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Fibromyalgia in Context

Fibromyalgia Patient Journey

PRE-DIAGNOSIS ~ DIAGNQSIS - MANAGEMENT

How might we help break the
costly cycle and ensure that potential
fibromyalgia patients are identified,
Costly Cycle appropriately diagnosed, and managed?

On average, it takes
5 years to diagnose

‘ { / ‘ nyl | | fibromyalgia.2 Get S_oreened FlbrO? m
: sy | . and Diagnosed myalgia
'r.,,:\ Chronlc Paln ‘ I I
\\ Sufferers Symptoms linked Over 5 million people suffer Patient and health care provider
T to fibromyalgia may from fibromyalgia,? but only work together to develop a
100 million include: 36% of fibromyalgia patients treatment plan which may include:
American adults suffer « Uncontrolled pain are correctly diagnosed.* « Patient education
from chronic pain.

+ Co-morbid anxiety
and/or depression
« Irritable bowel
syndrome (IBS)
*Data from health care provider and consumer Pfizer market research. « Chronic fatigue
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« Setting treatment goals

« Applying a multimodal
treatment approach

« Tracking progress



Study Objectives

To address the challenges associated with diagnosing fibromyalgia, Pfizer conducted a

retrospective analysis to determine which patient variables could be associated with a
fibromyalgia diagnosis.

The objective of this study is to utilize Electronic Health Records (EHR) data from the
Humedica database to evaluate the characteristics associated with FM diagnosis. The
objectives of the study include:

 Summarize and describe subjects who develop fibromyalgia and compare them to subjects who do
not develop fibromyalgia in the EHR database.

* Develop predictive models of fibromyalgia diagnosis to potentially facilitate earlier
diagnosis and treatment through use of real-world data.
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Humedica Electronic Medical Records Database

* Has broad geographic representation across the United States

* Aggregates de-identified EMR data from healthcare providers across the
continuum of care including hospitals, medical groups, and integrated
delivery networks.

 Patient records are linked using a unique patient identifier and are fully
compliant with the Health Insurance Portability and Accountability Act
with regard to identification of patients and providers, as well as
protected health information.

'@ BIOMETRICS & DATA MANAGEMENT
Global Product Development



Humedica Key Clinical Content Areas

Sourced from Structured EMR Inputs

Immunizations

Patient Information
Microbiology Results

Provider Information
Lab Results (200+ mapped labs)

Insurance Type
Clinical Observations (eg. Vital Signs, Body

Encounters Measurements, Smoking Status)*
Care Areas
Visits (Summary Table of Inpatient, Observation, Emergency Patient) * Select Observations, like BMI, include

additional information from provider notes
that is tested against structured data and is

Medications — Written, Administered, and Patient-Reported validated on an on-going basis

Procedures
Diagnoses Sourced from Provider Notes
Signs, Diseases, Symptoms (SDS)
Drug Rationale
Measurements
Biomarkers
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Optum (Humedica) EHR Data

Training Data
441,019
subjects

Test Data
140,000
subjects

587,961 patients
Satisfying the inclusion
and exclusion criterion
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Outcome Imbalance

% x % x 0.7%
3,202 FM
subjects w ith
FM diagnos is
k (cases ) )

r,? ,i )
X2 99.39%
X277 % no FM

\ (control group) J




Severe Class Imbalance

* An imbalance occurs when one or more classes have very low proportions in the
training data as compared to the other classes.

* |In our data < 1% had FM diagnosis

* When modeling binary classes, the relative frequencies of the classes can have a
significant impact on the effectiveness of the model; we should expect to see some

adverse affects on the results as the model tries to deal both with the
class imbalances and prediction simultaneously
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Severe Class Imbalance (Continued)

* One consequence of this is that the performance is generally very biased
against the class with the smallest frequencies.

* For example, if the data have a majority of samples belonging to the first class and
very few in the second class, most predictive models will maximize accuracy by

predicting everything to be the first class. As a result there's usually great
SenSitiVity but poor specificity.

Kuhn and Johnson (2012)
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A Possible Solution

Two general post hoc approaches:

* Up-sampling: Any technique that simulates or imputes additional data points to
improve balance.

* Down-sampling: Any technique that reduces the number of samples to improve
the balance across classes.

Kuhn and Johnson (2012)
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Down Sampling and SMOTE

Class1 Class2
-3-2-10 1 2 -3-2-10 1 2
| I T S . | | I T T T . | . r . 11 | I T T .
Original Downsampled | Upsampled SMOTE
o0 2 - ° o
. 0 1
» rd
2 -1 SN &
"
a -2 - . " '
| N | D | L |
- -3-2-1 01 2
Predictor A

The SMOTE version
of the data has a
smaller imbalance
The up-sampled data  (with a 1.3:1 ratio)

The down-sampled version of

The original dat tain 1
¢ original data contain 168 the data reduced the total

samples from the first class and

32 from the second (a 5.2:1 sample size to 64 cases evenly have 336 cases, now  resulting from having
ratio). split between the classes. with 168 events. 128 samples from
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Random Forest (RF)

 Random forest modeling is a computationally extensive data mining
technique that can be used to identify and rank the importance of
predictors from among the range of input variables.

* This technique uses historical data from subjects and attempts to
accurately predict future outcomes from classification trees generated
through data resampling to produce an integrated prediction that can be
highly accurate.
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Random Forest on the Training Data

* RF can internally handle down sampling

* We fit a RF with 1500 bootstrap trees (full length), 10-fold cross validation repeated 5
times, with a strata variable so that a down sampling was done at each bootstrap,
allowing the variable importance to be collected.

* The number of randomly selected variables was optimized based on the CV results.
This whole process was repeated for different set of cutoff thresholds (other than the
universal cutoff 50%).

13
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Overview of Random Forest

\ N
Down sampling at each bootstrap

S o sample so that rates of FM and no
DATA > s TIFEE :

[5mpt FM are balanced
‘_\10’!2

St 3

Step 1:
Create Multiple Randomly select a !
Data Sets subset of variables Dataset 1 Dataset 2 Dataset M
from original data F

No
FmM FM

Step 2: S ,_.___.33—--__‘__

Build Multiple ~ Build trees T o~ s % k\
Classifiers /i\ /;i\ /i\ {(

Predict Predict Predict
Step 3:
Combine N~ —— _
Classifiers

Final Prediction

Breiman L. Random forests. Machine learning. 2001;45(1): 5-32.) T . .
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Variable Importance Random Forest

Random Forest Using Down Sampling
Variable Importance — Top 20
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Importance
The variable importance plot shows the relative importance of each variable in the model. Variables
were ordered by the loss of performance resulting from omission of the variable in the prediction model.
The variable with the largest loss in predicting performance by its omission in the model is normalized to
100%. The plot above shows the top twenty variables with the top ten highighlighted.
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Training Data Results

The final analysis on the training data set incorporated the
top 10 predictor variables that were suggested by the
random forest model.

Cut ROC Sen Spe

0.5 0.824 0.687 0.796
©.446 0.824 0.757 0.741
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Test Data Results

Data: evalResultsSRF in 145930 controls) < 1055 cases
Area under the curve: 0.8097

CUT OFF 0.5

o |
- Confusion Matrix and Statistics
Reference
© | Prediction M nofFM
°© FM 676 30044
nofFM 379 115886
0.446 (0.740,0.721)
© 0.500 (0.794, 0.641) Accuracy : 0.793
o 7 95% CI : (0.7909, 0.7951)
E No Information Rate : 0.9928
@ P-Value [Acc > NIR] : 1
@
S Kappa : NA
Mcnemar's Test P-Value : <2e-16
Sensitivity : 0.640758
N Specificity : 0.7%4120
o
Area under curve 0s Pred Value : 0.022005
0.810 Neg Pred Value : 0.996740
Prevalence : 0.007178
S Detection Rate : 0.004599
: . : : : : Detection Prevalence : 0.209001
0.0 02 04 06 08 10 Balanced Accuracy : 0.717439
1 - Specifici ..
P o 'Positive' Class : FM
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Communication and Implementation

* RF is a complex model with a large footprint

* It is not interpretable

* For future prediction you need the full trees

* How can we make this a practical application for prediction purposes

e Developed a WEB PORTAL with an easy to use and understand interface
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A WEB Interface

PopulationDetect Portal | FIBROMYALGIA

Inside the Portal

Once you have determined for how many patients you would like to calculate predicted probability of fibromyalgia and prepared your
data, the next step is to enter patient data into the portal and review the results generated by the portal.

The Individual tab displays The Population tab displays The Predicted Risk of Fibromyalgia bar
data inputs and results for the data upload function and chart displays the calculated value for both
individual patients. results for patient populations. Patient 1 and Patient 2 (in Compare mode)
L
| 1
‘ Individual Population J
The Threshold
- Risk of function allows
Varlable _ Patient 1 P Sk of Flbromyalg you to change the
Number of visits where fibromyalgia risk
lab tests and non-imaging 86 Threshold 0.5 threshold from 0.5
diagnostic tests were ccder?d by typing in the
Number of other outpatient visits 109 value or moving
. the slider
Age (years) 58
This labl? lists all Number of office visits 134 78 @——1— The lop bar shows
ten predictor R . R the calculated
var_lables with two Number of opioid medications 52 value for Patient
options for data
input sliders and Number of medications 122
textfields s @———— The bottom bar
Number of pain medications 132 shows the
(excluding opioids) ) ) ) calculated value
Number of medications ~ for Patient 2.
administered of ordered 1180
» 00 01 02 03 04 05 00 07 08 09 10
Number of emeigency Prodcted Rk
department vists 35
Number of musculoskeletal ) Patient 1: HIGH Risk
pain conditions 5 HIGH Risk
- Compute
’ Computed Fri Sep 05 2014 17:11:37 GMT-0400 (EOT
The Compute button The Compare Depending on the chosen threshold,
executes the computation toggle button allows the predicted risk of fibromyalgia will
of variables and triggers you to enter values either be LOW (below threshold) or
BIOMETRICS & DATA MAN/ the display of resulis in for a second patient HIGH (above threshold). 19

the bar chart at right.
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Individual Patient Workflow

Individual Patient Workflow

Individual Population

o Varlable Patlent 1 Predicted Risk of Flbromyaigla

Theeshold 05 .—-0

Number of other outpalient visits 109

Aga (ysars)

Number of office visits 134

Number of opioid madications

Number of madications 122

Number of pain medications
(excluding opioids)

Number of madican
adminzster

Number of emergency
dapariment vists

Number of muscuioskeletal _ Patient 1 HIGH Risk
pan condisons — HIGH Risk

(2] = ©

1137 GMT.0400 (EDT)

When looking at an individual patient...

o Enter the patient’s values for each variable using either the sliders or the
text fields

e Click the “Compute” button. The patient’s predicted risk of fibromyalgia will
be shown.

0 Optional: Click the “Compare” button to enter a second set of values for
comparison. Adjust the patient’s values using either the sliders or the text fields in
the “Patient 2" column. Click “Compute” to view the second patient’s predicted risk
of fibromyalgia.

O Optional: Use the “Threshold” slider or text field to adjust the threshold between
“LOW Risk” and “HIGH Risk.”
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Using C5.0 Rules to Implement Model

1. Confirm data availability for each

1. Number of office visits <9 ] ]
2. Number of other outpatient visits > 1 . .
et —— must be available in the EHR
3. Number of visits where diagnostics and/or lab tests were ordered = 1 o

system for these 8 specific
4. Number of emergency department visits =21 i i

variables. Prorate variables to a
5. Number of opioid prescriptions > 1

yearly rate.
6. Number of total pain medications (excluding opioids) >3
7. Number of total medications administered or ordered <3 2. Generate a pursuit “St' use the fU”
8. Number of musculoskeletal pain conditions > 1 list of 8 rules above to generate a

pursuit list in your EHR system.
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Patient Population Workflow

Individual Population J

o—‘—. Upload a Fle Print Download Results Clear
Population|Summary © 0 R— s —1€)

LOW Risk HIGH Risk
nent Pabent
Varlable N=4 N=1
Numboer of visils where lab tests and non-imaging <10
diagnostic 1ests were ordered 10-54
B s5-99
W 100-185
| B3l
Number of other outpatient visits: <50
50-99
I 100-228
| Y]

When looking at a population of patients...

0 Click on the “Upload a File” button to select the CSV file you have prepared for
[REL. Results will be generated if the file upload is successful

e Optional: Use the “Threshold” slider or text field to adjust the threshold between
“LOW Risk” and “HIGH Risk.”

0 Click on the “Print” button to print the page.

O Click on the “Download Results” button to download a CSV file containing the
predicted probabilities of fibromyalgia for the population.

e To clear the results and start over, click on the “Clear” button.

@ BIOMETRICS & DATA MANAGEMENT 22

Global Product Development



FM Project Update

* Manuscript: “Electronic medical record data to identify variables associated with a fibromyalgia
diagnosis: importance of health care resource utilization” accepted for publication in Journal of Pain

Research

* Manuscript: “Identification of a Potential Fibromyalgia Diagnosis Using Random Forest Modeling
Applied to Electronic Medical Records” accepted to Journal of Pain Research (ADHERING TO THE

TRIPOD STATEMENT)
 Specialists training sessions conducted. Interaction with payers/providers ongoing

* Sample Questions regarding model:

* lincrease age but predicted probability of FM does not increase?
 What if data available on only 9 of 10 variables?

* Can | start with an enriched population?

e Canladd variables relevant to A1C?
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