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Objectives

® List at least 2 analytical challenges encountered within large datasets

® Describe at least 2 solutions to analytical challenges encountered within
large datasets



Background

"Big Data” is increasingly popular
Predictive Analytics holds great promise for nursing care delivery
However, large datasets are not the panacea many would taut

Solutions to challenges are not always evident to clinician subject matter
experts



Challenges

Data Acquisition & Management Missing Data

® Ethics approval ® Alllarge datasets contain some degree of

® Ensuring individual patient privacy missing data

" : : Must find cause of missingness
Preventing undesired user access

Each imputation approach has advantages

® Collecting & storing “big data” & disadvantages



Challenges (cont'd)

Statistical Model Assumptions Model Evaluation

® Many statistical models & machine learning ® Evaluating expected future performance

: o
techniques exist! ® Bias/Variance Trade-Off

® Clinicians might not understand the model



Hiding within those mounds of data is
knowledge that could change the life of a
patient, or change the world.

/4

Atul Butte, MD, PhD

Associate Professor of Pediatrics, Stanford




Exemplar

Create a prediction model for in-hospital cardiopulmonary arrest
~170,000 adult patients
Predictors: demographics, vital signs, laboratory values, billing codes

De-identified electronic health record



Data Acquisition & Management: Exemplar
( )

\ ) Local Server

Team-Based




Data Acquisition & Management: Other Solutions

Structure Query Language (SQL) Secure Servers

UPDATE clause —[UPDATE Countr‘y EEEEE | ssion
sssssssss {SET population = population + 1} amazon

ttttttttt

aaaaaaaaaaa {WHERE name = ,'USA',l; web services q
! teExpression

GOOSIC Cloud Platform

Many free online courses (MOOCs) available, for example...

courserga uw3schools.com



Missing Data: Exemplar

Simulated Performance of Logistic Model for Non-Survival Data

® LabValues & Vital S S prtrmancs o Lot odel o Suril bt
Signs missing in 40- — —— TR,
60% of cases s | —

® Conducted simulation ¢
studies (20 million o] T ——
patients) to identify | T
prefe rred |mput atlon MI_No_Outcome MIWithutcome Assumed_Normal n ——
approach [T S ——

Imputation Approach

Leveraging Statistical Simulation Studies to Gain Insights from Data:

A New Type of Simulation for Nurses
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Missing Data: Other Solutions
| Advantages ____|Disadvantages

Complete Simple Highly biased (unless MCAR)
Case Loss of power

Median Simple Likely biased

Imputation Easy to implement Unable to represent uncertainty

prospectively

Multiple Minimal bias Computationally intense
Imputation Accounts for Challenging to implement prospectively
uncertainty



Statistical Model Assumptions: Exemplar

o Apprach

Purpose Statistical Machine Learning
Classification

Predicts whether an Logistic Regression Random Forest
event will occur

Survival/Time-to-Event

Predicts how likely an Cox Proportional
V=g ks cre = le il Hazards Regression
point

Random Survival Forest




Statistical Model Assumptions: Other Solutions

________Bamples _________ Advantages __ Disadvantages

Traditional
Statistics

Machine
‘ Learning

A \ N

Linear Models (e.g., OLS) Available in many Many assumptions to
Generalized Linear (e.qg., statistical meet
logistic) packages Can be slow

Time-to-event (e.qg., Cox)

k-nearest neighbors Handle large data Less interpretable
Naive Bayes quickly Less familiarity within
Decision Trees (e.g., random Fewer healthcare

forests) assumptionsto  community

Neural Networks TS



Model Evaluation: Exemplar

Pre-Processing
o —
i Original Data |
Multiple MEDIAN
Imputation Imputation
Multiply Imputed MEDIAN
Set 1 Imputed Set
Multiply Imputed
Set m

Regression Models Machine Learning
1
Multiply Imputed Multiply :[m
Set 1 Setim
1
. DEVELOPMENT f \
. Training Testing
(50%)  (25%)
Multiply Imputed
Setm
MEDIAN
Imputed Set VALIDATION
(with bootstrap) \

Validation (25%)*

* validation portion of MEDIAN imputed data set
used for direct comparison of all approaches



Recall-Precision Curves
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Validation

® External:
¢ Split-Sample
® New Setting
® Chronological
® Internal:
® k-fold cross validation

® Bootstrap

Model Evaluation: Other Solutions

Interpretation

® Predictor Importance
® Partial Dependence Plots

® Graphs vs. Numbers



Conclusion

® Clinically meaningful big data insights require multifaceted expertise &
teamwork

® Nurses & other clinicians are equipped to identify problems “big data” can
help solve

® As nurses become more knowledgeable of big data research challenges
& solutions, they position themselves to be leaders in research teams &
advocates for implementation of novel findings



Thank you!

alvinjeffery@gmail.com
quantitativenurse.com

Twitter: @Nurse_Alvin
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