More than 80% of clinical data are in
the form of unsupervised and semi supervised manner. Raw
EHR data’s are very difficult to handle and take more time to
understand. So, the proposed technique of phenotype algo-
rithm is used which classify, predict and understand EHR
data’s easily. The following diagram specifies how the Raw
medical data could be classified using the proposed technique.
The methods used to develop the HER phenotype is shown in
the fig. 3.

The HER and EMR of patient details are collected in a
wide manner. The phenotypes are analyzing the raw EHR
and EMR records based upon prevalence of the disease.

Fig. 1 Flow diagram of proposed big data analytics for Cancer Diagnosis
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Initially the patient medical and health records are screened
to differentiate data with the help of phenotype technique.
Then the patient data’s are collected in the sensitive data
mart. The following fig. 4 shows how the phenotype algo-
rithm specifies the EHR data could be screened and
classified.

Phenotype algorithm is used to identify the Type 1 dia-
betes melitus (T1DM) and type 2 diabetes melitus (T2DM)
from EHR (Electronic Health Record) and EMR (Electronic

Medical Record). Dx: it specifies the diabetes and it define
records using international classification of diseases and
ICD-9 codes. Med: specifies the mediations, physcn: it
specifies the physicians, and Rx: specifies the prescriptions
[13].

Classification algorithm is used to classify all the data’s.
Using phenotype algorithm finally the prevalence and type of
disease can be diagnosed by screening patient’s data.
Phenotype uses the following tools. They are:

Fig. 2 Flow of big health care data

Fig. 3 Overview of methods used to develop HER phenotype technique

J Med Syst (2019) 43: 264 Page 5 of 14 264



1. Erc: (Emerge Record Counter)

Emerge record counte r which combine DNA
biorepositories with EMR systems based on the National hu-
man genome research institute (NHGRI). It provides large
amount of data’s for research planning determination and vi-
ability assessment. In this the DNA repositories combined to
electronic medical record which includes legal, ethical and
social issues that are related to these endeavors [14].

2. PheKB: (Phenotype Knowledgebase)

To identify the characteristics of patient’s health care data
the Phenotype knowledgebase must validates the electronic
algorithms. PheKB provides collaborative environment to de-
velop and validates the electronic phenotype algorithm.
PheKB is a work flow management system. The learning cen-
ter supports creation, and validation of phenotype knowledge.

3. PheWAS: (PheWAS catalog)

PheWAS catalog is based on the phenotype outcomes or
measurements which uses the quantitative research technique.
It clearly identifies the false positive associations and which is
based on the SNP selection process. PheWAS is mainly used
to discover the relationships among SNP’s and phenotypes
[15].

4. SPHINX: (Sequence and Phenotype Integration
Exchange)

SPHINX is one of the web based tool using this it will run
large amount of web applications. It is used to explore a data
for hypothesis generation. Web apps always run inside the
web browser. Sequence PHINX it act as searchable database
using this it will identifies list of genes, drugs, and pathways in
the catalog.

Fig. 4 EHR and EMR data
screened and classified using
Phenotype algorithm
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HDFS: (Hadoop distributed file system)

Distributed file system is one of the primary data storage sys-
tems which support large amount of data sets. It uses name
node and data node. Based on these name node and data node
architecture distributed file system could be implemented. It
provides high performance data access for hadoop clusters.
Distributed file system supports rapid transfer of data into
several nodes. It closely connected with two phase map re-
duce. Distributed file system is one of the most important

components in hadoop which is run on commodity of hard-
ware. Hadoop and its other component use the fault tolerant
storage layer which is provided by HDFS. Hadoop framework
maintains the data management process and storage analytic
solutions. Map Reduce [16] allows large scale data processing
with the help of parallel and distributed algorithm. In map
reduce environment two basic stages are applied to improve
the fault tolerance, data partition and management.

HDFS RSSð Þ þMap Reduce DCð Þ ¼ Hadoop ð5Þ

Fig. 5 High Level Architecture of Hadoop Model

Fig. 6 A general review of two main types of EHR and EMR data, structured and unstructured and how these data can be integrated
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Table 1 Using NLP technique big health care data are classified

Diagnosis Codes Problem Lists

Medications known to 

be prescribed:

Copra 751 mg ½ tab 

q am and pm

Deviant 61 mg by 

mouth daily aspirin 

326 mg 2 tablet by 

mouth daily

Klopidgrel 76 mg 

tablet 2 tablet by 

mouth daily 

Adverse and Allergic 

drug reactions:

Sulfa drugs

Significant medical 

diagnoses:

Aneurysm

Clinical Notes

Exam: bilateral digital 

screening 

MAMMOGRAM 

WITH CAD 

**date[April 18 01]:

COMPARISION: 

**DATE[August 05 

01]

TECHNIQUE: 

Standard CC and MLO 

views of both breasts 

were obtained.

FINDINGS: The breast 

parenchyma is 

heterogeneously dense.

The pattern is 

Fake ID     Entry-Date   Code

320611 7/9/2015 42.81

432561 5/14/2016 78.99

340611 8/31/2018 72.11

304633     8/6/2018 67.12

240446   8/6/2017 81.34

345687  5/3/2016 112

223698  2/9/2017 13.24

243587 7/8/2015 23.22

224786 7/8/2016 34.67

236478 9/9/2017 12.67

244356 5/6/2017 34.123

Lab Tests

Fake ID Test Entry-

Date    

Value

645789 P01 2/3/1996 13.22

789623 LDL 4/7/1998 21.56

Relational 

databases

NLP Tools 

Required

Structured Data                                            Semi-structured             Unstructured 

Data                                     Data

235689 P0C2 6/8/1996 41.67 Seizure disorder

Heartburn

Known significant 

medical diagnoses:

Sulfa drugs

Aneurysm

Seizure disorder

Heartburn

Known significant 

operative and invasive 

procedures:

2006

Appendectomy

2007

Stents put in 

**DATE

[SEP 29 05]

Allergic Drug 

Reactions:

Sulfa drugs

Aneurysm

Seizure disorder

extremely complex 

with post surgical 

change seen in the 

righter upper outer 

quadrant and scattered 

benign-appearing 

classification seen 

bilaterally.

RIGHT: No interval 

change. No current 

evidence of 

malignancy.

LEFT: Possible 

developing asymmetry 

superior aspect left 

breast for which 

further evaluation by 

true lateral and spot 

compression views 

recommended.

BI-RADS Category 

01: Incomplete 

assessment.

IMPRESSION: 

RIGHT: No interval 

change. No current 

evidence of 

malignancy…….

127896 HDL1 5/8/1999 61.11

579432 HDL 6/8/1998 31.67

347613 PO12 9/5/2014 34.88

654321 P0C2 3/8/2012 11.21

265423 LLD2 3/8/1996 24.35

986421 POC4 6/8/1999 51.11

243783 ALC1 7/8/1998 54.67

316539 P011 6/4/1997 11.21

210087 ACL2 7/9/2011 61.71

453716 P02 8/2/2010 11.42

613857 LLV 5/4/1999 63.44

231697 LC01 8/6/1998 21.37

421957 PO1 8/6/2011 37.41

546921 VLL2 6/4/1998 41.21

441692 P04 8/2/1998 22.11

771336 VL01 6/4/1996 17.74

231231 VLL02 8/8/1999 31.29
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Hadoop supports Map Reduce and HDFS layers the fol-
lowing fig. 5 which specifies these two layers.

The Map Reduce layer has two nodes that is master node
and another one is slave node. The master node will schedule
the jobs for slave nodes and monitor that scheduled jobs. In
execution time if any task could be failed means the master
node will re-execute that failed task. Two phase map reduce
which uses key value pairs using this it takes a set of data and
converting that data into another set of data. Hadoop is a
framework it provides distribution, scheduling and
parallelization services. HDFS is one of the storage layers. It
has two nodes that are name node and data node. Name node

Table 2 Phenotype algorithm converts the Raw EHR data

Cancer Type Clinical Endpoint Phenotype Algorithm Benchmark Improvement (%) Training data

Brain Treatment response MR Random N/A Mixed

Liver survivability Decision tree Statistics 1 Genomic

Liver Treatment Genetic algorithm Statistics N/A Clinical

Liver Survivability Naïve bayes Statistics N/A Proteomic

Lung Response MR Expert 17 Genomic

Brain Recurrence MR Random 13 Clinical

Bladder Treatment Fuzzy logic Expert 7 Mixed

Bladder Susceptibility Genetic algorithm Statistics 1 Mixed

Bladder Survivability ANN N/A N/A Clinical

Bladder Treatment ANN N/A 14 Genomic

Lymphoma Response Decision tree Statistics 2 Proteomic

Lymphoma Survivability SVM Experts N/A Clinical

Head/neck Survivability SVM Statistics 14 Clinical

Head/neck Treatment ANN N/A 29 Proteomic

Ocular Treatment Fuzzy logic Expert 0 Genomic

Prostate Recurrence Decision tree Statistics N/A Clinical

Skin Recurrence Decision tree Random 29 Mixed

Stomach recurrence MR N/A 1 Mixed

Skin Recurrence ANN N/A N/A Mixed

Thyroid Recurrence ANN N/A 1 Clinical

thoracic Recurrence MR Statistics 18 Proteomic

Pleural mesothilioma Treatment MR Statistics N/A Genomic

Neck Treatment Genetic algorithm Random 16 Clinical

Neck Clustering ANN Expert N/A Clinical

Table 3 Database comprising the individual cancer patient records

Name Birth Sex Zip code Religion Disease

Matthau 12/03/1982 Female 21,502 Hindu Cancer

Mamtha 21/11/1980 Female 18,763 Christian Cancer

Miry 01/08/1989 Male 32,645 Hindu Cancer

Shank 08/04/1986 Female 28,372 Christian Cancer

Salina 12/08/1989 Female 32,144 Hindu Cancer

John 24/12/1986 Male 77,621 Christian Cancer

Aisha 19/03/1985 Female 22,139 Muslim Cancer

Vanity 07/02/1988 Male 44,062 Hindu Cancer

Lilly 12/08/1983 Female 79,334 Christian Cancer

Binue 22/11/1989 Female 22,386 Hindu Cancer

Menu 20/12/1999 Female 27,644 Hindu Cancer

Abraham 13/02/1992 Male 94,573 Christian Cancer

Echlin 16/07/1985 Female 22,271 Hindu Cancer

Vishnu 06/02/1988 Male 16,423 Hindu Cancer

Ajay 01/04/1997 Male 21,055 Hindu Cancer

Ayesha 12/02/1995 Male 32,256 Hindu Cancer

Arvin 21/12/1996 Male 44,032 Hindu Cancer

Azusa 26/11/1987 Female 55,521 Hindu Cancer

Table 4 Level of symptom interference with daily function

Functional area Prevalence (%) Severity

Enjoyment of life 75.3 5.76

General activity 76.9 6.82

Work 78.3 7.06

Mood 78.5 4.85

Relation with others 49.1 3.45

Walking 59.9 4.78
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handles the file system Meta data and save that data into dif-
ferent file blocks. It is designed to be low cost hardware.

Map function is applied in a parallel manner to every pair in
the data set

Map K1;V1ð Þ→List K2;V2ð Þ

Reduce function is applied each group in a parallel manner.
Finally it produces a multiple values in same domain

Reduce K2;List V2ð Þð Þ→List V3ð Þ

Map Function:
Require: Number of split k

1: Constitute: T Rk with the instances of split k.
2: R Sk= Phenotype (T Rk)
3: Mk = Build Model (R Sk)
4: Return Mk

Reduce Function:

Mk ; Initially M ¼ ∅f g

1: M = M ∪Mk

2: return M

Where,
T R, be the training set stored in the HDFS as a single file.
H is the HDFS blocks.
M, is the disjoint subset, Each and every map task

(map1,map2,….map n) which develops an associated T Rk,
where 1 < k <m, with the instance of each chunk, it specifies
which T R could be divided.

Simulation Results

Bigdata health care industry generates large amount of data.
Normally the big health care data in the form of supervised,
semi supervised and unsupervised manner. Each data could be
handled by the help of data handler. Initially, Distributed file
system store all the EHR and EMR records shown in fig. 6.
Structured data are easily identified by the people but unstruc-
tured and semi structured data are difficult to handle, under-
stand and classify.

Case 1: Big health care data in the form of structured,
semi-structured and unstructured format

All the patient health and medical related records are stored
inside the EHR (Electronic health record) and EMR
(Electronic medical record). The help of HDFS and Two-
phase Map Reduce concept the patient’s data could be store
and retrieved. HDFS maintains all the HER and EMR.
Structured, semi structured and unstructured data are classi-
fied separately. Relational databases maintain all the big
health care data. NLP tool is a form of artificial intelligence
it is used to handle, classify and understand the big healthcare
data. National language processing that helps users to under-
stand the machine language into human understandable for-
mat. This technique use statistics, semantics and machine
learning technique to handle and extract the entities and rela-
tionships. NLP inserts part of speech tagging, automatic sum-
marization, entity extraction, relational extractions, natural
language understanding and recognition. The details of the
NLP with code for diagnosis are shown in the Table 1.

Case 2: EHR and EMR data are classified using phe-
notype technique

Table 6 Three factors mean scores are calculated by stage of disease,
pain status, chemotherapy and psychological status

Variable grouping Mean SD t p

Disease stage Factor1 mean score 5.38 0.001
Stage 3 to 4(n = 43) 5.68 4.13

Stage 0 t0 2(n = 43) 3.75 3.63

Pain status With pain(n = 111) 5.72a 3.46 6.89 0.001
Without pain(n = 43) 3.32a 3.13

Chemotherapy Factor2 mean score 5.92 0.001
Yes(n = 78) 4.47 4.26

No(n = 95) 2.29 3.27

Depression status Factor3 mean score 5.38 0.001
Depressed(n = 79) 5.68 4.13

Not depressed(n = 93) 3.75 3.63

Anxiety status Anxious (n = 68) 6.71 3.59 9.35 0.001
Not anxious(n = 98) 3.37 3.49

Table 5 Three factor model for factor matrix

Symptom Factor Loading

Factor1 Factor2 Factor3

Fatigue 0.767

Sleep disturbance 0.618

Pain 0.741

Distress 0.739

Vomiting −0.977
Nausea −0.871
Sadness 0.728

Eigen value 4.14 3.59 3.42

Variance explained 44.78% 38.67% 36.78%

Total variance explained 66.43%
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Raw EHR data are very difficult to handle, classify and
understand. Convert these raw data into human under-
standable format is one of the toughest tasks. To over-
come these proposed phenotype algorithm is used. First,
the phonotype collects all the patient data into that it will
classifies all cancer patient data. In this cancer patient
report many of the data’s in the form of Raw EHR format.
Phenotype algorithm handles these raw data and clas-
sifies, predict and understand these into normal form
discussed in Table 2.

Phenotype algorithm classifies the cancer patient data’s.
The above table describes the cancer types, clinical end-
points, algorithm choices, performance and type of training

data. Using this detail the individual cancer patient details
(see Table 3) are collected with the help of proposed pheno-
type algorithm.

The above Table 3 represents patient’s name, date of birth,
zip code, religion and type of disease.

Level of symptoms was calculated by averaging the symp-
tom severity scores over who have the symptom is discussed
in Table 4. Symptom interference working was the outlook of
daily function with which symptom was most interfered.

(Mean = 6.09, SD = 6.31). Least interfered outlook of daily
function was related with others (Mean = 3.73, SD = 4.46)

Case 3: Big data analytics for cancer diagnosis

a

b

Fig. 7 Comparative big health care data among a healthy person and a cancer patient diagnosis by Phenotype. (a) Cancer patient (b) Normal patient
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The following Table 5 specifies the patient’s factor scores,
pain status, chemotherapy and psychological status.

In factor1 five items are weighted: fatigue, sleep distur-
bance, pain, Eigen value, variance explained. In factor2 two
items are weighted: vomiting and nausea. In factor3 two items
are weighted: distress and sadness. The above three factors
specifies the sickness of symptom cluster, gastrointestinal
symptom cluster and emotional symptom cluster discussed
detail in Table 6. The alpha coefficient of the symptom cluster

was 0.89; gastrointestinal symptom cluster was 0.99 and 0.76
for the emotional symptom cluster. The connection between
the above three factors are moderate with Pearson r coeffi-
cients ranging from 0.54 to 0.67.

Using phenotype algorithm the cancer patient different
stages of pain, depression status, anxiety status and mean
score factors are calculated (Fig. 7).

The above graph shows the difference between normal
patient breath and cancer diagnosed patient breath. Using

Fig. 9 phenotype performance

Fig. 8 Three factors mean score performance
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proposed phenotype technique finally the cancer could be
diagnosed based on the big data platform. First collect all the
patient records into that the raw EHR and EMR are classified
with the help of phenotype algorithm. Help of TLP tool the
phenotype algorithm classifies all the cancer patient medical
and health records. The cancer patient details are collect and
store into separate database and level of patient symptoms are
calculated. Based on the factorized model the patient fatigue,
pain, sleep disturbance, Eigen values are calculated. The three
factor mean scores are calculated by the disease stage, pain
status, chemotherapy and psychological status. Based on these
three factorized model and three factors mean score values
phenotype technique diagnose the cancer.

Three factorized model mean score values of the proposed
system is shown in Fig. 8. The above graph shows the com-
parison of proposed method with Mean, Standard Deviation,
and time.

The performance of phenotype achieves a better perfor-
mance comparing the all other existing and proposed systems.
In this Figs. 8 and 9, the proposed method is compared with
the existing techniques such as SVM, xgboost, adaboost,
deepboost [1], fuzzy logic, naïve bayes, genetic algorithm
[17]. Compared to the other existing techniques, the proposed
method produces better performance.

Conclusion

This paper focused on big data analytics for cancer diag-
noses based on the proposed phenotype technique. Big
data analytics it uses Hadoop which plays a successful
role in performing meaningful real time analysis on the
large volume of data sets. It able to predict the unexpected
situations before it happens. It mainly focuses the accurate
prediction of diseases using both structure, semi-structure
and unstructured data sets. Also, the proposed work uses
HDFS and two phase map reduce. First it collects all the
patient data in each mapping process after that phenotype
algorithm handles and classifies all the EHR and EMR.
The phenotype is further accelerated by adding TLP tech-
nique. The accomplishment of this scheme enables both
phenotype and TLP tools to be applied on each data sets
of three factorized model. Also, this paper analyze three
factorized mean score values. The values are calculated
by the disease stage, pain status, chemotherapy and psy-
chological status. Finally, compare all the big health care
datasets and three factorized mean score values cancer
could be diagnosed. The simulation result shows that the
proposed system produces higher performance compared
to the other existing technique. The scope of the future
work is introducing big data algorithms to other health
care applications.
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