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O u t l in e  

� Value Based Healthcare 
System – How it is seen 
today 

� Healthcare Challenge & 
IoT as a Solution 

� IoT – Big Data Structure 

� Recent Trends in IoT Big 
Data Analytics 

� Challenges & Our Future  
 

 

http://www.pepgra.com/ 



T O DAY  

What we consume 
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HEALTHCARE 
TODAY 
Where are we 
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W h e r e  A r e  W e ?  – 
I n dia  

� Neglect of Rural population 
� Import western models and less 

emphasis on cultural model 
� Shortage of Medical Personnel 

� Expensive Health Service 
(Allopathy Vs, Ayurveda, Unani 
& Homeopathy) 

India has 2,00,000  
centenarians 
 (100+ population) 

Over 9 core elderly 
population in india in 
2011- only 12 other 
countries have a total 
population higher than 
that. 

In the same period, 
percentage of the 80+ 
population will increase 
from 

3.06% 
(48.2 

million in 
2050) 

0.61% (6.1 million) in 
2000 

Percentage of 60+ 
population  
expected to 
 increase from: 
7.6% 
 (77 million) in 
 2000 

20.6 % 
(324 

million ) in 
2050 

AGEING IN INDIA Source: Adopted from Kiddie  (2017)  
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D is t r ibu t io n  o f  D is e a s e  
bu r de n  – 1 9 9 0  v s  2 0 2 0  

1990 

Communica
ble 

56% 

Non 
Communica

ble 
29% 

Injuries 
15% 

Communica
ble 

24% 

Non 
Communica

ble 
57% 

Injuries 
19% 

2020 
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O pe r a t io n a l  C h a l le n g e s  
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5 . 2  m i l l io n  m e dic a l  e r r o r s  a r e  h a ppe n in g  in  I n dia  
a n n u a l l y :  D r  G ir dh a r  J .  G y a n i  
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+ HOW ARE WE 
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C h a l le n g e s  in  H e a lt h c a r e  

Long Waiting Time 

Distance Travelled to OPD 

Missed 
 Medication 

Prevent 
Chronic 
disease 

Distance travelled to seek OPD treatment 



+ HEALTHCARE 
TOMORROW  
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E v ide n c e  B a s e d M e dic in e  

� Focusing On 
Prevention rather than 
Wait and See 
Approach 
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S h ift  :  fe e -fo r -s e r v ic e  t o  a  fe e -fo r  o u t c o m e  

Treatment Today 
� Led to Change the Model 

from Fee-for-service to  
Value Based Payments  

�  Both Incentives & 
Penalties  
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F u t u r e  H e a lt h c a r e  

Everything is Connected 
� Self Management of 

Chronic Disease 

�  Technology 

� Connected Healthcare 
Ecosystem 

� Service Delivery 

http://www.pepgra.com/ 



IS IOT A 
SOLUTION  
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I o T  – M a c h in e  T a lk in g  t o  M a c h in e  
� A global Network Infrastructure linking 

Physical & Virtual Objects  
� Infrastructure – Internet and Network 

developments 

� Specific object identification, sensor, 
and connection capability 

� Internet of Medical Things, a network 
devices, connect directly with each 
other to capture, share and monitor 
vital data automatically through a SSL 
that connects a central command and 
control server in the cloud.  

http://www.pepgra.com/ 



P r e dic t io n  o f  I o T  U s a g e  
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I o T s  fo r  t h e  C h a l le n g e s  W e  fa c e  T o da y  

� Blood sampling sensors 

� External sensors that connect to the 
body  

� Telemedicine 

� Ingestible sensors (for 
example, in the form of 
a pill and eventually 
dissolved)  

� Tissue-embedded 
sensors (for example, 
a pacemaker or 
implantable cardio 
defibrillator)  http://www.pepgra.com/ 



W h a t  i t  a l l  D e l ive r s ?  

� “Data is changing, and it shows no sign 
of stopping. Along with that change, the 
scope and scale of data are 
continuously increasing”.  

IoT Generated 

� Data…Data…Data  

http://www.pepgra.com/ 



BIG DATA 
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T h e  M o de l  h a s  c h a n g e d  

� New Model: all of us are 
generating data, and all of us are 
consuming data  

� Old Model: Few companies are generating data, all 
others are consuming data  

http://www.pepgra.com/ 



D a t a  e nv ir o n m e n t  is  R a pidl y  c h a n g in g  
� Healthcare organizations are facing a deluge of rich data that is enabling them to become more efficient, 

operate with greater insight and effectiveness, and deliver better service 
Sources of the data deluge 

Sensors / Devices Videos Images Social Media Paper / Text 
Documents 

EMRs Mobile 

40-50%
 

Annual growth in digital data volume* 
~9X

 

of unstructured data vs. structured data by 2020** 
62%

 

Annual growth in unstructured data* 

Advances in computing power and techniques 

Smarter Algorithms  Faster Processing Speed Improved Visualization 

Retail Consumerism Value Based Care Personalized Digital 
Health Preventative Medicine Drug Trials and 

Discovery 

Advances analytical and computing techniques coupled with the explosion of data in healthcare organizations can help uncover leading 
clinical practices, shrink research discovery time, streamline administration, and offer new personalized engagement paradigms at an 
industrial scale that align people’s decisions and actions in ways that improve outcomes and add value  

*HP Autonomy, Transitioning to a new era of human 
information, 2013 

** Steve Hagan, Big data, cloud computing, 
spatial databases, 2012 

Customer Centric Optimal Cost Structure Adaptive Organization http://www.pepgra.com/ 



B ig  D a t a  – 3 V s ,  4 V,  n ow  6 V s  ++ V a lu e ,  V a r ia bi l i t y   
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W h a t  D a t a  is  g e n e r a t e d?  

� Log files 
� EHR data 
� Social Media sentiments 
� Clickstream information 
� Temperature, Pressure, Position, Speed, a Switch that’s on or 

off. 
� Activity Tracking: date, time, GPS coordinates and Biometrics 
� Health Activity: Size of a step taken,  
� Blood pressure, respiration rate, oxygen saturation, heart rate, 

hydration, galvanic skin response, EKG, Distance, Speed, Step 
count, fall detection, calories burned, cadence, acceleration, 
location and altitude, 
 http://www.pepgra.com/ 



T y pe  o f  G e n e r a t e d  

� Non-textual 
� Textual 
� Audio 
� Video 
� Presentation 
� Pictures 
� .rar files 
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H e a lt h C a r e  da t a  
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H e a lt h C a r e  D a t a  -  t r a n s fo r m e d in t o  m e a n in gfu l  
in s ig h t s ,  w h ic h  e x pla in  t h e  v a lu e  in  6 V s .  
 

In healthcare big 
data environment, 
the physiological 
data, EHR, 3D 
imaging, radiology 
images, genomic 
sequencing, 
clinical, and billing 
data are the 
sources of big 
data, which 
describe the 
volume. 
 
 
 
 

01 

Real-time and 
emergency patient 
monitoring such as 
BAN patients, 
heart beat 
monitoring and 
ICU patient 
monitoring are the 
sources of 
streaming data, 
data arrival rate 
from the patients 
escribe the 
velocity.  

02 

Healthcare data 
such as ECG, 
EMG and clinical 
reports are the 
unstructured data, 
whereas the 
patients visits, 
personal records 
are the structured 
data, which 
describe the 
variety 

03 

veracity explains 
the truthfulness of 
the data sets with 
respect to data 
availability and 
authenticity.  

04 

Variability It deals 
with 
inconsistencies in 
big data flow. Data 
loads become hard 
to maintain, 
especially with the 
increasing usage 
of social media 
that generally 
causes peaks in 
data loads when 
certain events 
occur  

05 

Value How do 
large amounts of 
data influence the 
value of insight, 
benefits, and 
business 
processes? The  

     06 
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SO MUCH 
DATA? WHY, 
WHAT & HOW?  

http://www.pepgra.com/ 



W h y  – P r e ve n t io n ,  T r e a t m e n t  &  M a n a g e m e n t   

Descriptive 

What Happened? 

Diagnostic 

Why it is 
Happened? 

Predictive 

What will 
happen? 

Prescriptive 

How we can 
make it Happen 

http://www.pepgra.com/ 



W h a t  - o t h e r  t y pe s  o f  a n a l y t ic s  o f  t h in gs  a r e  t h e r e ?  
 

Understanding patterns and 
reasons for variation—developing 

statistical models that explain 
variation 

Anomaly detection—identifying 
situations that are outside of 

identified boundary conditions, 
such as a temperature that is too 

high or an image depicting 
someone in an area that should 

be uninhabited 

Predictive asset maintenance—
using sensor data to detect 

potential problems before they 
actually occur, risk of classifying 

patients  

Optimization—using sensor data 
and analysis to optimize a 

process, as dosage adjustment, 
food/diet adjustments,  

Prescription—employing sensor 
and other types of data to tell 

patients what to do next, surgery, 
or diet or medications 

Situational awareness—piecing 
together seemingly disconnected 
events and putting together an 

explanation, as with 
socioeconomic condition, 
walking, diet, medication 

adherence, will lead to less 
Hba1c 

http://www.pepgra.com/ 



H ow  ?  

Layer 1 
� Sensor layer – Integrated smart objects along 

with the sensor. These sensors empower the 
interconnections of the real worked and the 
physical measurements for real time information 
process.  

Sensors  
� Measures – quality, temp, electricity and 

movement 
� Sensors entails connectivity to the senor 

gateways in the form of personal area networks 
PAN such as Bluetooth, ZigBee, Ultra-wideband, 
LAN, WiFi, ethernet connections 
 

http://www.pepgra.com/ 

 
 

Cognitive  
action 

Analytics of things 

Data Integration 

Local sensing 



L a y e r  2 ,  &  3 :  D a t a  I n t e g r a t io n  &  A n a l y t ic s  

http://www.pepgra.com/ 
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Figure : General Schema of IoT 

� Figure shows a very 
general IoT scheme, 
Which is the approach 
shown in most of the 
words reviewed in the 
states of the art . There 
are many tasks 
throughout the IoT 
process that can be 
divided more efficiency 



D a t a ba s e  M a n a g e m e n t  S y s t e m  (D B M S )  

� Conventional DBMSs are designed 
to process queries over finite stored 
datasets.  
 

� Query Semnatics: One time query 
that logically do not change while a 
query runs vs. Continuous queries 
 

� Query Plan chosen – one per query 
using statistics available vs. 
adaptive execution plan based on 
stream and system conditions as 
query runs 
 

http://www.pepgra.com/ 



D a t a  S t r e a m  

� Huge volumes of data handled by batch operations. & 
processed from permanent distributed storages using Hadoop 
MapReduce or in-memory computations using Apache Spark. 
Apache Pig and Hive are used for data querying and analyses. 
Since these run on cheap commodity servers on a distributed 
manner, they are the best bet for processing historical data and 
deriving insights and predictive models out of it. 

� Pseudo real time analytics: Following are different options for 
implementing the real-time layer 

http://www.pepgra.com/ 



R e a l  T im e  da t a  s t r e a m  

� These types of analytics refer to the system that depends on 
instantaneous feedback based on the data received from the 
sensors.  

 

� For example, IoT receives data from numerous sensors on a 
patient’s body. Need to aggregate real time data & run 
algorithms to detect situations that need immediate medical 
attention.  

 

� E.g. A medical provider or an emergency response system 
should be notified immediately or who needs 24/ 7 health 
status observation.  

 

� Analysis-response cycle should only take few seconds as every 
second would be a matter of life and death.  

Heartattack! 

http://www.pepgra.com/ 



S o lu t io n  

� A classic Hadoop based solution might not work in the above 
cases because of the fact that it relies on MapReduce which is 
considerable slow involving costly IO operations.  

 

� The solution is to augment Hadoop ecosystem with a faster real-
time engine like Spark, Storm, Kafka, Trident – Scalable, 
reliable, distributed, scalable, high throughput, fault tolerant, fast 
and real time computing to process high velocity data – to 
process high velocity data stream 

http://www.pepgra.com/ 



A ppl ic a t io n  o f  I o T  B a s e d F r a m e w o r k  
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I o T  F r a m e w o r k  

Data acquisition: by the 
biosensors. A digital system, 

before processing, the 
analog ECG signal 

converted to a digital form at 
a particular sampling rate or 

frequency 

Noise reduction – biosignals 
noisy due to weak signals.  

Filtering – remove freq. or 
attenuate from the input 
data (linear, nonlinear, 

polynomial, high pas filters, 
finite impulse  

Segmentation – accuracy of 
QRS complex 

Feature extraction – 
discrimination – e.g. wavelet 

Anomaly detection – heart 
failure, myocardial infarction 

– accuracy and 
computational costs  

visualization Store data 

Raise alarms  



 

D a t a  A c qu is i t io n  

� The first step is to be able to acquire and filter the massive input stream 
generated by millions of sources from the IoT at an application-defined 
frequency.  

� To define online filters in order to discard redundant data without loss of 
useful information (at the source level, or at a higher level).  

� when a jogger stops to take a rest her sensor reads the same value at 
regular intervals. These values could be locally filtered in order to 
compress the input data set. We showed that the input workload is 
continuous but that the flow rate varies over time.  

� A key challenge is to design and implement a scalable way of 
supporting a variable number of connected objects in order to handle 
peaks of workload. 

http://www.pepgra.com/ 



D a t a  C le a n in g  

� Sensor data from smartphones is inherently erroneous and uncertain.  
� The main factors are battery life, imprecision, and transmission failures. 

This problem is especially challenging when we consider stream 
processing.  

� For instance, a smartphone can exhaust its battery life in the middle of 
the route or its GPS sensor can position it outside the route, which 
corrupts the resulting GPS trace.  

� Addressing this problem requires detection and correction of this kind of 
data by performing online data cleaning.  

http://www.pepgra.com/ 



 

D a t a  P r o c e s s in g  

� Data processing requires faster speed, and in many areas data have been 
requested to carry out in real-time processing such as disease risk prediction 
and requirement of surgery or not 

http://www.pepgra.com/ 

Figure : static data computation versus streaming  
data computation 

Source: Adopted from IBM (2017) 



D a t a  P r o c e s s in g  
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Table: List of event processing tools and his main characteristics 
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Q u e r y  P r o c e s s in g C h a l le n g e s  

� Query processing in the data stream model of computation comes with its own unique challenges 
 

� Unbounded in size, the amount of storage required to compute an exact answer to a data stream 
query may also grow without bound. While external memory algorithms for handling data sets 
larger than main memory have been studied, such algorithms are not well suited to data stream 
applications since they do not support continuous queries and are typically too slow for real-time 
response.  
 

� Approximation algorithms for problems defined over data streams has been a fruitful research area 
in the algorithms community - for data reduction and synopsis construction, including: sketches, 
random sampling , histograms , and wavelets .  
 

� Window Sliding: One technique for producing an approximate answer to a data stream query is to 
evaluate the query not over the entire past history of the data streams, but rather only over sliding 
windows of recent data from the streams. For example, only data from the last week could be 
considered in producing query answers, with data older than one week being discarded. 

http://www.pepgra.com/ 



S t r e a m  D a t a  M in in g  

� Traditional data clustering algorithms such as K-means Self Organizing Maps, density 
based clustering techniques such as DBScan and CLIQUE, are applied on finite static 
data   

� because data streams are infinite, data stream mining algorithms need to process the 
data in single pass  

� Anytime data mining algorithms such as K processing, anytime learning, anytime 
classification 
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S t r e a m  D a t a  M in in g  

� Traditional data clustering algorithms such as K-means Self Organizing Maps, density 
based clustering techniques such as DBScan and CLIQUE, are applied on finite static 
data   

� because data streams are infinite, data stream mining algorithms need to process the 
data in single pass  

� Anytime data mining algorithms such as K processing, anytime learning, anytime 
classification 
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D a t a  I n de x in g 
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V I S U A L I Z AT I O N   

Most forgotten areas  
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W H E R E  I  W I L L  
G E T  T H E  DAT A  

For researchers 
/academicians 
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D a t a  R e po s it o r ie s  
https://www.datasciencecentral.com/profiles/blogs/great-sensor-datasets-to-prepare-your-next-
career-move-in-iot-int

https://archive.ics.uci.edu/ml/datasets.html 

https://www.datasciencecentral.com/profiles/blogs/big-data-sets-available-for-free 

https://www.datasciencecentral.com/profiles/blogs/20-free-big-data-sources-everyone-should-
check-out 

http://www.conduitlab.org/data-sources/ 

https://github.com/TomLous/coursera-getting-cleaning-data-project 

http://efavdb.com/machine-learning-with-wearable-sensors/ 

https://awearable.tumblr.com/post/115835279113/the-datasets 

https://zenodo.org/record/14996#.WfqnKGiCw2w 

https://old.datahub.io/dataset/knoesis-linked-sensor-data 

https://www.healthdata.gov/search/type/dataset 
 http://www.pepgra.com/ 



C h a l le n g e s  fo r  “A t  R is k ”  P a t ie n t   
I de n t i f ic a t io n  &  I n t e r ve n t io n  

Data Challenges 
• Large Scale: Up to 10s of millions of 

patients  
• High Dimensionality: Thousands of 

dimensions spanning many years 
• Semi-Structured: Clinical notes, 

imaging, medical codes 
• Distributed: Multiple providers and 

representations 
• Sparse and Irregular: Periodic visits, 

different for each person 
• Uncertain: Subjective, data entry 

errors, bias for billing 
• Incomplete: Many items missing from 

the medical record 

Task Challenges 
• Critical decisions: May literally 

mean life or death 
• No clear right answer: Evidence 

is often ambiguous 
• Limited time: Manage 

complexity, multiple granularity 
• Domain experts are people…  
• Data analytics and statistics 
• Visualization and user interaction 
• Systems 

 
• Too much (or too little) trust in 

numbers 
• “But my patients are di�erent…”  
• Users resistant to technology 

change 
http://www.pepgra.com/ 



C o n c lu s io n  

Better treatments…..  

 More efficient 
care………………  

http://www.pepgra.com/ 
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C o n t a c t  U s  

 More efficient 
care………………  
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