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Good day all and welcome to Health Catalyst' Fall Webinar Series. We are excited to kick up the
series with today's webinar, Predictive Analytics: It's The Intervention That Matters. My
name is Tyler Morgan and | will be your moderator today. Throughout our presentation, we
encourage you to interact with our presenters by typing in questions and comments using the
guestions pane in your control panel. We will be answering questions at the end of the
presentation during our questions and answers time. If we don't have time to address your
questions during the webinar, we will follow up with you afterward. We are recording today's
session, and after the event you will receive an email with a link to the recording,
presentational slides, and information on registering for the next webinars in the series. | am
very happy to introduce our presenters today, Dale Sanders and David Crockett.

Dale Sanders has a diverse 30-year background in IT, with the most recent 17 years in
healthcare IT. In addition to serving as Health Catalyst senior vice president of strategy, Dale is
a senior research fellow for the Advisory Board Companies and current senior technology
advisor for the National Health System in the Cayman Islands. To learn more about Dale and his
incredibly diverse background, you can look him up on his LinkedIn profile and follow him on
Twitter and then he will have a slide with that contact information available.



David Crockett is Health Catalyst's senior director of Research and Predictive Analytics. He
brings nearly 20 years of translational research experience in pathology, laboratory and clinical
diagnostics. His recent work includes patents in computer prediction models for phenotype
effect of uncertain gene variants. Dr. Crockett has published more than 50 peer-reviewed
journal articles in areas such as bioinformatics, biomarker discovery, immunology, molecular
oncology, genomics and proteomics. He holds a BA in molecular biology from Brigham Young
University, and a Ph.D. in biomedical informatics from the University of Utah, recognized as one
of the top training programs for informatics in the world. Dr. Crockett's current focus is the
ability to predict patient health outcomes and enable the next level of prescriptive analytics —
the science of determining the most effective interventions to maintain health.

| will now turn the time over to Dale Sanders. Dale...

[Dale Sanders]

Thanks Tyler and thank you everyone for again sharing your time with us. It's a true honor and
blessing on our part to be here with you today. | see a lot of dear friends and colleagues on the
attendees list and we'll do our best to share our time in a quality fashion with you today.

An Email Yesterday
From a CMIO about today’s webinar
Dale,

“One thing that | think would be helpful, generally
speaking, is helping executives and operational
leaders get a really concrete idea of what value true
analytics brings to a healthcare organization. These
days the terms 'predictive analytics’ and 'big data’ are
thrown around so frequently and so casually, that for
many they have become devoid of actual meaning.”

| just want to mention, at the beginning, | got an email yesterday from a good friend and also at
CMIO and he mentioned that — he said here, "One thing that | think would be helpful, generally
speaking, is helping executives and operational leaders get a really concrete idea of what true
value analytics brings to a healthcare organization. These days the terms 'predictive analytics'
and 'big data' are thrown around so frequently and so casually, that for many they have
become devoid of actual meaning." And | fully agree and empathize with that. And what we
hope to do today is try to clarify that, try to separate some of the hype from reality. And the



message that you'll hear from us on a pretty regular basis is you don't really need to worry too
much about predictive analytics yet. There are other things that you should be doing that are a
lot less complicated and that will lay the foundation for predictive analytics. But focus on the
simple, easy things first. So what we're going to do today is talk about all those lessons learned
that we've experienced, David and | have experienced in our careers and the direction that
David is going to take Catalyst and kind of provide you with that background, so that when it
does come time to make big decisions around predictive analytics, you'll be in a good position
to do that.

Audience Poll

Benefits of predictive analytics to
healthcare over the next three years?

Audience Poll
Benefits of predictive analytics to healthcare over the next three years?

So one of the things we like to do is take a quick poll at the beginning of the presentation to
assess everyone's thoughts about the benefits of predictive analytics in the next three years. So
| think Tyler is going to pop a poll up to attendees here. And we just wanna gauge at the very
beginning what do you think the impact will be in three years of predictive analytics.

Dale: Tyler, do you have that?

Tyler: That poll is up and we've got folks voting. We'll leave this up for another 25 to 30
seconds...

Dale: And then you'll share those results in real time with the audience. Is that right?

Tyler: Absolutely.



Dale: Okay. And while everyone is doing that, we put three years on here on purpose because
if we would have asked in one year, | think the answer would be a lot different. And
then I'll share with you my answer and we're all done here.

Tyler: Okay. We're gonna close the poll in about 5 seconds...Alright. Based on the poll, we
had 80% voted and we'll see that present...45% said they believe there would be major
impact. Are you able to see these results, Dale?

Dale: Yup, | can see them. And so, what | was — my answer would be | think there's going to
be some impact. And the reason | say some instead of major is because it takes a long
time to drive change in healthcare. | actually think that we could see major impact if the
economic models of healthcare in the US change faster, but at the rates that (06:10) is
going and the economic model is choosing, | think it's gonna be a little harder to extract
that significant benefit from predictive analytics. But that's straight. | appreciate
everybody showing and sharing your thoughts on that. And at the end of the
presentation, we're gonna ask you that same question again and see if anything has
changed.

Overview

Dale Sanders

. Human interest and color commentary

A selection of stories, concepts and lessons learned,
such as...

The parallels between “treating” terrorists and treating
patients using predictive analytics

David Crockett

« A graduate-level crash course
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[Dale Sanders]

Overview

So let's see here. There we go. In overview, what we're going to do today is I'm gonna kind of
give sort of the human interest and color commentary about my experiences in predictive
analytics and this odd parallel between "treating" terrorist and treating patients using
predictive analytics. My background includes an anti-terrorism work. In fact, that's what led



me to healthcare. And then David is gonna give you his graduate-level crash course that is
gonna be invaluable. I've gone through the slides myself and | think it's just gonna be a really
interesting presentation, very valuable.

An Oddly Relevant Career Path
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An Oddly Relevant Career Path

So this oddly relevant career path that | have, | spent a number of years in the Air Force as a
ClO. I specialized in nuclear warfare operations, worked for an organization called the Strategic
Air Command. And when | got out of the Air Force, | worked for TRW. And TRW was a big
Space and Defense company at that time. Now, they've vested themselves of that and all they
do is automotive parts. One of the major contracts that | had as an employee of TRW is |
worked for the National Security Agency and my team was responsible for protecting the US
Nuclear Command & Control System. So we worked with the National Labs and the
Department of Defense and we would dream up all of these crazy different scenarios and we
would attempt everything from stealing a warhead to hacking into the Command & Control
System and the National Laboratories would work with us to develop all of these bizarre
technologies to see how possible these scenarios were to pull up. And of course modeling and
predictive analytics were a huge huge part of what we did.

One of the interesting things that TRW also offered was their credit risk scoring. So they were
the owners of what's now known as Experian. So between NSA and this credit risk scoring
environment, TRW had their hands on a lot of data and in particular they were some of the
leading engineers at the time around predictive analytics. Then the last time that | worked on
at TRW was for the Pentagon and was called the Strategic Execution Decision Aid, and this was
an attempt to help clarify and reduce the variability of decision-making in the event that we
face a nuclear war. And so, as bizarre as all that sounds, it's amazing to me how parallel a lot of



the processes are between this environment and healthcare. And | hope you'll see a little bit
more of that in the following slides.

Key Messages & Themes

1. We are fixated on predictions and interventions of readmission
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Key Messages & Themes

So on key messages and themes today is that we tend to be fixated right now on predictions
and interventions around readmission. It's a little disappointing to me because what we really
should be working on is predicting and intervening on admissions. We're worried about
readmissions but we should be thinking upstream and we should be aiming much higher than
that.

Predictions without interventions are useless and potentially worse than useless. There are a
lot of times when you can predict things and you look at it and you'll go, wow, | wish | didn't
even know that because we have no means to intervene. So if you don't have a strategy for
intervention to go along with your strategy for technology and predictive analytics, you expose
yourself to a lot of problems.

Correlation does not imply causation and | think David is gonna touch on this a little bit more
but predictive analytics, especially in healthcare and where there's humans involved, there are
a lot of very complicated surrounding factors that have nothing to do with causation but you'll
see these correlations in the data in the algorithms. And so, being able to toss at the side and
see through that is very very important.

Missing data equals poor predictions no matter what the environment, be it healthcare or
terrorism or nuclear warfare. And in our environment, we're missing huge amounts of data
around patient outcomes, familial data and genomics right now. We're not bending that back



to the point of care. We're not even collecting familial data. We're not even collecting patient
outcomes data. And so without that we really can't close the loop effectively on predictive
analytics towards patient care.

Some of the most important predictions, you don't need a computer to tell you. Nurses and
physicians could tell you on their experiences. It's a lot more effective, it's a lot more accurate,
and it's a lot less costly.

Last thing is as | mentioned earlier when it comes to analytics, take care of the basics first.
There will come a time for predictive analytics. And if you follow some of the advice that all of
us have learned the hard way, you'll be prepared for predictive analytics, as well as a lot of
other tools by laying that foundation first.

Most Common Causes for Readmission
Robert Wood Johnson Foundation. Feb 2013

1. Patients have no family ar other caregiver at home
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4, Patients discharged too soon
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Most Common Causes for Readmission

Speaking of the easiest things, Robert Wood Johnson Foundation published in February of this
year (2013) the most common causes for readmission. And they're listed here. There is no
caregiver or family support at home, they're getting poor discharge instructions or inaccurate
discharge instructions, patients didn't understand those discharge instructions, they were
discharged too soon. And interestingly, patients were referred outside of the network of the
hospital that treated them. So the hand-scribbled message down there at the bottom is that
'we don't need an expensive predictive analytics program to tell us what to do. We already
know." When you think about, that if David and | were true vendors trying to sell products
instead of solutions, we'd be advocating predictive analytics right now. But we're not. We're
really not. We're telling you to take care of basic things first. Predictive analytics will come but
not right now.
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Healthcare Analytics Adoption Model

Some of you have seen this analytics adoption model that we have been developing over the
last number of years. More recently, we finalized this. This represents the final version of it
and | in particular want to acknowledge Dr. David Burton and Denis Protti. Dear dear friends to
me, dear colleagues to me. And the contributions of Dave made to the development of this, in
addition to a number of other folks.

But again | wanna bring attention to this. In this analytics adoption model that we've
developed — and by the way this is based upon years and years of in the trenches experience in
healthcare and we really feel very strongly that this is a really helpful model to follow
deliberately. We don't call for predictive analytics until we get up to level 7 on this model.
There's a lot to do laying a foundation and taking care of other basic things before you get up to
level 7. Now, there are some organizations in the industry that operate at these upper levels.
Places like Intermountain Healthcare are a good example to that. And so, they're prepared to
take care of and take advantage of predictive analytics in that environment. They have the
culture, they have the technology to leverage it effectively.

I'm gonna ask all of you to take a look at this and rate your own organizations. Where do you
think you operate consistently day in and day out on this adoption model? And I'm gonna
pause and let you absorb this for just a minute and then we're going to ask you to answers that
guestion in another poll and then in a couple of slides. So where do you operate consistently
day in and day out at your organization? Take a look at that model there.

Okay. Now, I'm gonna move on this info.



Healthcare Analytics Adoption Model: The Details for Organizational Self-Inspection
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So the goal that we had in developing this model is so we could have most of the content and
the value under one page so people could carry it around and you can literally use this as a
checklist to ask yourself and ask your organization about where you're operating on the model.
It's a little too detailed to go over in this presentation. I'm gonna pause for just a minute to let
you absorb a little bit of it. And now we're gonna ask you, where do you think you operate or
organizationally day in and day out on this adoption model? Are you down here at the
fragment of point solutions? Do you have a data warehouse in place? Have you integrated
some of your vocabulary in patient registries? Automated internal reporting, is it consistent?
Reliable? How is your external reporting? Can you adopt all the new requirements? Are you
dealing with clinical effectiveness and accountable care? Are you really addressing the triple
aim, which is patient-centered care, population-centered care and economics of care at the
point of care?

Dale: Okay. How are we doing on the poll, Tyler? Is it coming along?
Tyler: We've got about 45% of attendees that have voted.
Dale: Okay.

Tyler: We'll leave this up for another 15 to 20 seconds...Alright. We will close the poll now and
let's share the results.

Dale: So that's interesting. And this is consistent with other polls that we've had where most
organizations are still operating at level 1 and 2 and trying to get up to level 3 and 4. It's



good to see and | love to know the organizations that are operating at level 7 and 8 and
we need to bring you to the forefront of attention in healthcare so that organizations
can learn from you and follow your role model. So it might be interesting to follow up
with the folks that have responded in those upper levels.

Audience Poll

Analytics Adoption Model:
At what level does your organization consistently and
reliably function?
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Audience Poll

Analytics Adoption Model: At what level does your organization consistently and reliably
function?

Okay. Moving on now. So here's the poll. We'll share all that later.
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Challenge of Predicting Anything Human

So let me just mention this. These are kind of (17:31) thoughts here but very important. It
really is quite important actually. There is this challenge of predicting anything that's human.
And if you read philosophy and the progression of map and physics over the centuries, you see
this pattern emerging in which the maturity of the body of knowledge progresses along with
the maturity of the mathematical models that surround that body of knowledge. So the more
math we can apply to that body of knowledge, the more we understand it.

Astronomy is a good example of that. Astronomy was for many years just based upon
observation. We didn't really know how to model it mathematically. And so, we had some very
odd interpretations of what was happening in the universe and the stars and the galaxy and
things. But over time, as we became better at applying math to that, we could understand it,
we could predict it, and it cleared up that body of knowledge. And the same thing happens in
medicine. So sociology, the psychology of random violence, anthropology, anti-terrorism,
they're very difficult environments to model with mathematics. Classical physics, quantum
physics, electrical engineering, on the other hand, quite easy to model, quite easy to predict
with mathematics.

Medicine was somewhere kind of in the middle, where we do have some math associated with
the field of medicine in the body of knowledge. Lab results are a good example to that. Those
are numbers, measuring things, functional measurements of behavioral health, functional
measurements of physical health, the biomechanics of devices in surgery. We're making in
roads towards the development of that mathematical model but we're actually still a long way
away. And there's actually a very big gap here. And you see economics is this word
combination of math and human behavior. Industrial engineering is the same thing. This graph



really doesn't represent the enormity of the gap that exists between medicine and these more
hard sciences over here at the right. And we need to be aware of that as it's important to
understand that there's an (19:58) of understanding that we can achieve right now given the
map that we have available for medicine and that cascades into these predictive algorithms.
You just have to understand there are some things about our ability to model human behavior
that we don't understand yet, and that in turn should tamper in paper what you expect from
predictive analytics.

Sampling Rate vs. Predictability

The sampling rate and volume of data in an
experiment is directly proportional to the predictability
of the next experimeqt
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Sampling Rate vs. Predictability

There's another important concept here that relates to healthcare, and experimentation in
general, the hard sciences, and that is that the sampling rate and the volume of data in an
experiment is directly proportional to the predictability of the next experiment. So for
example, if you look at and you were a part of a NASA or an Air Force Space launch, you'd see
that the data that's collected around that single space launch is at least a million times greater
than the data that we collect around patient care. If you think about the patient care sampling
rate that we have right now, it's only when you really have an encounter. It's when you go into
the doctor's office. And the sampling rate, the volume of data that we generate still isn't that
much. A lot of times we like to think it's a lot of data, in particular the imaging data, but that
[inaudible] data doesn't have the mathematical models around it that are very effective yet,
either there's some measurements and things like that. But overall we haven't instrumented
the patient like we have instrumented this space launch and until we do that it's gonna be very
hard for us to predict what's going to happen next to the patient care, specifically in the
populations.
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Can We Learn From Nuclear Warfare Decision Making?

So going back to that bizarre background, what kind of lessons can we learn from nuclear
warfare? Well the odd thing is we have this "clinical" observations in nuclear warfare, just like
we have lab observations, and that is we had satellites and radars that indicated some kind of
an enemy launch. That was our clinical observation. We thought they have a predictive
"diagnosis". "Are we under attack or not?" Is this a false positive from those lab results? Is this
a false positive from the satellites and radar? The decision-making timeframe was like that in
an ER or an ICU. We had less than 4 minutes to make decisions when those enemy submarines
were launching from the east coast of the US. It was very time critical. And during that time,
we had to make decision about treatment and intervention and that scenario was about
launching on warning or not, do we try to write this out, is it really happening, do we launch,
because if we can't launch we're not gonna have the ability to launch later on. Very stressful
environment. They're very direct parallels to healthcare.
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Desired "Outcomes"”

We also worked around desired "outcomes" and these are literally taken from what we'd
known at that time as the single integrated operational plant for the United States Military and
these were our desired outcomes when we were faced with this decision-making environment.
These are the outcomes that we were trying to achieve. First and foremost, there was
retention in US society as it was described in the Constitution. Then we had to retain the ability
to govern and command US forces, minimize the loss of US lives, destruction in US
infrastructure. And we had to do all of these as quickly as possible with minimal expenditure of
US Military resources. So again, you see the parallels. These are the kinds of things that we
need to (23:35) healthcare first, what our desired outcomes, we need to do that as cheaply and
as quickly as we possibly can.



Where And How Can A Computer Help?
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Where And How Can a Computer Help?

So we undertook the computerization of this process in the late 1980's and into the 1990's
when the (23:51) was coming apart and the control of nuclear weapons was a big unknown in
the political environment world at that time. And there is an act called the Nunn-Lugar Act that
set aside tens of millions that ended up being hundreds of millions dollars trying to improve our
ability to react reliably and minimally in this environment. And that was my first exposure to
big predictive analytic algorithms. So at the center of this, you have this poor stressed out
military commander trying to decide how much time is left, what our human intelligence is
saying about the situation, are the sensors right or wrong, which targets are under attack and
what might that imply about the enemy, where is the president and all this, have we contacted
him or her, which of our forces are available to respond, what if we do respond, is that gonna
escalate things, and what is the appropriate response given the situation in the world. And
then all of that had to fold into a response and intervention. As | mentioned, we had 4 minutes
to make that decision.

What | observed as a member of the battle staff in these situations was enormous variability of
decision-making across the general officers at the middle of this decision and the command
authorities at the civilian level. Great variability in the way they approached this. And so, | was
working on this for the military and for the Pentagon trying to standardize and reduce the risk
of disasters and the horrible outcomes when | started studying the use of computer within
healthcare, thinking | would apply that back to the military. And | was introduced to Al Pryor
and Homer Warner and Reed Gardner, Peter Haug, Scott Evans, a lot of brilliant people out at
Intermountain Healthcare. David Classen. And | learned at that time that healthcare was in
fact a lot less computerized and a lot less advanced than what we were in the military. And so, |
made a pivot in my career towards healthcare saying that, you know, that there's a lot of



opportunity to help the world on a different level by applying what we learned in the military to
healthcare.

This is a screenshot from the SAC Underground Command Post, just kind of a human interest
story there. This is the environment we worked in and you can imagine how complicated the
predictive algorithms were for the general apertures in a battle staff making those decisions.

Lessons For Healthcare
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Lessons For Healthcare

So what kind of lessons that | learned from this that | tried to apply to healthcare? Humans
didn't trust the predictive models. So we modeled all this out and spent literally hundreds of
millions of dollars on this but the human decision-makers didn't trust those predictive models
when the timeframe was compressed and the consequences of a bad decision were extreme.
So I'm led to believe that predictive analytics initially in healthcare will be much easier to apply
culturally in slowly changing situations like chronic condition management, elective procedures,
ventilator weaning, glucose management, and | should actually say glucose management in the
ICU, and antibiotic protocols. But in really compressed timeframes where the outcomes are
extreme and the consequences are extreme, predictive analytics algorithms didn’t have much
effect on changing behavior.

The other thing that we found is that subjective human issues were not well-modeled. So there
was always this fear, there still is this fear that the "Rogue Commander" scenario kind of the
(27:44) October scenario in which a "Rogue Commander" or a terrorist group obtains a nuclear
weapon is very difficult to model. So subjective mathematical models around human behavior
are still just not there yet. That said, we still need to try to at least quantify those "Rogue
Commander" kind of scenarios, and in this situation, the "difficult patient". We'll talk about
that in just a little bit.

Without outcomes data, there's this all guesswork. Now the good news is in nuclear warfare,
we don't have much outcomes data and hopefully that will always be the case. But it doesn't
have to be the case in healthcare. All of us collectively as professionals should be putting
enormous pressure on our EMR vendors and entrepreneurs and only see to solve this problem
around outcomes data. If we don't collect outcomes data, our predictive algorithms for patient
care are going to be next to worthless.
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Quantifying the Atypical Patient
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Quantifying the Atypical Patient

So speaking of quantifying an atypical patient in that subjective human factor, one of the things
we found at Northwestern is about 30% of patients under chronic condition management fell
into these atypical profiles, and that is they had a cognitive inability to participate in a protocol,
they had an economic inability, a physical inability, geographic inability, religious beliefs that
prevented their participation, some sort of contraindications, sometimes genetic
contraindications to participation, or they were simply voluntarily non-compliant. They didn't
wanna participate.

And so if you're going to be a true accountable care organization, you have to accommodate
these attributes to the patients in the population set because they are going to require a
different strategy for outreach and treatment. Likewise, if you're going to try and predict the
outcomes and the treatments and the responses to these patients, you also have to use these
attributes in your models. So it's really important to be able to start thinking about standard
ways to quantify these atypical patients so that we can fold those into our predictive analytics
algorithms when the time comes.



Accounting For These Patients
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Accounting For These Patients

So your algorithms must be adjusted. They're a unique numerator in the overall denominator
of patients under your care. You need a data collection and governance strategy for these
attributes. You need a different interventional strategy for each of those 7 categories. And
interestingly, your physician compensation model must be adjusted for these types of patients.
So in the future, we're all going to be holding physicians accountable, if not already, for some
level of accountable care and quality improvement. But you can't hold physicians accountable
for a patient that's voluntarily non-compliant with the protocol or has some other attribute that
prevents them from participating effectively in that physician's guidance. So that’s why we
need to start thinking about these things now when it's early enough to plan for and prepare
for.



Sortie Turnaround Times

The Goal: Predictable, fast tumaround of aircraft to a successful battle
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Sortie Turnaround Times

And one of the important parts of that is the sortie turnaround time of aircraft. Important in
the order of battle to be able to predict the arrival and turnaround time of aircraft so they can
be returned to that battle space. And that means the delivery of people, logistics, equipments,
supplies, fuel...Over time what we would do in the military, and | understand this is progressing
under the commercial airline industry, we would profile these incoming planes with as much
detail as we possibly could, including down to the pilots that were onboard, and we would
compare those incoming profiles with our database of similar profiles and their turnaround
times. And then we could predict more accurately the turnaround time of these aircrafts back
to the order of battle. And if you ever had the chance to speak to a military commander who
got to manage the order of battle, they're some of the smartest people that you'll ever
encounter. It's an enormously complicated thing to manage. And so, these predictive analytic
algorithms become very very important in managing this very complicated battle space here.



Patient Fight Path Profiler

The Goal: Predictable, fast turnaround of patients to a good life
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Patient Flight Path Profiler

So it hit me a few years ago at Northwestern that theses add parallels to the arrival of patients
in healthcare. So as soon as we see a patient on their way to, in some fashion, in a data way,
we see them arriving into our healthcare environment, the more we can start profiling those
patients and comparing those patients, so those that have been through this before and with
how quickly they return to a life space and a comfortable good life, then we can start
understanding what we're doing right and wrong about these patients that are inbound just like
we could those aircrafts. David and | are gonna work more on this concept later and hopefully
be able to demonstrate these products to you in the next few months.



Healthcare As a Battle Field...??
The Order of Battle and the Order of Care
Demand forecasting: What do we need and when?
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Healthcare As a Battle Field...??

So Healthcare as a battle field is sort not parallel but the truth is there's a lot of parallels
between that order of battle and the order of care, and that includes demand forecasting:
What do we need and when? And it's really, it's almost separate from the notion of measuring
outcomes, although that's still very important. So as the patient is arriving or is becoming a
member of your accountable care organization, starting to profile patients like this as quickly as
possible, comparing them against the other millions of patients that you have in your enterprise
data warehouse, exposing that to the predictive algorithm so that you can now forecast the
demand and the timing for quantity, types of people, equipment, supplies, medications,
facilities, and then arriving that in the order of care when it's appropriate, making sure that
everything is available when it's supposed to be they're not sitting around unused when it's not
needed. And then ideally, as we measure outcomes, we'll fold that all back to the data
warehouse and start optimizing this loop.



NSA, Terrorists, and Patients

The Odd Parallels of Terrorist Registries and Patient Registries

NSA, Terrorists, and Patients

So the interesting thing about the work in the NSA is that characterizing terrorism,
characterizing patients end up being an enormously similar process, and it comes in three parts.
We would spend a lot of time trying to identify those people in the world who might be a
terrorist, and as it turns out, the indicators are very strongly associated with family and friends
and your lifestyle behaviors. That's what drives those algorithms and it has interesting parallels
to patients as well. We would characterize folks who were a terrorist through their active
participation in an active terrorism and then of course there were those who were no longer
terrorists, and in those cases we either reformed you, we jailed you, or you died. But that same
basic model applies to the categorization and the management of patients as they progress
from you might have a disease through you do have a disease through you hopefully no longer
because we treated you effectively.



Predicting Terrorist Risk

Risk = P(A) x P(S|A) x C oK j
Probability of Attack ?‘”’_

«  Probability of Success if Attack occurs

Consequences of Attack (dollars, lives, national psyche, etc.)

«  What are the costs of intervention and mitigation?
Do they significantly outweigh the Risk?

Predicting Terrorist Risk

The important thing about that process is not just predicting the progression from here to here
to here but it's predicting the risk associated with that — because that's what starts driving your
interventional strategies —it's when you really understand the risks. When we're dealing with
terrorism risks, it's the combination of the probability of an attack times the probability of
success if attack occurs and the consequences. And we always have to understand what are
the costs of intervention and mitigation, and do they significantly outweigh the risks. And those
are the same kinds of discussions we need to have around patient care. So predicting patient
risk is a similar algorithm but it's not about the success of the attack. It's about what's the
probability of the disease, what's the consequence of that disease and "disease" in this context
is anything that could detract from health. So it could be an adverse event, it could be an acute
care condition. But we have to start folding predictive analytics and risk management into the
same time or rather the same thought space.



We Know the Probabilities

Table 1. Number of hospital stays and stays per 10,000 population by the most frequent
_principal diagnoses, 2011 5 ‘
Number of stays | Stays per 10,000

Principal CCS diagnosis in thousands | population

All stays 38,591 | 1,239
Liveborn (newborn infant) | 3618 . 123 |
Pneumonia {excapt that caused by fuberculosis and 1114 | ag
sexually transmittec d ) d
Seplicema (excepl in labor) 1,094 35
Congestive heart failure, nonhyperensive | 970 31
Osteoarthntis 964 31
Mood disorders 896 | 29
Cardiac dysrhythmias 795 | 26 |
Chreonic cbstructive pulmenary disease and bronchiectasis 729 23 |
Complication of device, implant, or graft 692 22 |
Spondylosis, intervertebral disc disorders, other back & 667 21 |
problems |

Annreviaton: COS, Cinizal Classficabors So%asre

Source: Agency for Haalthcare Resaarch and Quaity (AMRQ), Canter for Defivery. Organzaticn, and Markets, Heathcare Cost
and Utiization Preject (HCUP), Natiorraide Inpatient Sample (NIS), 2011

What are the consequences?
What are the strategies and costs to intervene?

We Know the Probabilities

We know the probabilities, right? This came from the folks at HCUP that pushed this out the
other day. We know the number of hospital stays per 10,000. This is where we should be
focusing our risk management strategy in healthcare and our predictive analytics strategy
because we know that this is the primary driver towards our hospitals right now, these disease
states. We have to start thinking about the consequences in terms of dollars and what are
strategies and costs to intervene will be and how that relates back to our predictive analytics
strategy.



Lessons For Healthcare

Muitiple predictive models that "vote” are mare accurate than sin

In the absence of data, and until more data is available, multiple expert apinion is
better than nothing for predicting outcomas and managing risk
“Wizdom of crowds’
Backward chaining predictive models (supervised learning} are the most accurate, but
ara also inllexivle and lragile
How did this person bacome a terrorist? What was their pre-terronst data
prafile?
Friends, family, and what you read are MAJOR predictors of terror risks
We don't collect familial data in the course of care
If you associale with more than cne lerrorisl group, evean grealer predictor
Paralsls oA camn !uil1
Even whan we can predict accurately. the cultural willingness and ability to intervene
are increcibly difficult and can be very centroversial
Armed drone “assassinations”. 1S4 profiing

BRCA genes and prophylactic maste :&-'.Jf"IES
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Lessons from Healthcare

So what are these lessons that we learned from the NSA and terrorism? That multiple
predictive models that "vote" in an ensemble is the most accurate method, not single models.
In the absence of data, and until more data is available, multiple expert opinion in those is
better than nothing. Leveraging the "wisdom of crowds", I'll talk just a little bit more about
that. This backward chaining, supervised learning, are the most accurate. So you know what
the disease was, you know what the outcome was, and you're trying to work backwards from
that to understand why it happened rather than working forward from data trying to
understand what might happen. A lot more complicated to work backwards but it's also a lot
less flexible to work backwards. David will talk more about that later. Interestingly, family,
friends and what you read were major predictors of terrorism risks. When | was in that space,
interestingly, we don't collect familial data in the course of care but that we had a great value in
healthcare. We found that if you associate with more than one terrorist group, it's an even
greater indication of your commitment to become a terrorist and it has these interesting
parallels to comorbidity. The more chronic disease that you have, the higher risk you represent
to the accountable care organization. And then even when we did accurately predict terrorist
activity, we found that the cultural willingness and ability to intervene were also incredibly
difficult and you can see that in the press today and there's more going on behind the scenes
that we're not even aware of. Arm drone "assassinations" | think would be around TSA
profiling, very difficult interventions, culturally very challenging. In healthcare, the BRCA genes
and prophylactic mastectomies are also a very interesting example of the brutal nature of
interventions and how difficult they can be.
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There's more reading on this topic, | won't go into that, but it has interesting parallels to risk
management in healthcare that | think everyone would benefit from.

Suggestive Analyticse®

Surround the decision making environment with
suggestions, based on analytic data

« Much easier than predicting
» Leverages "Wisdom of Crowds" data

Worth reading

+ "Nudge: Improving Decisions About Health, Wealth, and
Happiness”
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Suggestive Analytics
| wanna talk a little bit about suggestive analytics. | think it's a lot easier than predictive
analytics. It leverages the "wisdom of the crowds". If you haven't read "Nudge", it's a really



simple easy read and you'll get exactly what I'm saying. By surrounding the decision-making

environment with related analytics, you don't have to predict anything. You're just nudging
people towards different behavior.
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The example | use all the time is the way that our transactions around purchasing a book like
"Nudge" are surrounded by all sorts of other suggestive analytics, other books, the ratings,

different kinds of prices, and all of that is suggesting changes to my behavior in the purchase of
that book.



Closed Loop Analytics:
The Triple Aim
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We can do the same thing in healthcare through closed loop analytics at the point of care and
that's the notion of the triple aim — that is 2/3 of the user interface that does have EMR is really
ought to be about analytics. Patient specific information, patients like this with comparative
analytics, typical outcomes, population health metrics. And then cost of care, what's the
average cost of care for this patient, what's the cost of care for this encounter, all of that being
said by analytics at the point of care. And that's the notion of the triple aim.

The Antibiotic Assistant

» Predicting the efficacy and costs of antibiotic
protocols for inpatients

Antibietic Predicted Average
Protocol Efficacy Cost/Patient

Option 1 500meg §7.256
Oplion 2 300mg v Q24 85% 51238
Option 3 40mg IV Q6 20% §1.759

Dave Claussen, Scott Evans
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The Antibiotic Assistant

The antibiotic assistant at Intermountain Healthcare was a program that David Classen and
Scott Evans developed and worked on for many years. It's still there. | was lucky enough to be
associated with it when | was at LDS Hospital. A great example of folding patient-specific
information, predictive efficacy of a protocol and cost of care all back at the point of care. So
this is all driven by analytics, embedded within the patient's chart in the health system at
Intermountain Healthcare. One of the earliest and | think most forward-thinking
implementations of the triple aim.

The Antibiotic Assistant Impact

Complications declined 50%
Avg # doses declined from 19 -> 5.3

The replicable and bigger story
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The Antibiotic Assistant Impact
Antibiotic assistant had huge impact. Complications declined, doses declined, and the
antibiotic cost per patient declined as well. And all we did was display the cost to physicians.



Stories of Correlation vs. Causation

+ The production of butter in Bangladesh and the S&P 500
David Leinweber, UC Berkeley

+  TRW Credit Reporting (Experian)

NSA-developed predictive algorithms indicated Black (African
American) borrowers were higher risk

Sociologists on staff explained the bigger picture
-  Women, Hormone Replacement Therapy, and
Cardiovascular Disease

Women with HRT had lower CVD .

Women with HRT were from higher income levels and could
afford to exercise
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Stories of Correlation vs. Causation

There's interesting stories now about correlation or causation | wanna talk about and this is
important. And again, David can talk more about this. But a few years ago, there was this great
kind of joke, it was actually quite an impressive joke by a professor from UC Berkeley, in which
he produced a paper that said the production of butter in Bangladesh was responsible for and
could be correlated to 75% of the movement on the Standard & Poor's 500. And what he was
really saying is that you can basically tie just about any data together to show a correlation if
you want to but it doesn't have anything to do with causation. And we see that a lot in
healthcare.

One of the bizarre things that | saw at TRW is we took those NSA-developed algorithms, we
went down to our siblings in a credit reporting environment and we said, | think we can help
you predict your credit scores more effectively. But what immediately jumped out of that was
that African Americans were the highest risk in those credit algorithms. And of course that's
incredibly for causation and correlation interaction. And the sociologist that we had on staff
helped explain the bigger picture that in fact if you believe that correlation were causation, you
would actually make the situation a lot worst.

Interestingly, in healthcare a few years ago we thought that hormone replacement therapy and
cardiovascular disease in women were connected, that women undergoing HRT had lower
cardiovascular disease. But when we really looked into it —and so a lot of people were actually
signed up for that. A lot of women were going to their doctors asking for hormone
replacement therapy because of that. But what we really found later was that those
undergoing hormone replacement therapy were actually from higher income levels that had



more leisure time and could afford to exercise and eat better diet. It didn’t have anything to do
with the hormone replacement therapy.

Audience Poll

How confident are you that your organization is
prepared to combine the technology of predictive
analytics with the processes of intervention?
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Audience Poll

So we're about too close on my section of the presentation. I'd like for us to pop up the next
poll and ask yourself, how confident are you that your organization is prepared to combine the
technology of predictive analytics with the processes of intervention?

And let's put it — let's say today — no, let's not say today. I'm sorry. Let's say within a year, let's
put a timeframe on this, within a year, how effective do you think your organization would be

at combining predictive analytics with these processes and strategies for intervention around
analytics?

Dale: Tyler, I assume that's chunking away. There itis. That's great as there seems some
optimistic numbers, which means that folks are thinking about this. And again, they're
very confident. | really feel very strongly, those of you that are confident about this, we
need to get your stories out to the rest of the industry. If there's some way we can
follow up with you and facilitate that, we would appreciate it.

Tyler: Alright. We'll leave this poll open for just another 5 to 10 seconds and then we'll show
the results...



Wrap-Up

« Vendors are in the EXTREME hype cycle of
predictive analytics

Without outcomes data, we are largely stuck with
predicting the obvious

Take care of the basics of analytics, first
- The human "mathematical model” is years away
« Suggestive analytics is easier

« Intervening to reduce risk is the hard part
Predicting is the easy part
Predicting without intervenirg is ripe for lawyers
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Dale: Are we good?
Tyler: Here are our results.

Dale: Alright. That's great. Thanks, Tyler. Very interesting to run. Thanks for participating in
that.

Wrap-Up

Okay. Wrapping things up then, we're in an extreme hype cycle. Be careful. Take care of those
lower levels of the analytic adoption model first. In the meantime, all of us in the vendor space
will be developing good tools so that when the timing is right, we'll be there for you. The
human mathematical model in healthcare is years away, so manage your expectations carefully.
We're under-appreciating and under-utilizing the impact of suggestive analytics and we need to
put pressure on the EMR vendors to accommodate that in their APls. And then of course
you've heard this a million times, intervening is the hard part, predicting is the easy part.



Many thanks

+ Contact information
dale.sanders@healthcatalyst.com
dale.sanders@hsa.ky
@drsanders
www.linkedin.com/inldalersanders
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Many thanks

And | think that is the end of my section. Here's my contact info and everything else, contact
info, and we'll make these slides available to everyone later so that you don't have to copy that
all down. Thank you everyone very much for sharing your time. Now, David is gonna be going
into this content, which is going to be very very interesting.

And David, thank you and | appreciate sharing the time with you too.



David Crockett:
The Graduate Crash Course
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DAVID CROCKETT: THE GRADUATE CRASH COURSE

[David Crockett]

Thanks, Dale. That was great. | could certainly listen to that stuff all day long. In terms of time
check we have scheduled and now we're in the half of this and we will be sure to have a bit of
time at the end for questions and answers and | will get going on my slides.



Objectives

Topics we'll cover today include:
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Objectives
So today, topics that we'll cover...everybody can see that okay.
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Machine
Learning
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"’ HoealthCatalyst Fropdetary and Confidential

Objectives
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| wanna talk about just some machine learning overview, examples of leading Open Source and
Commercial software.

Objectives

Topics we’'ll cover today include:

Machine Software Prediction
Learning (E;(eins‘op:?; Modeling
Overview € enenarchill Demo
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We'll also work through an example building an actual predictive model on our example data
set.
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Topics we'll cover today include:

Machine Software Prediction
Learning Examples Modeling

: (Open Source,
Overview Sl Demo

4 Insights to
Implementation
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And along the way we'll summarize some key lessons that we'd learned.



Machine Learmng 101
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Machine Learning 101
So welcome to your Machine Learning 101. The bad news, I'm gonna try to cram several
semesters of machine learning and high performance computing into just three or four slides.
But the good news, you get to avoid, you know, we got rid of boring stuffy professors.



Machine Learmng 101

A SCIeﬂtlflC discipline
concerned with algorithm
design and development
that allows computers to
learn based on data.
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Machine Learning is a discipline that deals with design and development of algorithms and
leveraging computers to deal with sets of data that's too big for us look at by hand.



Machine Learmng 101

A suentmc discipline A major focus of machme
concerned with algorithm learning research is to
design and development automatically learn to
that allows computers to ¥ recognize complex patterns
learn based on data. N and make intelligent

i decisions based on data.
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One major focus of machine learning is to help the computer recognize patterns in the data and
make decisions based on those patterns. And Dale has done such a nice job, first rate job, of
giving some examples about all the military and other industries.



Machine Learmng 102

Extractlnq useful mformatlon from large
machine-readable data sets is a problem faced
by people in nearly every area of commerce,
manufacturing, government, academic
discipline and scnence

A DANE D) Sk
"' HealthCatahyst Frepdetary and Sonfidential v lnhltnlm'::-

Machine Learning 102

So the next is perhaps of course where, Machine Learning 102, groups and every major industry
and discipline face the challenge of extracting meaningful information from these large data
sets.



Machine Learmng 102

machine-readable data sets is a problem faced
by people in nearly every area of commerce,
manufacturing, government, academic
discipline and science

ine perception, compu{er vision, natural /anguage processing, syntactic pattern r
Chemo/immuno-informatics, detecting credit card fraud, stock market anal
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Extractmq useful lnformatlon from large
machine-readable data sets is a problem faced
by people in nearly every area of commerce,
manufacturing, government, academic
discipline and science

Machine Ieaerhas é W|de range of applications:
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DNA sequence alignment, speech and handwriting recognition, image recognitio
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Machine Learnmg 102

Extractlnq useful mformatlon from Iarge
machine-readable data sets is a problem faced
by people in nearly every area of commerce,
manufacturing, government, academic
discipline and science

Machine Iearm@has a vhwb -e_range of applications:

1atics, brain-machine interfaces, software engineering, robofics,
1 recognition, image recognition, gaming, adaptive websites, locomotion, efc..
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And there's of course wide range of applications for the use of Machine Learning. Some of the
better known examples include things like detecting credit card fraud, optimizing internet
search engines, DNA sequence alignment, stock market analysis, and speech recognition. But
importantly, there are existing industries that are historically very very good at managing
population and managing risks. The two that come to mind, you know, immediately are
gambling casinos, life insurance, things like that. And again, Dale did such a nice job of
introducing that topic, putting that to overlap with some of the unexpected areas and how in
healthcare we can leverage that existing head start in this predictive analytic space.



Machine learning algorithms are organized into

a taxonomy, based on the desired outcome of
the algorithm.

Supervised Learning ‘ Unsupervised Learning |

|

Generates a function that maps Maodels a set of inputs: labeled
inputs to desired outputs examples are not available
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\
Reinforcement Learning ’ Transduction ’

Learns how to act given an T'gzss;?j ‘;:a:_':itn?:wiﬁuzi’:ts
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training outputs, and test inputs

\
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Algorithms

Algorithms used in machine learning approaches can be — to the more popular approaches
shown here on the top are Supervised Learning sometimes also called a classification, when the
outcome is known ahead of time; and Unsupervised Learning, when the outcome is not
available. And today, we'll talk mostly about the Supervised Learning.



Algorithms

Machine learning algorithms are organized into
a taxonomy, based on the desired outcome of
the algorithm.

Supervised Learning ’ Unsupervised Leamning ‘

Generates a function that maps Models a set of inputs: labeled
inputs to desired outputs examples are not available
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But one potential complication in the current healthcare system, and Dale alluded to earlier, is
that comprehensive outcomes data is often missing. Now, this lack of capturing the final

outcome severely limits in the utility of machine learning tools in this particular setting and it's
one of the big obstacles to widespread adoption in trust. So without a class outcome or a label
to train the algorithm, that supervised model cannot be easily built, and sometimes also called

structured or backward training, as Dale mentioned. But without the outcome itself, it's hard
to train supervised learning models.



The Modeling Process
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The Modeling Process

Step 1

So a simple schematic, you know, a predictive modeling process might be instructed to review.



The Modeling Process

Step 1

Define
Problem

Gather
Data

Run/Evaluate
Models

&
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The first step is to carefully define what problem you want the computer to address. You
gather than necessary initial data, including outcomes when it's available. Then we evaluate
several different algorithm approaches to gauge performance.



The Modeling Process

Define
Problem

Run/Evaluate
Models

VALIDATION
DATASET
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Step 2
In step 2, we refine this process by selecting perhaps one or two of the best performing models.
And now we test with a separate data set to validate their approach.



The Modeling Process

Step 1
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Problem

Gather

Step 3
Data P

Apply Model
- Run Prediction

‘ 5 - - 4

Run/Evaluate
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Step 3

The final step is to run the model in a real world setting. But a word of warning here to avoid
confusion, to be sure to understand the purpose of them and the terminology around these
training and test sets, how they can be used, how they should be split, and any subsequent
independent validation using a new set of data. All those ideas are very key to understand.



A Few Definitions...
o 0 e i I

l’ QUTPUT

= Features * Qutcome
» Attributes * Prediction
» Variables * Forecast
» Class * Trend

» Labels

FEATURE SELECTION

Selecting a subset of relevant variables (features)
for use in construction a model

CLASSIFICATION

Use an object's characteristics (features) to identify
which class (or group) it belongs to
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A Few Definitions

A few test definitions will be helpful for us to know as all of us move forward in this area of
predictive analytics. And depending on the industry and the staff expertise, terms used might
vary. So when we indicate data that's being put in and used as an input, different groups might
call that features or attributes or variables and will also have a class or a label that tells us what
the outcome is, a yes or a no. In terms of output, you know, after a bit of math and the
algorithm splits out an outcome, this may be called again a prediction or a forecast or a trend or
outcome, depending on the industry and the audience.

Feature selection is a great tool, a mathematical approach to simplify the input to only those
variables having the most impact on the outcome.

And classification, as we mentioned earlier, a category of supervised learning. It will classify a
group according to an object where it best fits using the characters or features or attributes of
that object and place it where it belongs.
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Feature Selection

So we're nearly done with the lecture material. So congratulations for hanging in there. This
slide will list just a few representative methods used in feature selection, sometimes also called
attribute selection. This technique is used to trim down a list of variables to only those that
have the greatest effect or impact on a given outcome. So approaches such as principal
components or chi-squared may be familiar to some of you already, even if you didn't realize
that they could be used for selecting the best set of features to train a predictive model.
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Know Your Data...

It is important to understand the data being used but even more important just to know the
strength and limitations of the various algorithms that you want to use. So for example, in
general, linear regression is for continuous data and logistic regression is for categorical or
discrete data. (54:50) deals with missing data much better than any other approaches. Support
vector machine algorithms like SMO are very extremely powerful for classifying a binary
classification or non-linear classifier. They're very computationally demanding to train and run
and are very sensitive to launch your data. And that's a few examples.



Don’t confuse more data
with more insight.
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Insight #1

So lesson #1 that we wanna point out — in healthcare, the irony of technology driven and
maybe a more generalized predictor model, that inputs dictator or global features, is that any
targeted utility is almost all that's lost. So prediction focused on a specific clinical setting or a
specific patient need will always outperform a generic predictor in terms of accuracy and utility.
The reason for this, the very features that characterize the condition well are the very
attributes that train an accurate predictor. If those features don't stand out above the
background noise, the predictor only predicts the noise well. So the full power of prediction is

best realized when specific variables are gathered and the target clinical need is met and
participants are willing to act.



Specific Improves Accuracy
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Specific Improves Accuracy

Another way to state this is specific champs (56:09) global. Now, | wanna emphasize the point
that correcting specific data is always better than simply adding more data. Feature selection
can really help in this regard.



Specific Improves Accuracy
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So as shown here, the precision or cost of predictor power accuracy improves dramatically as
we move from a generic hospital admission model running just below 80% when we move to a
predictor specifically focused on cardiac patients up to about 90% accuracy. Why is this? It
may seem obvious but | wanna be sure. Additional features that are a characteristic of that
population only can now be added and leveraged above and beyond the generic tool. So just
one example of this type of additional data fields might be lab values that are specific to —as
cardiac markers, etc.
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Classification

And as mentioned earlier, one of the more popular applications of supervised learning is
classification. There are various computational methods used in this approach, these with their
own strengths and limitations. The next few slides will cover simple examples of a rule-based
classification and regression-based classifiers and although the other approaches have been
used very successfully in many industry settings as well.
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Classification — Rules Based

So rule-based classification is perhaps rather more straightforward to understand and that's
simply because the output is often human-readable, meaning that | can look at the final model
and see the exact rules that are being used to generate the classifier decision. So my kids often
tease me sometimes saying the true cost of completing graduate school and PhD work is not
the time of the tuition. The real cost is in terms of hair, how much hair was lost. So having that
example shows that my gender is now, and I'm older than 40. They'd be getting a little thin on
top, maybe you're running around 65% probability or some metric. But if I'm a male and over
40 and | have a grandpa or an uncle or a brother that already has lost their hair, you're much
higher, over 80%, and a good chance that | can be forecasted to fall in that group as well by a
rule-based classification.
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Classification — Regression

Regression simply finds our weight or a multiplier now to each variable in terms of how much
impact that has on our final outcome. So you do the math, you sum up the whole expression
and you have your number. Now the same variables as before but perhaps now a little less hair
on this guy. So in detail, you can get caught up in principle components or eigenvectors or ROC
curves but in fact this regression can be one of the more straightforward ways to approach
classification as well.
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Classification — Tree Based

A decision tree or tree-based classifiers are similar to rules, but now instead of compounding a
list of yes or no rules, we move into a flow diagram of trees and branches and leaves and
bagging and pruning. We can also move forwards and backwards along the branches to
optimize the output for the cross-label or outcome. So here in this example, if I'm a male, yes,
and over 40, yes, | could consider shopping for some alternative hair care products. One
disadvantage of the output in a tree model, although it's not hard to code and implement, it
may not always be human-readable from the number of trees and branches that are a result of
the model.



Don’t confuse
insight with value.
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Insight #2

Lesson #2, the lesson learned and insight. So integrated prediction is the period of stand-alone
application, and what that means is people who work in a database environment and database
discipline understand keenly that data plus context equals knowledge. So prediction should be
used in the context of when and where it's needed with the specific clinical readers that have
the willingness to hack on that appropriate intervention and measures. Furthermore, using
prediction in context within a comprehensive and data-rich warehouse environment will always
be superior to a stand-alone application in a given data silo environment.



The Cost of Readmissions

Medicare rehospitalization within 30 days after discharge: $17.4 billion
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The Cost of Readmissions

Dale mentioned this point earlier. To better illustrate it, let's spend a few minutes talking about
hospital readmission, the cost of the patient making unplanned returns at the emergency
rooms (60:37) to say the lease. So several software options are beginning to merge to help
hospitals avoid financial penalties associated with reporting this metric. For the purpose of
today's discussion, | simply wanna point out that a metric such as predicting hospital
readmission can be enhanced by embedding it where a clinician or an administrator wants to
get and needs to use it.



Prediction In Context
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Prediction In Context




Prediction in Context

So what does this term in context mean? So don't do prediction for prediction's sake. A single
box is great or arrows up and down. The integration within a more complete clinical picture is
where the real value is recognized.

Prediction In Context
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So in context, (61:16) to recognize the value of the prediction will be enhanced when
implemented and evaluated in the framework of the appropriate data collection. In other
words, in a data warehouse environment where associated patient details are available on
demand and also can be viewed in concert with the predictor...
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...it makes that predictor-driven intervention much more successful.



Data Warehouse Synergy

Prediction can be more powerful “in context.”

Rothman Index, an early wellness metric.
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Data Warehouse Synergy

Now a great example of this potential synergy is the existing Rothman Index, an early indicator
of wellness. This is the very proven algorithm. It captures trends from multiple data feeds, the
vital signs and lab values and nursing assessments. And this data taken as a whole will often
provide early warning as the patient begins to fail or even a careful human observer can
possibly connect all the dots between so many unrelated data points simultaneously. Now,
using this metric within a rich data warehouse environment would boost the chances for an
impactful clinical intervention and enhance evaluation of its use and now available views could
also be seen with finance or patient satisfaction, etc., now available in that warehouse
environment. So remember, one key to the success of the algorithm is, first, obtaining all the
necessary data. And when you assess only part of the picture, it may yield an incorrect view for
prediction model.
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Evaluating Performance

It's helpful to understand a few more definitions. So these first two on the left describe
correctly identifying which outcome are really true and which is really not true. If the outcome
does not correctly assign the classification, it will be mislabeled or known as a false positive or

false negative. So in patient care, both of these have serious ramifications and need to be
minimized.

Sensitivity now on the right box represents a true positive rate. Specificity yields up a true
negative rate and positive predictive value, or precision as sometimes called, is one way to
measure the overall performance and also compare performance between models.
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Again, sensitivity measures the actual positives which are correctly identified. Specificity
measures the proportion of negatives which are correctly identified.
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Always a trade off...

But for those of you that's been in a considerable of time in airports, you can appreciate this
analogy of airport security scanners. If the setting is much too sensitive, anything will set up
the alarms, loose chains or keys or belt buckle, hair clips. And that's very impressive if
sensitivity is the only concern but certainly not practical in terms of moving people through
quickly and safely.
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And this trade-off between sensitivity and specificity is often graphed as an ROC curve, a ROC
plot as sometimes called.



ROC Curves

The trade-off is between:. Sensitivity vs. Specificity...

u'\ ,_1—¢i

aR
perfac cucglitation
ar 1AUC

Area Under the Curve (AUC)

Machine learning often uses
this AUC statistic for model
comparison. (~ ¢ statistic)

PPV (precision) is a common
metric that's also used.
PPV =TPI{TP + FP)

] ‘o 22 o3 oA los o5 ar loa 9o 1
Lspeciaity

) HesithCatalyst Fropratary and Confideotiy bt s

ROC Curves

This is a simple schematic here on the left of our ROC plot with sensitivity on the Y axis and 1-
specificity along the X axis. And we sometimes just hear the term area under the curve to
describe how well some statistic model is performing. And all this simply means is the metric
moves up and away from this diagonal that represents a random chance or a 50/50 line that
moves closer to the top left, representing perfect prediction of 1. And this dark gray area now
shaded represents one way to gauge how well the predictor is performing. This is also
sometimes known as a c statistic, it's analogous to that. And precision can also be used to
compare performance across different models.



Don’t overestimate the
ability to interpret the data.
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Insight #3

So insight #3 in lesson learned, can we trust clinical predictors? And I'm of the opinion in
laboratory and diagnostic setting that a lot of clinicians don't trust computers to tell them what
to do. Predictive analytics is a very powerful tool in this regard but only when it's used with
specific clinical focus in the context of necessary data and implemented within a warehouse
environment to prompt intervention and allow a better evaluation of that intervention. So in
the end, we should have kind of a single, right, we wanna leverage historical patient data to

help improve current patient outcomes and we should know first (65:41) our ability to interpret
that data.
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Open Source Tools

So I've listed just some representative examples of open source tools including popular
softwares such as R, Weka, statistical package arc is found at the CRAN network, (65:59) at Fred
Hutchinson Cancer Center. It's widely used its open source tool, thousands of specific libraries
are packaged (66:07) for a variety of applications. As of September this month, our package
repository had about 4,800 available packages and that number is growing exponentially. So
packages are, these are submitted or shared to assist with statistical computing for topics such
as biology or genetics, finance or neural networks, time series modeling and many others. In
addition to R, there's a lot of examples here on this page and excellent tools for forecasting or
prediction. I'll give you the example.



Open Source Example

Various implementations of a given approach can be found.
For example, random forest classification (circa 2001):

Original implementation by Leo Breiman and Adele Cutler (Fortran)

ALGLIB (library, C++, C#, Pascal, Visual Basic, Python)

Orange (toolkit, C++, with Python interface)

fast-random-forest (Java)

RandomForest (Weka)

Milk (toolkit, Python)

treelearn (Python)
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Open Source Example

So around the year 2000, Breiman and Cutler out of Berkeley, this random forest classifier was
developed and trademarked. Now, the license is exclusively to Southford systems, in the
commercial release of the software, but you can find several different implementations of the
same approach in open source software, whether it's C# or Python, Visual Basic.net lab and
Java. So different toolkits and different implementations. The point there is a similar approach
can also be found in several different implementation languages or environments and specific
to different industries, and we can learn from those at head start.



Open Source Standards

Predictive Model Markup Language (PMML), is an
industry standard used to represent numerous
predictive modeling techniques.
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Open Source Standards

| should mention briefly, also in open source, something that's pretty interesting. So PMML, or
Predictive Model Markup Language, it's a common file format. It can be used to import and
export models as a goal between different software. For example, all of your existing models
developed in one original software package can now be imported into a new predictive
environment and to avoid rebuilding everything one by one and we can see the obvious
advantage to that. So algorithms such as association or clustering, neural networks, decision
trees, all those can be effectively represented in this PMML.



Commercial Tools

Many commercial tools also exist...
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Commercial Tools

On the commercial side, various tools and vendor solutions also exist. In fact, it can make a
person a little busy to sort through all the advertising and that's Google search results. Now, if
you're clever, you may have noticed that | haven't listed Health Catalyst on this slide. While we
understand this predictive space very well, we do not, we simply don't do prediction for
prediction's sake. So in order to be successful, we feel that clinical event prediction and the
subsequent intervention should both be content driven and clinician driven, and really part of
the bigger picture of clinical change and that culture of improvement in healthcare.



Enhancing Commercial Tools
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Enhancing Commercial Tools

In fact, prediction should be used in the context of when and where it's needed with clinical
leaders that have the willingness to act on appropriate intervention measures, but importantly
an underlying data warehouse platform's key to gathering those rich data sets that are
necessary for training and implementing predictors, and data warehouse environment will
actually feed into and enhance many of these vendor tools.



Don’t underestimate the
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Insight #4

So insight #4 in this lesson learned is don't underestimate the challenge of implementation.
What in the state of industry — so from the previous three slides, we see that various options
will exist when it comes to developing predictive algorithms or stratifying patient risk. There
are so many different choices, so it's hard to decide which one is good for us. So we have to
adopt multiple options to just get the job done. And this presents with a pretty daunting
challenge to healthcare personnel tasked with sorting through all the buzz works and the
marketing noise. So really healthcare providers need to partner with groups that have a keen
understanding of leading academic and the commercial tools and all the expertise to develop
appropriate prediction models to improve patient care and recognize that market value.

David: Tyler, let's go with that poll question now if you have it ready.
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Tyler: Alright. We have launched poll of the solutions you are aware of, is your organization
leaning toward open source tools, commercial vendor solutions or not sure? We'll leave

this poll open for about 35 seconds.

David: That's looking pretty good. It seems like we have a very honest audience today and
they're answering a lot of not sure and that's a great answer.

Tyler: Alright. In about 5 seconds we'll close the poll and show the results.
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Tyler: Alright. We're showing 46% selected commercial vendor solutions, 43% said not sure,

11% said open source tools.



Don’t underestimate the
challenge of implementation.

David: Thank you for that, Tyler. What that's telling me is commercial vendors and their sales
force in their marketing is about 50% successful. Other groups have existing expertise
and they're hardly aware of perhaps open source tools, but there's a large chunk of
people out there that simply haven't made up their mind or they're not sure. Timing is
appropriate or what tool is appropriate and fits into their environment. Those are all
great questions.



Predictive Modeling Demo

Supervised learning with a known class label (outcome)
»  Simple example: Pima Indian diabetes
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Predictive Modeling Demo

| wanna launch now into a few slides and actually go through a working model. We'll have
some fun with this. | wanna show step-by-step how to build a simple prediction model using
the (72:07) open source tool on this Weka. The software was developed by lan Witten and et al
in a computer science department at the University of Waikato in New Zealand.
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Weka File Explorer
So the main screen of Weka File Explorer looks like this. We'll open data sets, that screenshot

in there already. This diabetes data set comes from Pima Indian, a common and popular test,
training and test, the step that's used within Weka in the healthcare folders. It includes 8
variables, 1 through 8, number of times pregnant, plasma glucose, blood pressure, triceps skin
fold thickness, a 2-hour serum insulin, body mass index, pedigree if you have relatives with
diabetes, and age. And the outcome and the class or the label they're calling is a

tested _negative or tested_positive and we can see there's 500 in blue tested negative and 268
tested red and positive. So this is our opening screen.
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Weka Classify — Zero Rules

Now, we start choosing a classifier, the second tab over, and ZeroR, Zero Rules, is a great
starting place to give an idea of baseline performance because zero rules are used, so hence the
name.
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Next, we want to talk for just a moment about data options. We can ask it to use the entire
data set for training, assuming that we're gonna supply a corresponding test to that later.
Another good option and popular, we can tell it to do cross-validation, 5 folds or 10 folds. This
is similar to reborn out, take one out, and it will split it into 10 pieces. It will train on 9 and use
the 10™ piece for testing and it will do that 10 times. Or we can simply ask it to do a percentage
split, 1/3, 2/3 or 70/30, something like that, for training and for testing.
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And the third step, well we'll just simply click on start. Now after a few seconds, the model is
built, and we'll see some summary of statistics over here including, on the right side...
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...65% was correctly classified and an area of (inaudible) line like flipping the coin, 50/50, heads

or tails, and the closer the line moves to the top left, the better the sensitivity and specificity of
that predictor.
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Weka Classify — One Rule

A simple next step, OneR, stands for One Rule, is to ask the computer to just choose one rule to
choose the best path to get to predicting test positive for diabetes patients. Again, we'll use 10
folds cross-validation and click start.
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True positives now jump to about 72%, and our area under the curve did a pretty good job up
to 66%.
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And the rule is plasma glucose, is that the best one rule that it chooses above 154, we're gonna
start testing everybody positive and it takes about 5 seconds to make this model.
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Weka Classify - JRIP

We'll now move from One Rule to a next classifier we can try that allows multiple rules to be
combined. This is called JRIP. It implements a rule learner, it's repeated incremental pruning to
produce error reduction, as well as called Ripper, first proposed by Will Cohen.
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Although the true positives now move up slightly to 76, the area under the curve takes a nice

jump now to nearly 74%.
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And we can see now a combination of serum/plasma plus body mass index, insulin levels,
pedigree, if you have cousins, and a number of times you got pregnant before and your age. All
those snapped together. There's 4 total rules and it took 6 seconds to build, and we see
improvements in accuracy.
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Weka Classify - Regression
The last one | wanna show is regression. So now we'll choose Logistic and again cross-
validation.
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And now the true positive moves up slightly to 77%, but the area under the curve improves
much more up to above 83%. So if | was choosing a predictor at this point in time to work in
this diabetes setting in a given patient population, this would be a pretty good candidate to

move forward with. As mentioned in the introduction, other classifiers -- | should back up and
show this.
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So weight to multipliers can also be detailed. It can be easily seen and this one again, it took
only about 6 seconds to build that model.
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Other classifiers would also be great to try. These are nearest neighbor, support vector
machine, neural networks, many of those are also available inside of this Weka package.
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Machine Learning Models

So some key points | think to summarize here just as we're getting close to finishing. Predictive
model is actually a simple easy part. But the important part clinically for market value is really
what was found and what does it mean, what do we do about it. The domain expertise is a
must both in terms of the technical algorithm knowledge and clinical expertise paired together.
But in terms of clinical utility and trust, | again wanna emphasize the specific focus will always
trump or outperform a global or a big data approach and that culture and the willingness to
intervene is absolutely critical to make improvements in your healthcare system.



Predictive Analytics: Insights to

Implementation/Intervention

Lessons Learned:

o Lesson #1:
Don't confuse more data with more insight

e Lesson #2:
Don’t confuse insight with value

e Lesson #3:
Don't overestimate the ability to interpret the data

e Lesson #4:
Don't underestimate the challenge of implementation
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Predictive Analytics: Insights to Implementation/Intervention

So let's summarize just a bit here. In order to be successful, we really feel that clinical event
prediction and the subsequent intervention, again both content-driven and clinical-driven, the
underlying data warehouse platform is really key to gathering which data set is necessary for
training and implementing a predictor successfully. But notably, prediction should only be used
in the context of when and where it's needed with clinical leaders that have a willingness to act
on appropriate intervention and measures. The more specific term is prescriptive analytics,
which includes probably evidence, recommendations, and actions for each predictive category
or outcome. And specifically, predictions should link carefully to clinical priorities and
measurable events such as cost effectiveness, clinical protocols or patient outcomes. And
finally, these predictor intervention sets can best be evaluated within that same warehouse
environment.



Thank youl!

Questions and Answers

david._crockett@healthcatalyst.com
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So with that, | think I'll pass along. A big thank you to the audience and we'll turn it back over
to Dale to hold some question and answer session.

[ended at 79:34]
[Questions and Answers]

[END OF TRANSCRIPT]



