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Scraping Information from Information Systems within Provider Networks 
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Electronic Health Records 
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Aggregation Across Provider Networks – Seeking Scale 
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How do we use all these data? 

Fudge’s research planning as “measurement planning” 

Look at the data, identify data 
elements 

 

Talk to experts 

 

Consider direct measures and 
remote proxies 

 

Build an initial algorithm 

 

Quantify operating characteristics  

 

Finalize when good enough 
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that our current explanation might not be

correct. Skilled observation requires

sensitivity to our environment and an

ability to recognize when something is

confusing and therefore worth pursuing.

Question. Puzzling observations

organically lead us to ask non-trivial

questions, which are generally ones that

begin with ‘why’ or ‘how’. Many

students harbor the misconception that

scientific questions must take the form,

‘What is the effect of x (independent

variable) on y (dependent variable)?’ In

fact, answering these kinds of questions

typically does not require the scientific

method, because it is immediately

obvious how to answer them (vary x,

measure y). In contrast, it is rarely

evident at first how to go about

answering ‘how’ and ‘why’ questions and

this is where strong inference can provide

us with a roadmap.

Hypothesize. Platt suggests that we enter

difficult problems by devising alternative

hypotheses, and my students are shocked

to learn that coming up with hypotheses

requires nothing less than creativity.

When students ask me where good

hypotheses come from, I tell them, ‘the

same place good poetry comes from’,

which is of course a maddening way of

saying ‘I don’t know.’ Because so many

students possess the misconception that a

hypothesis is simply an ‘educated guess’

about how an experiment will turn out

(i.e. a prediction), I find it useful to apply

a simple test to check whether a

hypothesis is a good one. 

The test of a good hypothesis is to ask

whether it represents a satisfying answer

to the question that has been posed. If it

does not, then it is not worth pursuing. A

hypothesis may pass this acid test, but get

discarded later because we realize it

violates a law of physics or is internally

inconsistent. With several cycles of

creativity followed by criticism, we can

whittle down our list of hypotheses to a

handful of reasonable explanations. If we

assume that one hypothesis is correct and

the others are wrong, this is where the

real fun begins, because it is at this stage

that the whole enterprise starts to feel like

a detective story.

Predict. Platt tells us next to devise a

crucial test, and students are always

eager to do this, but I find it useful to

insert one more step before the

experiments are designed, and that is to

list the predictions that each hypothesis

makes. I constantly need to remind

students that these are not predictions

that you make, these are predictions that

each hypothesis makes (Hutto, 2012).

When we predict instead of letting the

hypothesis predict, we lose the tight

connection between hypothesis and

experiment, and the logical structure of

the entire process can fall apart. Finding

predictions requires large doses of

imagination, because we must try a

hypothesis on for size and conjure up

how the world would look if it were true.

Once we have a list of predictions from

each hypothesis, it is important to

confirm that they are critical predictions. 

We can evaluate a prediction’s utility by

asking ourselves whether the hypothesis

can survive if the prediction is found to

be false. If it can, then it is not a strong

prediction, and probably not worth

testing. Focusing on tests with the

greatest potential to disprove our

hypotheses is important, because it is the

fastest way to eliminate faulty

explanations that might otherwise stand

in our way of reaching the truth.

Test. The testing step, sometimes called

the experiment step, is when we evaluate

whether a prediction is true by comparing

it with some aspect of the real world.

Much has been written about the ins and

outs of experimental design, because

there are lots of places where one can go

wrong. Platt deliberately says little about

this in his paper, because his intention

was to illuminate those steps of the

scientific method that he felt were being

ignored. The test of a good experiment or

test is to ask whether the results,

whichever way they turn out, will allow

you to evaluate how good a given

prediction is.

Analyze and conclude. The last step is to

analyze and conclude, and if all the other

steps have been carried out properly, this

should be easy, and we should find

ourselves closer to an answer to our

question. If we have neglected certain

parts, the logical bones of our structure

might not be sound, and we are at risk of

making an erroneous conclusion. Of

course the process is not a linear one, and

data collected during the testing stage

may (and very often do!) become new

puzzling observations of their own, which

can lead to interesting questions and

entirely new lines of inquiry.

Fig. 1. Research planning flowchart that I use for teaching strong inference. The multiple arrows

denote multiple working hypotheses and the fact that a single hypothesis often makes several testable

predictions. The words in gray to the left are the cognitive skills required to complete each step.
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crucial test, and students are always

eager to do this, but I find it useful to

insert one more step before the

experiments are designed, and that is to

list the predictions that each hypothesis

makes. I constantly need to remind

students that these are not predictions

that you make, these are predictions that
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Some Challenges 

• The three V’s of “big data:” Volume, Velocity, Variability1 

• Governance of data linkage 

• Extent of overlap of linked data  

• Missing data methods – validation and computational 
tractability  

• Implementation of collaborations to embed trials in routine 
care 

 … 

 

• And, of course, translation 

 

 1Mooney SJ, Westreich DJ, El-Sayed AM. Epidemiology. 2015;26(3):390-4. doi: 

 10.1097/EDE.0000000000000274. 
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Thank you 

david.dore@optum.com 
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