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Chapter 1
The spark that lit 
100,000 fires
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The Josie King Story

• Josie King, 18 months old
• 1st and 2nd degree burns from 

falling into hot bathtub
• Admitted to Johns Hopkins 

Hospital, winter 2001
• Recovered well in under 2 weeks
• Expected to go home the next day
• Taken off central line, discharged 

from PICU
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A Story Steeped in Tragedy

• The day before expected discharge, 
Sorrell King notices her daughter 
thirsty, disoriented
• Clinicians worried about negative 

reaction to narcotics
• Issued Narcan to Josie
• Josie decompensated quickly
• The next day, issued Methodone
• Failure to realize Josie had a central 

line infection and was severely 
dehydrated
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Learning from the Gravest of Mistakes

Could you tell 
me that this 
won’t happen 
to my other 3 
daughters?
-Sorrel King to Johns 
Hopkins Leadership
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Chapter 1
The spark that lit 
100,000 fires
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Chapter 2
A new beginning…
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The Donabedian Model

Structure

ProcessOutcomes
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US Healthcare is Efficient when it comes to Innovating Structure

Surgical 
Safety
(SSI)

Central Line 
Insertion
(CLABSI)

Catheter 
Removal
(CAUTI)
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Developing a Process to Implementing Structure is Complicated
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Naturally, some Priorities with Structure will fall behind
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Chapter 3
Repairing the Clinical Microsystem
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Complexity Bias

Systems have a tendency 
to over-complicate the 

reduction of patient 
harm, and in a state of 

confusion, break it down 
into many parts that 

address limited 
components of the 
greater problem.

Checklists

CAUTI

Pressure 
Injury

CLABSI

SSIFalls

DVT

Sepsis
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Gestalt Principle: The Whole is Greater than the Sum of its Parts
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The Potential of Information Systems

• The Information System – and its 
complementary components –
can reduce the complexity of 
healthcare delivery
• Streamline implementation of 

competing clinical processes
• Navigate clinician workflow
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Chapter 3
Introducing Topics in Big Data



18

Stepwise Components of Data Science

• Big Data: Sets of data too large or complex to 
be dealt with using traditional data processing 
techniques
• Machine Learning (ML): A family of 

mathematical and statistical methods for 
classification and prediction
•Artificial Intelligence (AI): Automation of 

analytical process with high volumes of 
information
• Smart Technology: Technology integrated with 

AI features and continuous flow of big data

Big Data

Machine 
Learning

Artificial 
Intelligence

Integrated 
SMART 

Technology
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The Potential for Big Data in Healthcare
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How Big Data Applies to Wound Care: Pressure Injury Risk Assessment

• Descriptive Information: Braden 
Scale for Risk Assessment

• Predictive Information

– Patient Age?
– Patient Skin Color?
– Prescription Drugs?
– History of Skin Disorders?
– Proxy Measures of Braden 

Subscores?
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Chapter 4
Translation of Big Data with Machine 
Learning Directly to Improve Patient Care
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Using EHR data to predict outcomes, combined with existing 
interventional literature, creates a smarter, more efficient health
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Machine Learning can be used to predict patient outcomes
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Leveraging EHR Data for Predicting Pressure Injury Risk

Machine Learning can be used to 
mine EHR Data

Pressure Injury Risk is Predictable, not with explicit 
sensory data, but using Big Data that is captured in 
the EHR
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NONE OF THIS IS IN THE ORIGINAL BRADEN SCALE

• Standout Odds Ratios on 
Pressure Injury Risk:
– Vassopressin Rx = 16.4 OR
– Beta Blocker Rx = 4.8 OR
– Urinalysis Order = 9.1 OR
– Lipid Panel Order = 5.6 OR

– Age matters
– Time in the hospital matters
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ROC Curve of Prediction Model Using EHR Data
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A. Random Forest-generated model (AUROC = 0.71) 

B. Time- and Age-adjusted model (AUROC = 0.64)

C. Braden Scores alone (AUROC = 0.54)      

(A)

(B)

(C)
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The Donabedian Model

Structure

ProcessOutcomes

[ I n s e r t  B i g  D a t a  H e r e ]
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Chapter 5
Integrating Big Data into Smart Technology
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Wound Care: Medicine’s Favorite Topic to Poke at
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The Field of Wound Care Needs to Respond by Doing More, 
and Sensor Technology Can Help
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Objective Measurement: Sensor Technology

• Pressure Sensing
• Temperature Sensing
• Moisture Sensing
• Mobility/Positional Sensing
• Activity Sensing
• Oxygen Sensing
• Nutrient Sensing
• Photography 

These are effectively the Braden 
Subscales measured by sensors
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Sensors that objectify Braden subscales overcome clinical judgement, 
validate risk and increase the economics of pressure injury prevention
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Pros and Cons of Data-based Sensor Technology

• Pros
– High Sensitivity and Specificity
– Functions wrt. Subscales are clear
– Handheld
– Affordable
– Multiple purchase/lease options 

may exist

• Cons
– Variable shelf life
– Capital equipment (depreciates)
– Requires tuneups to remain valid
– User Error
– Lack of integratability for some 

information systems
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Big Win: Health Equity

• Big Data does not discriminate
• Darker Skin Tones do not deter 

the accuracy of Big Data 
• Moving from a field of clinical 

judgement, whether structured 
or not, into codependence on 
technology for risk subscales 
ensure that all patient risk is 
measured equitably

There is a greater amount of difficulty 
associated with [Visual Skin and Tissue 
Assessment]…due to the complexity of 
not recognizing the redness in darker skin 
tones.

-Prof Barbara Bates-Jensen, 2021
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Conclusion: Putting Sacred Cows out to Pasture

• Methods for ML/AI are Advancing 
Quickly
• Laborious Nurse-Driven Protocols Can 

be supplemented with Big Data and 
Machine Learning Algorithms
• Artificial Technology Can Reduce Bias in 

the Analysis of Patient Risk Factors
• Consult your local Data Scientist for 

more information
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