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Big data is finally here…



By the numbers…





A short history of analytics

Paper

• Excel

EHR

• Vendor 
specific

EDW

• Relational

UDA

• Hedged 
hybrid



“data lake” AKA Unified Data architecture



Hub and spoke – different than what you might think (AGILE)



Visualize and reporting



Understand constraints



• AAA “close the loop” program 
• Bundled payment assessment in real-time 
• Smartphone text analytics 
• “check please” OR process cost 
• Actual vs scheduled OR cases 
• Prioritizing CT-Scan using Artificial Intelligence bot

Enhance clinical activities



Longitudinal record



Search – Unstructured (pre-annotated) data

• Notes Annotated for 
Conditions 

• Facets Based Search 
–

• Category 
(Findings, body 
part etc.), 

• Concept (Lesions,
cancer etc.),

• Polarity (positive, 
negative)

• History (yes, no) 

• Relevant Results-
100’s of results 
instead of 1000’s 



Unified Data Architecture(UDA)
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The Differences?

Traditional Data 
Warehouse(Teradata)

UDA

Features:
Structured Data Support, Longitudinal Records
Cost:
$5 Million, $600K yearly
Storage & Data:
12 TB & 15 Sources

Features:
Structured & Unstructured Data Support, Longitudinal 
Records, Real-time data, Machine Learning(ML),NLU, AI
Cost:
$1 Million, $350K yearly
Storage & Data:
200 TB & 45 Sources



Longitudinal Record example : CheckPlease!



Longitudinal Record Radiology TurnAround Time



Longitudinal Record Sepsis 3 and 6 hour bundles
• Cohorts

• Patients having diagnosis or DRG of 
septicemia (for training)

• Patients coming into ED with a possible 
infection (for prediction)



Search Unstructured Data

• 300 Million Notes

• Refreshed Daily

• Sub-second Query Time



Search Unstructured Annotated Data

• Notes Annotated for Conditions

• Facets Based Search –
Category(Findings, body 
part etc.), concept(Lesions, 
cancer etc.), 
polarity(positive, negative), 
history(yes, no)

• Relevant Results- 100’s of 
results instead of 1000’s



Natural Language Processing(NLP) 

• Extract following information from the sentence describing nodule.
– nodule sizes.

– description keywords(e.g.: “stable”, “increase”, “large”, “new” etc.) 

– site location(e.g.: “left upper lobe” etc.)

e.g.: 
“There is a lobular pulmonary nodule in the right upper lobe measuring 11 x 10 mm (image 65/291), previously measuring 9 x 6 mm, mildly increased
in size.”

CSV file:
Id, Note
Id, Note
Id, Note

CSV file:
Id, Note
Id, Note
Id, Note

CSV file:
Id, Note
Id, Note
Id, Note

Annotated 
notes:
Id, XML
Id, XML
Id, XML

Hadoop/Big Data 

Results

User/ group 
access

…

MRN ENCOUNTER_I
D

Note 
time

RADS Score length width units description location Is Past 
Reading?

1 22 12/19/2
016 
13:20

LUNG RADS 
4B

11 10 MM “increase” Right 
upper

No

2 34 11/18/2
016 
22:33

LUNG RADS 
1

3 0 MM “tiny stable 
subcm”

Left lower No

Results

…



Natural Language Processing(NLP) AAA & Lung Nodules 

10 million
radiology notes

300,000
notes with nodules

210,000
unique patients

82,594
care gaps

Lung Nodules

23 
Lives Saved 

AAA



Data From Data Captor Devices

Capture Process Store and Report
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• Branch of Artificial 
Intelligence (AI)

• Strategic approach to 
expanding organizational 
architecture – advanced 
analytics

Supervised
(Structured)

Guiding outputs by tagging 
inputs with the desired 
outcomes

Unsupervised
(Semi-structured)

Recognition of patterns that 
meet the desired outcome 
criteria without giving ‘clues’

Reinforcement
(Dynamic)

Association of positive/negative 
reward with linked actions and 
outcomes

AI- Machine Learning, What is It?

Types of Learning



Machine Learning - Sepsis to Septic Shock Prediction

• Cohorts
• Patients having diagnosis or DRG of 

septicemia (for training)
• Patients coming into ED with a 

possible infection (for prediction)
• Prediction of patients

• Sepsis to septic shock
• Time interval between sepsis to 

septic shock
• Confidence score on the prediction

• Features for prediction
• SIRS (systemic inflammatory 

response syndrome) – vitals and labs
• Organ dysfunction – vitals and labs
• Source of infection – patient notes
• Antibiotics time
• End time of Fluid Bolus
• Hypotension Values



ASVCD Risk Score card



Latest generation Machine Learning Model – Multi Layer Perceptron Model (MLP)
– Current AUC 0.94 – up from 0.75

Based on concurrent EPIC data WITHOUT manual abstraction
Two tiered approach

– Give clinicians immediately actionable temporal/trending information
– Generate geographic heatmap
– Generate top 100 lists to identify care gaps and guide targeted interventions

• high yield
• Per service area

Risk score card and mapping

Primary/secondary risk 
prediction and managment




