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The FH Foundation is a patient-centered 

nonprofit organization, dedicated to education, 

advocacy, and research of Familial 

Hypercholesterolemia (FH). 

Our mission is to raise awareness of FH and 

save lives by increasing the rate of early 

diagnosis and encouraging proactive treatment.

Our Mission
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38-year-old female

– Normal childhood.  In high school told she had elevated cholesterol but no therapy 
(“too young”). 

– Married 2004, first child 2009

– Early 2010:  began to have chest pain

– Summer 2010:  PCP checked cholesterol -> very elevated -> referred to cardiologist -> 
stress test markedly positive -> scheduled for angiogram

– While sleeping on morning of scheduled cath began to groan, act in distress, 
unresponsive

– Husband began CPR -> EMS -> Vfib arrest -> resuscitated -> cooling protocol -> 
Troponin 10, EF 20% -> Transferred to Stanford 

Case Presentation
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Angiogram

Severe 3 vessel coronary disease Placement of stent and ventricular assist device
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This outcome could have been averted if FH had 
been diagnosed and treated earlier. 

FIND FH is a project designed as a collaboration 
between academia and a patient-led 
organization to identify undiagnosed FH patients 
so that preventive measures can be undertaken. 



Patient Enrollment
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Lipids for HeFH Patients

7FH Foundation International Summit. September 24-25, 2016. Los Angeles, CA.



Cardiovascular Disease

ASCVD, n=1273 38%

Age at onset, years 52

CHD, overall cohort 36%

Age at onset, years 51 

CHD, men 47%

Age at onset, years 47 

CHD, women 29%

Age at onset, years 55

Stroke or TIA, n=1282 5%

Aortic valve disease, n=1284 3%

8FH Foundation International Summit. September 24-25, 2016. Los Angeles, CA.



Treated LDL-C Values & Reduction

Statin-treated Not statin-treated

Treated LDL-C* n=959 n=125

<70 mg/dl 58 (6%) 5 (4%)

70-99 mg/dl 194 (20%) 11 (9%)

100-129 mg/dl 238 (25%) 7 (6%)

130-159 mg/dl 153 (16%) 35 (28%)

160-189 mg/dl 113 (12%) 22 (18%)

≥190 mg/dl 203 (21%) 45 (36%)

LDL-C reduction* n=576 n=76

≥50% 257 (45%) 9 (12%)
9FH Foundation International Summit. September 24-25, 2016. Los Angeles, CA.



AHA Heart Disease and Stroke Statistics 2014 Update: NHANES 2007-2010 prevalence of CHD age 40-59.

High Prevalence of CHD
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Men Women Men Women

5-7-Fold Higher

US NHANES

US CASCADE-FH

10
FH Foundation International Summit. September 24-25, 2016. Los Angeles, CA.



Goal Attainment

30% 25% 21%
0%

50%
100%

64%
41% 60%

0%
50%

100%

CASCADE-FHUK 2008 Netherlands 2010

Treated LDL-C<100 mg/dl

Reduction in LDL-C≥50%

Pijlman et al.  Atherosclerosis. 2010;209:189; Hadfield et al. Annals Clin Biochem. 2008;45:199.
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FIND FH®
A multiyear screening and engagement initiative to identify 
and encourage the diagnosis and treatment of FH 

HCP & 
Individual 

Engagement

EHR
Algorithm

Lab & Claims 
Algorithm

Lab & Claims Data Mining

• Healthcare encounter data on 89 million 

Americans with cardiovascular disease

• Data from a significant majority of clinical practices

EHR Data Mining

• Comprehensive EHR data from two academic 

centers 

• Expanding to key integrated health systems 

HCP & Individual Engagement

• Multichannel tools to engage health systems and 

individual HCPs 

• Tools for clinicians and individuals with FH

The
FH Foundation 
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• Software that learns by example.

• We show the model examples of FH and Non-FH patients.

• Patients are described to the model using features (inputs): 

– Lab Results

– Patient Age

– ICD9 codes

– Etc…

• The model learns correlation between certain features and FH rate.

• Model can classify FH in new patients using just their features.

Machine Learning
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Machine Learning Example

FH Patient

Non-FH Patient

?
87% Probability of FH
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The Sources of Features (Weber et al)

Weber GM et al. JAMA. 2014;311:2479-80. 



Clinic 

notes, 

text 

mining

Lab 

Results

Procedure 

codes

Rx 

Claims

Unstructured 

data

Clinic notes, dictations for key 

words, phrases

• Personal medical Hx:  age of 

cardiac event, procedure

• Disease names: FH, 

hyperlipidemia 

• Family history:  premature 

coronary disease

• Signs: xanthoma, xanthelasma, 

arcus

Structured data

Labs:  LDL-C, Total-C

Procedure codes:  cardiac cath, PCI, 

CABG, stress test

Drug lists:  statin and non-statin 

agents

Confirmed

FH 

Patients

Use discovered patterns in the small number of 
patients with the most complete data to identify 
other patients in the larger data set.

Identifying FH Patient Characteristics 

Using Orthogonal Data
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Electronic Phenotyping

• Phenotype

– A physical attribute: height, weight, blood type, etc

– A condition: obesity, rheumatoid arthritis, FH …

– A pattern of events: “Patients with known poor left ventricular function with an 
ejection fraction of 45%, having community acquired pneumonia with a serum 
hemoglobin less than …”

• Phenotyping: A method for assigning a phenotype label to a patient record

• We can view phenotyping as a supervised learning problem.

– So we need a set of true positive, and a set of true negative cases.
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Examples of the Data We Encounter

LDL cholesterol levels

Visits during which the common statins are mentioned

Any visit    

Patient A

Patient B
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MR#

✖ ✗ ✕ + ✜ ✜ ✓ ✓

Term to 
Concept

Structured and 
unstructured data 
from a record is 
represented as a 
vector of features

Diabetes
Diabetes nos
Metformin
Dimethylbiguanidine

TERMS

Diabetes mellitus
Diabetes mellitus
Metformin
Metformin.

CONCEPTS
ICD9: 250.00
ICD9: 790.2

CODES

MED: 6809
MED: 4815

PRESCRIPTIONS

LAB:HBA1c (High)
LAB:Blood Glucose: High
LAB:Blood Glucose: High
LAB:Blood Glucose: Normal

LABS

CONCEPT 
FEATURES:

#Notes in which the 
concept occurs at 

least once

fc =

CODE 
FEATURES:

Counts of a code
fco =

Total number of 
codes

PRESCRIPTION 
FEATURES:

Counts of a RxCUI
fp =

Total number of 
RxCUIs

LAB 
FEATURES:

Counts of a lab-result
fl =

Total number of lab-
results

Feature 
Engineering
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Cohort of 89 physician-
labeled FH patients 

CONTROLS:
Sample of 300 patients

Terms

Train classifier to ID FH patients

Normalize & filter

ICD9/CPT 
codes

Drugs Labs

35,000 patients with 
“hypercholesterolemia”

Identify most informative features

CASES:
67 patients

CONTROLS:
Sample of 

657 patients

22 CASES:
patients

Identify consistently informative 
features

Evaluate model performance
Train classifier to ID FH patients, 

using selected features

10 X

Classifier Building



21

Performance Characteristics
N 

(FH cases) N (controls) AUC PPV Sensitivity Specificity F1 score

89 300 (high cholesterol) 0.91 0.76 0.78 0.92 0.76

89 300 (one comorbidity) 0.92 0.75 0.83 0.93 0.79

QUESTION:  DO WE KNOW WHAT WOULD BE THE PERFORMANCE 
CHARACTERISTICS just choosing something dumb like LDL levels? 

DO we have any metrics on how much the performance is boosted using 
orthogonal data?  
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Universe of Patients to Make Predictions on:
Stride 6 patients

Criteria 1 - High cholesterol 401,978
Criteria 2 - One comorbidity 379,224
Criteria 3 – Had > 1 visit (total), had a visit w/in 2 years, have “one comorbidity” 249,983

Run classifier

Ranked list of 
patients

Sanity check by 
chart review

• What are the clinical 
characteristics of the patients 
flagged by the algorithm?

• How well do the flagged 
patients fit existing diagnostic 
criteria? 

• “Precision at a certain rank”
• Top 50? 
• Top 100?
• Top 150?

Iterate
Test in other EHR
• Geisinger, Mayo, Penn
• Assess performance in 

Gene + vs gene -
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Scaling to National Level

EHR

Claims

Classifier from 89 
“true positive” cases

Validate Classifier
Apply classifier to 

flag potential cases

Use claims data from 
flagged cases 

(creates a large training set)

AUC PPV Sens. Spec. F1

0.92 0.74 0.83 0.93 0.79

Claims data from 89 
“true positive” cases
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EHR 
Algorithm

Lab & Claims 
Algorithm

24

FIND FH®
A multiyear screening and engagement initiative to identify 
and encourage the diagnosis and treatment of FH 

HCP & 
Individual 

Engagement

Lab & Claims Data Mining

• Healthcare encounter data on 89 million 

Americans with cardiovascular disease

• Data from a significant majority of clinical practices

EHR Data Mining

• Comprehensive EHR data from two academic 

centers 

• Expanding to key integrated health systems 

HCP & Individual Engagement

• Multichannel tools to engage health systems and 

individual HCPs 

• Tools for clinicians and individuals with FH

The
FH Foundation 



25

}

89,112,339
Unique Patients in Rx Data

19,149,553  
Unique Patients in Lx Data

40,422,524
Unique Patients in Dx/Px Data

12,861,217
Unique Patients in 
Lx/Dx/Px Overlap

40,328,108
Unique Patients in 
Rx/Dx/Px Overlap

FH Foundation 

Lab & Claims Database

19,095,699
Unique Patients in 

Lx/Rx Overlap

12,834,404
Unique Patients in 

Lx/Rx/Dx/Px Overlap
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Lab Data

Ensemble Model

• Multiple models working together

• We build a Random Forest classifier for each class of features

• Output of each model becomes a feature into the ensemble classifier

Patient DemographicsPatient

ICD9 Codes

Procedures

Prescriptions

Prob. of FH

Prob. of FH

Prob. of FH

Prob. of FH

Lab Test Model

ICD9 Codes
Model

Procedure Codes 
Model

Prescriptions 
Model

Prob.
of FH

Ensemble 
Model
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®

FIND FH® Lab & Claims Algorithm Developed by The FH Foundation
Claims Data Source: IMS Health Real World Data: LRx longitudinal prescriptions and Dx medical claims



Precision vs Recall

Patients w/out Dx
Patients 
w/Dx
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Striking a Balance Between Precision 
& Recall

Perfect Recall; Low Precision Balanced Recall and Precision Low Recall; Perfect Precision

Patients w/out DxPatients w/Dx
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75% of the Top HCPs Are PCPs
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Harnessing the Power Law
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50% of the Probable FH Individuals 
are in 30,900 HCP Practices
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• Two Additional Clinical Partnerships

– Geisinger Health System (GHS)

– Ohio State University Wexner Medical Center (OSU)

• FIND FH Algorithm Clinical Validation

• KOL Network Engagement Campaign 

• Manuscript

– Submit at Least 1 Manuscript

FIND FH 2016
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National Innovator Award

Foundation Level Sponsor
Initial Founding Sponsor

®

FIND FH® Lab & Claims Algorithm Developed by The FH Foundation
Claims Data Source: IMS Health Real World Data: LRx longitudinal prescriptions and Dx medical claims

Sponsors




