Using “Big Data” Learning Analytics

Or How | learned to identify students
“falling off the growth chart” and evaluate
competency learning curves
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Broad Street cholera outbreak (1854)

What do
you notice?



Presenter
Presentation Notes
Let’s start with an example of the intersection between Big Data & Medicine. What is this?
Here’s a hint… “You know nothing, John Snow.”

Anasthesiologist/epidemiology Snow mapped out the cholera outbreak on Broad street. He went door to door and counted the number of people who had cholera.
What do you notice about this map? 
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Learning Outcomes \

1) Describe components of learning analytics
relevant to LCME/ACGME for EPA and

competency development

2) Analyze competency learning curves (CLC)
for trends

3) Analyze competency measures and identify
areas for improvement and faculty development
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Presentation Notes
Using a big data analytics approach can help transform your competency-based programs in four key ways.
1) I will describe a methodology for generating competency curves using Tufts’ longitudinal apprenticeship course as an example.
2) A student dashboard provides context for individual students to keep pace with their peers in their developmental milestones.
3) Competency learning curves also allows faculty to identify laggards at risk for remediation, “falling off the growth chart” in a manner similar to a pediatric growth chart, in relevant ACGME competencies like communication and patient care.
4) Data analytics can provide future direction for faculty development and skill workshops in key areas.
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1) Learning Analytics for Smarties

Describe components of learning analytics relevant to
LCME/ACGME for EPA and competency development
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Straw poll


Medicine iIs DATA. Medicine Is BIG

» Big Data
e Analytics
e Learning analytics

e Examples in medicine: e Examples in
e Vital signs = Growth chart education:
e Lab tests - “Quad screen”
e EKGs / EEGs - e-Read

e Clinical calculators =
Prediction of clinical outcomes
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Presentation Notes
Doctors use BIG DATA all the time!
(What are vital signs, EKGs, & lab tests?)

Define Big Data
Define Analytics
Define Learning Analytics
Define Learning curve and apply the principle to Competency Learning Curve ("growth chart")
Example 2) 



Big Data

Google
What we have What we want
* Volume e Digestible
 Velocity e Easy to use
 Variety e Includes all sources
* Value e Useful and

actionable

(Laney 2001) /
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Presentation Notes
Big data in a 2001 report called “3-D Data Management: Controlling Data Volume, Velocity and Variety.” 
Volume refers to the sheer size of the datasets… beyond the scope of typical abilities to capture, store, manage, and analyze.
Velocity refers to the speed at which the data is acquired and used. Not only are companies and organizations collecting more and more data at a faster rate, they want to derive meaning from that data as soon as possible, often in real time.
Variety refers to the different types of data that are available to collect and analyze in addition to the structured data found in a typical database.
1.    Machine-generated data.
2.    Computer log data
3.    Textual social media 
4.    Multimedia social and other information 
Value. big data is about supporting decisions; you need the ability to act on the data and derive value.



Big Data Analytics in Healthcare

Situational and Signal processing
Fast data i
T N contextual J  and feature N Actionable
Ingestion awareness extraction insights
J \ S .. A \
Speed and volume Correlate and enrich with Advanced custom analytics Triggers best actions,
up to 1000 samples/second EHR, patient history, available consumes relevant data alarms, clinical decision
per waveform resources, and so forth and produces insights support, and so forth
A
<2l &%
L
EKG, ABP. Demography, Linear, nonlinear, Diagnostic,
pulse Ox, and so forth labs, allergies, multidomain predictive,
meds, and so forth analysis prescriptive

F1GURE I: Generalized analytic workflow using streaming healthcare data.

(Belle 2015)




TRENDS, b
ANDTE
FOR HIGHER ED

CHALLENGES
SOLVABLE

> Blending Formal
and Informal
Learning

> Improving Digital
Literacy

DIFFIGULT

> (ompeting Models
of Education

> Personalizing
Learning

> Balancing Our
Connected and

Unconnected Lives

> Keeping Education
Relevant

Topics from the NMC Horizon Report > 2016 Higher Education Edition

TRENDS
SHORT-TERM IMPACT

> Growing Focus on Measuring Learning

> Increasing Use of Blended Learning
Designs

MID-TERM IMPAGT

> Redesigning Learning Spaces

> Shift to Deeper Learning
Approaches

LONG-TERM IMPAGT

> Advancing Cultures of Innovation

> Rethinking How Institutions
Work

2016 2017 2018 2019 2020

MID-TERM
2-3 years

NEAR-TERM

1year or less

FAR-TERM
4-5 years

DEVELOPMENTS IN TEGHNOLOGY (Johnson 2016)




Big Data Analytics

e Descriptive analytics * Prescriptive analytics
e Summarizes  Prescribes courses of
 ~80% of business action |
analytics e i.e. IEP & coaching plans
* Visual analytics * Predictive analytics
* Storytelling with graphs e Study recent and historical
and charts to make data using:
Insights consumable, Statistical
comprehensible, and Modeling
actionable. Data mining
_ _ Machine learning
e Comparative analytics Etc.
e Benchmarking e Future performance
e Monitoring measures

e Tracking performance or
process health indicators
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Analytical techniques
    * Descriptive analytics: Summarizes what happened. It is estimated that more than 80 percent of business analytics that people refer to are descriptive in nature.
    * Predictive analytics: Predicts what might happen, using statistical, modeling, data mining, machine learning and other techniques to study recent and historical data. For example, if a company’s top sales people exhibit certain behaviors, then training others on those behaviors may improve their sales results, too.
    * Prescriptive analytics: Prescribes courses of action based on various inputs and desired outcomes. For example, based on individual performance analysis, individualized training and coaching plans can be suggested.
    * Comparative analytics: Benchmarking, monitoring, and tracking performance or process health indicators.
    * Visual analytics: Storytelling with graphs and charts to make insights consumable, comprehensible, and actionable.



Learning analytics interprets data “on behalf of students In
order to assess academic progress, predict future
performance, and spot potential issues.”

“Data are collected from explicit student actions, such as
completing assignments and taking exams, and from tacit
actions, including online social interactions, extracurricular
activities, posts on discussion forums, and other activities
that are not directly assessed as part of the student’s
educational progress.”

Enhanci Teaching and Learning Through
Educational Data Mining and Lgar_ping Analytics

An Issue Brief

L.2. Department of Education

- 2 s _(U.S. Department of Education, 2012) Y,
, @ -
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U.S. Department of Education, Office of Educational Technology, Enhancing Teaching and Learning Through Educational Data Mining and Learning Analytics: An Issue Brief, Washington, D.C., 2012.
This report is available on the Department’s Web site at http://www.ed.gov/technology.
“Learning analytics refers to the interpretation of a wide range of data produced by and gathered on behalf of students in order to assess academic progress, predict future performance, and spot potential issues. Data are collected from explicit student actions, such as completing assignments and taking exams, and from tacit actions, including online social interactions, extracurricular activities, posts on discussion forums, and other activities that are not directly assessed as part of the student’s educational progress
In summary, learning analytics systems apply models to answer such questions as:
• When are students ready to move on to the next topic?
• When are students falling behind in a course?
• When is a student at risk for not completing a course?
• What grade is a student likely to get without intervention?
• What is the best next course for a given student?
• Should a student be referred to a counselor for help?



or

Learning analytics systems apply
models to answer such questions as:

When are students ready to » ACGME
move on? Milestones
When are students falling  Remediation
behind/at risk for drop out? o Elective/
What grade is a student likely Selective

to get w/o intervention? » Workshops
What is the best next course? » Faculty
Should a student be referred Development

for help?

(U.S. Department of Education, 2012)
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Presentation Notes
Journal of Asynchronous Learning Networks, Volume 16: Issue 3 9
THE EVOLUTION OF BIG DATA AND LEARNING
ANALYTICS IN AMERICAN HIGHER
EDUCATION
Anthony G. Picciano

First, in order for big data and learning analytics applications to function well, data need to be accurate
and timely. 
Second, there are not yet enough individuals trained to use big data and analytics appropriately
Third, and perhaps the most serious concern, is that since learning analytics requires massive amounts of
data collected on students and integrated with other databases, colleges need to be careful about privacy,
data profiling, and the rights of students in terms of recording their individual behaviors
Fourth, there is also a concern that a good deal of college and university student data may end up in larger
governmental databases either at the state or national level
Herbert Simon’s theory on the
limits of rational decision making discussed earlier in this article. As database systems become “bigger”
and the software such as analytics becomes more sophisticated, a case can be made that the limits of
rational decision making are being stretched further because of the plethora of information and data
available. Simon was also highly focused on the efficient use of data and is famously quoted as saying:“…a wealth of information creates a poverty of attention…


-

MedEd has a “steep learning curve”

e Learning curve*

e Visual representation
of performance

e EXperience curve*
e Learning Curve
e + deliberate practice
e + feedback

e Competency
Learning Curve
(CLC)**
e EXperience curve
e + Big Picture
e + Big Data

MASTERY ACHIEVED

You know it

NAIVELY CONFIDENT

You think you know,
but still don’t know
what you don’t know

DISCOURAGINGLY

CLUELESS

, REALISTIC
You don’t know
what you don’t You know what you
don’t know

know
http://drvidyahattangadi.com/live-your-life-by-accelerating-your-learning-curve/#.WJOmctIrKJA

*(Pusic 2012, 2015)
*Novel concept, (?'Pong 2018)
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2) Competency Learning Curve cio

Analyze competency learning curves for trends
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% ACTIVE LEARNING PROCESSES ORGANIZATIONAL STRUCTURE \

SCRIPT

Set goal, _
select,and | Practice
sequence

COMPLEX SKILL

Set goal,
select, and | Practice

sequence

BASIC SKILL

Set goal,
select, and
sequence

Practice

PRODUCTION SET

Perform,
compile

k PRODUCTIONS

OF COMPETENCIES

COMPETENCY
DOMAINS

A

Preclinical Competence

I

COMPETENCIES Com petency

COMPETENCY

SUBCOMPONENTS CheCk“St COmponentS

Competency-Based MedEd

o000 (Swing 2010)

/
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Swing SR; International CBME Collaborators.. Perspectives on competency-based medical education from the learning sciences. Med Teach. 2010;32(8):663-8. 



Student Dashboard “Radar”

e EXxit Learning
for first phase of
undergraduate O u tCO m eS

programme

Increased Scope

Increased Breadth Increased Difficulty

> [a] — [a]+[B]+[c] [a]—| A

10

Increased Utility Increased Proficiency

4 Application (to medical practice) Increased Accomplishment

[a]— A— | A

©

Expected outcome
for second phase of

undergraduate
programme
/ 7 6
Expected outcome (Harden 2007)
for postgraduate /

programme
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Presentation Notes
 Ronald M. Harden (2007) Learning outcomes as a tool to assess progression, Medical Teacher, 29:7, 678-682 - Exit ILO in four dimensions: breadth, difficulty, application, accomplishment
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EX: CO m pete n Cy Increased Utility Increased Proficiency
Application (to medical practice) Increased Accomplishment
Assessment [A]— A A
e Information Mastery
d Can formulate PICO (patient, intervention, control,
and outcome) guestion
O Identifies patient-oriented evidence
a Lists evidence-based information sources
(Dynamed, BMJ, Cochrane)
0 Accesses evidence to answer a clinical question in
real time
Self Partner Preceptor
Beginner Competence/
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Competency-based Apprenticeship In

Primary Care (CAP) @Tufts

e Competency-Based Checklists
e 50 in total
e 26 mandatory - 28 - 30

e n = 180-200 students,
* p =~90-100 pairs w/ 90-100 preceptors
e C =10,000 checklists/year

What does a “map” of
the development of
student competence

look like?

e Sound familiar?
You know nothing,
John Snow!

/
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The Tufts Online Competency Assessments (TOCAs) are a series of competency checklists that are completed by community faculty for a pre-clinical longitudinal experience called the Competency-Based Apprenticeship in Primary Care (CAP). Students start CAP at the end of their first year and through most of second year, pairing up and seeing patients in outpatient clinic once a week with a community preceptor in family medicine, internal medicine, and/or pediatrics.

At the launch of CAP, physical card-stock with ~50 checklists per student proved to be a logistical challenge. We successfully transitioned to an online system 2 years ago. Creating an online system has provided us with several data metrics, including the times of student self-assessment, the peer-student assessment, the faculty/staff assessment, and the number of retakes required. Using this new set of data, we can track students and create a dashboard with a visual representation of their progress in completion of TOCA over the course of the second year of medical school. In addition, we can quickly identify students who are at risk for remediation. We can also work with faculty who are tardy in returning TOCA. Finally, we can identify areas for faculty development and/or skills workshops based on the most challenging TOCA that require retakes to better coach our students

Many schools utilize similar competency-based approaches to education and assessment. Completion of these various checklists as faculty can feel like busy-work, but a thoughtful and organized approach to data management can become a powerful curriculum evaluation tool for medical educators.
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Student Number

After winter break
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Pass = 28 competencies
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TOCA: Competency Learning Curve
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How do
students gain
competence?
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/ Anticipated order of progression...

History - PE - Communication - Documentation - Counseling = Office Skills/Procedures

CAP Competencies (2016)

600
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==Physical Examination

==ocumentation
== Office Skills & Procedures

October

Movember December

January

February

March

\




Most Utilized Competencies

e History
e HPI
e Social History

e Physical Examination

 Vital Signs

e Pulmonary exam
e Abdominal exam
e HEENT exam

e CV exam

e Neck exam

e Eye & Fundoscopic
exams

e Extremity exam

- Advanced
Communication

Establishing Rapport

e Documentation
Updating the Med list
SOAP Note

e Counseling
» Information Mastery

When do students
complete these
competencies?

/
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3) Next Steps

Analyze competency measures and identify areas for
Improvement and faculty development




Areas of Lowest Competence
(by incomplete TOCA count)

History
e Cultural History

Physical Examination
e Pelvic exam (FEMALE)

Advanced Communication

Reasons

e Cultural competency

D SXplaining fab result » Patient population

e Geriatric assessment

e Communicating with a consultant S Lacking

e Explaini dication to th . .
patient o Peds/OB/{/geriatrics

e Cross cultural communication

Prenatal care e Team-based care for

Pediatric care office procedures

Office Skills & Procedures

» Office procedures e not done by the
(EKG/venipuncture/imms/POC
tests) preceptor

e Skin tag removal

e Wart destruction e ? Other ?

e Peak flow




Action Plan

» Reflective writing on culture and medicine

* Field trips (swapping pediatric pairs with adult
medicine pairs)

* Interprofessional education — streamline student
documentation of learning in a Community of
Practice

e Student skills workshops

e Faculty development on
TOCA & Big Data

e Dashboard/Radar




SOAPY note: Y=Your Action Plan

* What goals do you have?

 What is feasible?
~— o What is your next step?
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