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BACKGROUND: Data mining of electronic health records to identify patients suspected of familial hypercholesterolemia (FH) has
been limited by absence of both phenotypic and genomic data in the same cohort.

METHODS AND RESULTS: Using the Geisinger MyCode Community Health Initiative cohort (n=130257), we ran 2 screening algo-
rithms (Mayo Clinic [Mayo] and flag, identify, network, deliver [FIND] FH) to determine FH genetic and phenotypic diagnostic
yields. With 29243 excluded by Mayo (for secondary causes of hypercholesterolemia, no lipid value in electronic health re-
cords), 52034 excluded by FIND FH (insufficient data to run the model), and 187 excluded for prior FH diagnosis, a final cohort
of 59729 participants was created. Genetic diagnosis was based on presence of a pathogenic or likely pathogenic variant in
FH genes. Charts from 180 variant-negative participants (60 controls, 120 identified by FIND FH and Mayo) were reviewed to
calculate Dutch Lipid Clinic Network scores; a score >5 defined probable phenotypic FH. Mayo flagged 10415 subjects; 194
(1.9%) had a pathogenic or likely pathogenic FH variant. FIND FH flagged 573; 34 (5.9%) had a pathogenic or likely pathogenic
variant, giving a net yield from both of 197 out of 280 (70%). Confirmation of a phenotypic diagnosis was constrained by lack
of electronic health record data on physical findings or family history. Phenotypic FH by chart review was present by Mayo
and/or FIND FH in 13 out of 120 versus 2 out of 60 not flagged by either (P<0.09).

CONCLUSIONS: Applying 2 recognized FH screening algorithms to the Geisinger MyCode Community Health Initiative identified
70% of those with a pathogenic or likely pathogenic FH variant. Phenotypic diagnosis was rarely achievable due to missing data.
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worldwide, despite high known risk for premature ath-

erosclerotic cardiovascular disease and the known
ability to prevent adverse outcomes with lipid-lowering
treatment.! To improve identification of those likely to
have an FH diagnosis, many studies have used strate-
gies, based on clinical characteristics (eg, low-density
lipoprotein cholesterol [LDL-C] levels, premature heart

Familial hypercholesterolemia (FH) is underdiagnosed

attacks) or more complex machine learning algorithms
(eg, flag, identify, network, deliver [FIND] FH) to search
electronic health records (EHRs) to find at-risk individu-
als.2” However, other than studies in the UK Biobank,
these efforts have generally not been performed in co-
horts with both phenotypic EHR data and genomic in-
formation on the entire cohort, including those with and
without FH.
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CLINICAL PERSPECTIVE

What Is New?

e Using information technology tools applied to
an electronic health record database, about 1
out of 6 of patients are eligible for medical evalu-
ation for familial hypercholesterolemia (FH).

e Screening just these individuals, about 70% of
those in the entire cohort with a genetic variant
causing FH will be found.

e Phenotypic FH cannot be reliably diagnosed
from the electronic health records.

What Are the Clinical Implications?

e FElectronic health record screening identifies a
sufficiently high percentage of those with an FH
genetic variant to suggest that health care sys-
tems that combine such strategies with patient
evaluation, genetic testing of at-risk patients,
and cascade screening can identify a majority
of patients with FH in their catchment area.

Nonstandard Abbreviations and Acronyms

DLCN Dutch Lipid Clinics Network
FH familial hypercholesterolemia

The purpose of this study was to apply 2 recognized
EHR screening algorithms (Mayo Clinic and FIND FH)
to the Geisinger MyCode Community Health Initiative
(MyCode) data set, to determine the yields for (1) a ge-
netic diagnosis of FH based on the presence of a patho-
genic or likely pathogenic variant identified via genomic
screening, or (2) by phenotypic criteria, using the Dutch
Lipid Clinic Network (DLCN) score.?38 Additional analy-
ses looked at clinical characteristics of those identified by
each algorithm, the relationship of variants of unknown
significance on study covariates, and the relationship of
the gene involved (eg, LDLR or APOB) to results.

METHODS

The data that support the findings of this study are
available from the corresponding author upon reason-
able request.

Geisinger MyCode Community Health
Initiative

In 2007, Geisinger launched the MyCode Community
Health Initiative, creating a biobank of serum, blood,
and DNA samples for health discovery research.®-"2
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Research related to MyCode, and the analyses re-
ported in this article were approved by the Geisinger
institutional review board. All Geisinger patients are
eligible to participate, irrespective of health status,
and provide written informed consented in person
when they present for routine care or via the patient
portal in the EHR. Through the MyCode Genomic
Screening and Counseling program, clinically action-
able genomic risk results are identified, confirmed, and
disclosed to patient participants and their clinicians.'®
When a pathogenic or likely pathogenic (P/LP) variant
is identified in the MyCode exome sequencing data in
a gene returned through the Genomic Screening and
Counseling program, the variant is clinically confirmed
in a clinical laboratory improvement amendments-
certified genetics laboratory before disclosure.* For
this study, an adult (>18years old) cohort comprising
all those with completed exome sequencing data by
October 2019 were included. After exclusion based on
current consent status and age to exclude pediatric
participants, a cohort of 130257 eligible adult partici-
pants was created. FIND FH and the Mayo algorithms
were run on this cohort.

Variants in the 3 main FH genes (LDLR, APOB,
PCSK9) were annotated with variant effect predictor
version 100,'® SpliceAl version 106,'6" gnomAD ver-
sion 2.11,'® Rare Exome Variant Ensemble Learner
(REVEL,'® and ClinVar'®2° (April 16, 2022) and filtered'
based on minor allele frequency <0.01 and high impact
by Clinical Laboratory Improvement Amendmentsor 2*
P/LPin ClinVar. Filtered variants were manually reviewed
based on elements from the current LDLR variant inter-
pretation guideline.?° Participants were considered as
variant positive if the P/LP variant was clinical laboratory
improvement amendments-confirmed orthogonally or
quality metrics met conservative thresholds (allele bal-
ance >0.35, genotype quality >90, and depth >20). For
the expanded analysis into burden of LDLR variants,
all LDLR variants, including £15 bp into intronic regions
and untranslated regions, were identified from the co-
hort of eligible participants and required to meet the
same quality metrics above. Those not considered F/
LP were considered variants of uncertain significance
(VUS), unless the minor allele frequency based on gno-
mAD version 2.1.1 PopMax was >0.002, which were
considered as likely to be benign. VUS with a REVEL
score of >0.75, missense variants in exon 4 or that re-
move a conserved cysteine residue were considered
suspicious VUS. Participants were then categorized
for analysis as having a P/LP variant (excluded from
further analysis), suspicious VUS, other VUS, or those
with comparatively more common variants (minor al-
lele frequency >0.002, rest of MyCode). Participants
with multiple variants were categorized according to
the variant with the highest-ranking category. Copy
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number variants were called from the whole exome se-
quence data using the copy number estimation using
the Lattice-Aligned Mixture Models algorithm.?' Copy
number variants in the LDLR gene considered to be
P/LP included (1) duplications overlapping with a pre-
viously reported tandem duplication (exon 13 to exon
17) known to be P/LP or (2) deletions spanning at least
2 exons located upstream of the penultimate exon and
LDLR was the only gene within the breakpoints.

Find FH

FIND FH is a proprietary machine learning algorithm de-
veloped by the Family Heart Foundation.?” Two years of
health care encounter history, including a patient’s diag-
noses, procedures, medications, and laboratory results,
are used to score the patient’s relative likelihood of hav-
ing yet-to-be-diagnosed FH. The algorithm scores only
individuals with sufficient data and at least 1 cardiac
comorbidity or primary prevention condition recorded in
their history.? There were 17 426 unique individuals ex-
cluded with insufficient data, and 49389 were excluded
for not having any history relevant to cardiac conditions.
An additional 187 were excluded for a previous FH di-
agnosis. Some patients had >1 exclusion, resulting in a
total of 52034 unique patients excluded. Patients with
FIND FH scores >0.23 were identified and subjected to
further postprocessing filter rules, including removing
those individuals with diagnosed nephrotic syndrome,
triglycerides laboratory values >400 mg/dL, and age
>85years. The threshold of 0.23 was chosen, based on
precision and recall calculated when the algorithm was
applied to the holdout data set after training.?

Mayo Clinic Algorithm
The algorithm currently in use at the Mayo Clinic for
identifying patients with LDL-C >190 mg/dL was
adapted for use in the Geisinger EHR.® To use this al-
gorithm, LDL-C must be present in the EHR. Patients
with laboratory values consistent with proteinuria (urine
protein >3000 mg/24 h), severe liver disease (alkaline
phosphatase >200 IU/L), triglycerides >400 mg/dL, or
uncontrolled hypothyroidism (thyroid stimulating hor-
mone >10 mIU/L) are excluded. The highest LDL-C in
the record is used for assignment in the presence of
multiple values. If statin use is present, the highest on-
treatment value is divided by 0.7 to estimate pretreat-
ment LDL-C. These criteria led to 29243 exclusions.
Based on the entry criteria for each algorithm, a final
cohort for analysis of 59729 subjects was created for
whom both algorithms could be run, on whom exome
sequencing data were available, and on whom a prior
diagnosis of FH based on International Classification of
Diseases, Tenth Revision (ICD-10) codes had not been
established. The Consolidated Standards of Reporting
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Trials (CONSORT) diagram describes the assembly of
the final cohort (Figure 1).

Chart Reviews

Chart reviews from the EHR were conducted manually
on a total of 420 subjects; 240 out of 280 with a positive
FH variant, 60 without an FH variant and not identified
by either algorithm (controls), and 120 identified by ei-
ther algorithm (40 Mayo only, 40 FIND FH only, and 40
identified by both). Subjects were chosen randomly from
the specific subgroups. Study data were collected and
managed using REDCap electronic data capture tools
hosted at Geisinger.?>23 Information needed to calculate
the DLCN score was extracted from both structured
and unstructured EHR data by following predetermined
instructions that included defined search terms related
to cholesterol, FH, family history, atherosclerotic cardio-
vascular disease (ASCVD), and physical findings.?* For
LDL-C values, the highest untreated value was used
whenever possible; if untreated LDL-C was unavailable,
an untreated value was calculated from the subject’s
first treated LDL-C and associated medication regimen
using a web-based tool.?® LDL-C percentiles were cal-
culated using a web-based lipid reference value tool.?528
To satisfy components of each respective criteria, rel-
evant responses of yes, no, or unknown were indicated.
A response of unknown was designated for elements
that could not be ascertained from the EHR. When dis-
crepancies occurred, charts were reviewed by a second
reviewer, and discordant findings adjudicated. Mayo al-
gorithm performance was evaluated for accuracy using
manual chart review.

Statistical Analysis

Data were summarized using median and interquartile
ranges for continuous variables, and frequency and per-
centage for categorial variables. Comparisons between
groups of interest was accomplished using the Wilcoxon
rank sum, Kruskal-Wallis, and the Pearson yx? tests.
Post hoc pairwise comparisons used the Sidak multi-
ple comparison criteria for determining significance.?” A
Venn diagram was used to graphically show the overlap
of positive FH variant and identification by the FIND FH
and Mayo algorithms. Test characteristics (sensitivity,
specificity, positive predictive value, negative predictive
value) for prediction of the presence of a genetic variant
were calculated. SAS version 9.4 (SAS Institute, Cary,
NC) and R version 4.2.2 (The R Foundation for Statistical
Computing) were used for all analyses.

RESULTS

Results of the primary analysis, yield of the presence
of a genetic variant for FH in those identified by either
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Assessed for eligibility
(0=144,366)
Excluded from analysis (n=14,109)*:
« Withdrawn from MyCode (n=1,198)
+ Aged out of MyCode (o= 469)
+ Took legal action against Geisinger (n=196)
* Restricted release (n=101)
« AtlantiCare patients (a=1,132)
+ Pediatric patients (n=1,893)
Eligible (n=130,257)
Excluded from Mayo Excluded ftom FIND FH
: o .. (n=52,034)*:
Algorithm (n=29,243)*: - Diagnosed with FH (a=187)
= No lipid profile (n=20,843) . jent data for
+ TSH>10mIUL (a=1,893) g | Excluded &::b > (‘”"'f"‘n_” 426) R
« ALP>200 IUL (n=1,172) Genomics (n=0) i L
= e e
+ TG >400 my/dL (ae5,469) comortii) (0389
A A 4
Screened by Mayo Algorithm Screened by Genomics Screened by FIND FH
(n=101,014) (©=130,257) (n=78,223)

Common Denominator Screened by All 3 Approaches
(n=59,729)

Figure 1. CONSORT diagram showing creation of the cohort.

The diagram depicts the construction of the final cohort for this study. *Patients may fall into >1 exclusion category. ALP indicates
alkaline phosphatase; CONSORT, Consolidated Standards of Reporting Trials; FIND, Flag, Identify, Network, Deliver; FH, familial
hypercholesterolemia; TG, triglycerides; and TSH, thyroid stimulating hormone.

FIND FH or the Mayo algorithm, are shown in the Venn
diagram (Figure 2). Overall, 280 out of 59 729 (0.45%)
had a P/LP FH variant; the same percentage of variants
was identified in the excluded cohort. Of these, 144
were in LDLR and 96 were in APOB. Those with a P/
LP variant are included in the gray circle, those positive
for FIND FH are in the orange circle, and those iden-
tified by Mayo are in the blue circle. FIND FH flagged
573 subjects; 34 (5.9%) had a F/LP FH variant. Mayo
flagged 10415 subjects; 195 (1.9%) had a P/LP FH vari-
ant. Of the 280 with a P/LP variant, 197 (70%) were
identified by at least 1 algorithm; 103 were in LDLR and
64 were in APOB. No P/LP variants were identified in
PCSKO. Test characteristics are presented for identify-
ing an FH genetic variant in Table 1.

For the expanded analysis based on variants within
LDLR, the distribution of LDL-C values by variant cat-
egory are shown in Table 2. Those with a P/LP FH
variant had the highest mean LDL-C values, followed
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by those with suspicious VUS. Average LDL-C for
those with an LDLR variant versus an APOB variant
was 256.34 (SD, 99.18) versus 217.71 (SD, 62.75), re-
spectively (P=0.0028). Those with a P/LP FH variant
also had the highest prevalence of ASCVD, family
history of ASCVD, and use of lipid-lowering therapy.
Conversely, they also had the lowest triglycerides,
body mass index, and blood pressure. Those with sus-
picious VUS had intermediate values for LDL-C, use
of lipid-lowering medications, atherosclerotic vascular
disease, family history of atherosclerotic vascular dis-
ease, and identification by 1 of the algorithms as com-
pared with those with P/LP FH variants and the rest of
MyCode (those without an LDLR VUS). Important for
screening, the prevalence of hypothyroidism, diabetes,
and chronic kidney disease did not differ across vari-
ant groups. Black subjects were less likely to have a P/
LP FH variant but more likely to have a VUS or benign/
likely benign variant (Table 3).
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Variant
Positive

Mayo FH Screener
9936

Figure 2. Venn diagram showing yield for an FH genetic
variant of the FIND FH and Mayo algorithms.

The Venn diagram shows the overlap among those who were
identified by Flag, Identify, Network, Deliver (FIND) FH (orange)
and the Mayo algorithm (blue), and those who had a pathogenic
or likely pathogenic familial hypercholesterolemia (FH) variant
(gray).

Comparison of those with P/LP FH variants iden-
tified by either algorithm with those not identified are
presented in Table 4. Those not identified by Mayo or
FIND FH were more likely to have elevated LDL-C and
total cholesterol and be on lipid-lowering therapy. They
were slightly more likely to be women.

Subjects with a P/LP FH variant were then com-
pared with those identified by either algorithm, those
identified by FIND FH alone, those identified by Mayo
alone, and the remainder of the cohort (Table 5). Those
not identified by either algorithm had slightly higher
body mass index, were much less likely to be on lipid-
lowering therapy, had lower LDL-C (by definition), and
the lowest prevalence of family history of ASCVD. The
highest LDL-C was in those identified by the Mayo al-
goritnm. Those identified by FIND FH alone had the
lowest LDL-C levels, and intermediate risk factor levels

Table 1. Test Characteristics for Prediction of an FH
Genetic Variant for Each Algorithm and the Algorithms
Combined

Mayo FIND FH Mayo or

algorithm algorithm FIND FH
Sensitivity 69.3% 12.1% 70.4%
Specificity 82.8% 99.1% 82.4%
Positive predictive value 1.9% 5.9% 1.8%
Negative predictive value 99.8% 98.6% 99.8%

FIND indicates Flag, Identify, Network, Deliver; and FH, familial
hypercholesterolemia.
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between those not identified by either algorithm and
either those identified by the Mayo algorithm, both al-
gorithms, or those with P/LP FH variants. The lower
LDL-C levels in those with a P/LP FH variant were ex-
plained by the presence of lower LDL-C in those with
APOB variants.

Phenotypic diagnosis was severely constrained
by absence of data in the EHR on physical findings
associated with FH and family history data for either
premature ASCVD (as opposed to any family history),
presence of an FH genetic variant, or high cholesterol
as specified by DLCN criteria, as presented in Table 6,
after data searches performed by trained observers.
Chart reviews of those who were variant negative
showed phenotypic FH, as defined by a DLCN score
of >5, was present in 13 out of 120 identified by ei-
ther algorithm versus 2 out of 60 identified by neither
(P<0.09). Note that 13 out of 240 of those who were
variant positive had probable versus definite FH by
DLCN criteria, because a genetic variant contributes
8 points to the score, and 9 points are needed for a
definite diagnosis.

DISCUSSION

We were able to find about 70% of adult patients with
a P/LP FH variant not previously diagnosed with FH
using 2 information technology tools, the first based
on identifying those with high LDL-C (Mayo) and the
second based on machine learning technology (FIND
FH).2® Those with a P/LP LDLR variant were more
likely to be identified than those with a F/LP APOB
variant, because the latter have lower rates of ASCVD
and lower LDL-C. Collectively, the algorithms identified
about 17% of the entire cohort at risk for having FH. It
has been estimated that to identify virtually all people
in a given population with FH using a combination of
index cases and cascade testing, about 50% to 70%
of index cases must be known.?® Therefore, the com-
bination of using information technology in combina-
tion with cascade screening to achieve FH recognition
is possible, but limited by the relatively large number of
people identified at risk who do not actually have FH. A
second limitation is lack of EHR information necessary
to help make an FH diagnosis. A substantial percent-
age of the full MyCode cohort was excluded from the
Mayo analysis because of the absence of a lipid profile
(the FIND FH model can be run even without a lipid
panel in the structured EHR data).

As in other studies of genetically defined FH, includ-
ing those from this cohort, participants with a P/LP FH
variant had the highest likelihood of ASCVD, high LDL-
C, higher likelihood of family history of ASCVD, and
younger age."® The lower percentage of men likely is
secondary to early death in some of those with FH,
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Table 2. Summary Statistics by FH Variant Groups
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Suspicious VUS No variants
P/LP (N=280) (N=142) VUS (N=1555) LB/B (N=2875) | (N=54877) P value

Age, y
Mean (SD) 58.2 (13.97) 61.5 (13.16) 60.0 (13.99) 59.9 (13.85) 60.6 (13.70) 0.0011*
Median (IQR) 60.0 (48.0-68.0) | 62.0 (52.0-71.0) |62.0(51.0-71.0) |61.0(51.0-71.0) |62.0(52.0-71.0)

Female sex, n (%) 160 (57.1%) 72 (50.7%) 967 (62.2%) 1745 (60.7%) 32483 (569.2%) 0.0121

Body mass index
N (missing) 277 (3) 142 (0) 1548 (7) 2870 (5) 54730 (147) 0.0141*
Mean (SD) 31.1 (7.66) 33.1 (7.64) 32.2 (8.25) 32.5 (7.94) 33.6 (75.76)

Median (IQR) 31 (26-35) 32 (27-38) 31 (27-36) 31 (27-37) 31 (27-37)

Lipid-lowering therapy, n (%) 90 (32.1%) 35 (24.6%) 302 (19.4%) 520 (18.1%) 9847 (17.9%) <0.0001*1

Highest LDL-C
Mean (SD) 240.8 (87.44) 182.4 (74.09) 153.7 (51.03) 147.9 (50.92) 151.7 (57.60) <0.0001*1&/9#
Median (IQR) 226 (176-286) 164 (133-217) 150 (119-179) 141 (115-171) 146 (119-175)

HDL-C
N (missing) 260 (20) 128 (14) 1398 (157) 2578 (297) 49089 (5788) 0.02381#
Mean (SD) 51.7 (14.82) 47.3 (12.47) 52.2 (14.71) 52.1 (14.83) 52.0 (15.24)

Median (IQR) 49 (41-62) 47 (39-55) 50 (42-60) 50 (42-60) 49 (41-60)

Total cholesterol
N (missing) 261 (19) 128 (14) 1411 (144) 2595 (280) 49266 (5611) <0.0001*18 104
Mean (SD) 292.3 (72.65) 2431 (68.13) 222.4 (55.18) 215.3 (45.01) 219.6 (44.50)

Median (IQR) 281 (243-332) 241 (202-269) 220 (190-252) 213 (185-245) 219 (189-248)

Triglycerides
N (missing) 258 (22) 124 (18) 1374 (181) 2516 (359) 48047 (6830) 0.0164
Mean (SD) 133.6 (67.52) 151.9 (69.85) 140.8 (64.12) 139.0 (63.56) 141.3 (64.39)

Median (IQR) 116 (84-169) 140 (97-193) 127 (95-175) 128 (92-175) 129 (94-176)

Systolic blood pressure
N (missing) 278 (2) 142 (0) 1551 (4) 2874 (1) 54797 (80) 0.0227*
Mean (SD) 124.3 (15.15) 127.9 (17.13) 126.9 (16.14) 1271 (15.13) 127.2 (15.81)

Median (IQR) 122 (112-132) 126 (118-138) 126 (116-136) 126 (118-137) 126 (118-136)

Diastolic blood pressure
N (missing) 278 (2) 142 (0) 1551 (4) 2874 (1) 54797 (80) 0.0354
Mean (SD) 72.8 (9.95) 73.9 (10.01) 74.2 (10.14) 74.7 (10.11) 74.3 (9.94)

Median (IQR) 72 (66-80) 74 (68-80) 74 (68-80) 74 (68-80) 74 (68-80)

Family history of heart disease, n (%) | 26 (9.3%) 11 (7.7%) 96 (6.2%) 148 (5.1%) 3330 (6.1%) 0.0392
ASCVD, n (%) 101 (36.1%) 38 (26.8%) 346 (22.3%) 600 (20.9%) 11950 (21.8%) <0.0001*1
Diabetes, n (%) 72 (25.7%) 46 (32.4%) 419 (26.9%) 810 (28.2%) 15008 (27.3%) 0.5133
CKD, n (%) 38 (13.6%) 25 (17.6%) 265 (17.0%) 480 (16.7%) 9918 (18.1%) 0.0859

Smoking status, n (%)

Current 46 (16.4%) 26 (18.3%) 258 (16.6%) 477 (16.6%) 8250 (15.0%) 0.4067
Former 94 (33.6%) 47 (33.1%) 543 (34.9%) 1039 (36.1%) 20248 (36.9%)
Never 140 (50.0%) 69 (48.6%) 753 (48.5%) 1359 (47.3%) 26342 (48.0%)
Unknown 0(0.0%) 0(0.0%) 0(0.0%) 0 (0.0%) 9 (0.0%)
Missing 0 0 1 0 28
Hypothyroidism, n (%) 44 (15.7%) 30 (21.1%) 318 (20.5%) 600 (20.9%) 11445 (20.9%) 0.3296
Mayo algorithm screen positive 194 (62.3%) 48 (33.8%) 299 (19.2%) 450 (15.6%) 9424 (17.2%) <0.00071%t19#
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Table 2. Continued

FH Genetic and Phenotypic Diagnosis Yields

Suspicious VUS No variants
P/LP (N=280) (N=142) VUS (N=1555) LB/B (N=2875) | (N=54877) P value
FIND FH algorithm screen positive 34 (12.1%) 10 (7.0%) 12 (0.8%) 19 (0.7%) 498 (0.9%) <0.0001*#

ASCVD indicates atherosclerotic cardiovascular disease; CKD, chronic kidney disease; FIND, Flag, Identify, Network, Deliver; FH, familial hypercholesterolemia;
HDL-C, high-density lipoprotein cholesterol; IQR, interquartile range; LB/B, likely benign or benign; LDL-C, low-density lipoprotein cholesterol; P/LP, pathogenic

or likely pathogenic; and VUS, variants of uncertain significance.
*P/LP vs no variants.
fSuspicious VUS vs no variants.
#VUS vs no variants.
SLB/B vs no variants.
IP/LP vs suspicious VUS.
TP/LP vs VUS.
*Suspicious VUS vs VUS.

creating a selection bias toward a higher percent-
age of women in the genetic variant positive cohort.
Black subjects were less likely to have a P/LP variant
but more likely to have a VUS, consistent with the fact
that FH has been studied predominantly in White and
Asian populations. By definition, those identified by the
Mayo algorithm had the highest LDL-C; those with FH
were less likely to get statins than those identified by
the Mayo algorithm. However, given the generally high-
risk profiles of individuals identified by both algorithms,
even in the absence of them having FH, flagging these
individuals will likely result in identification of many peo-
ple who need intensification of lipid-lowering and other
preventive treatments.

The vyield of P/LP FH variants from the FIND FH
machine learning model was almost 6%, slightly
higher than the yield of variants from screening those
with premature ASCVD as assessed in recent meta-
analyses.?®3° This was true despite the fact that many
participants in the cohort with a confirmed genetic di-
agnosis were excluded because of a prior FH diagno-
sis. The model was trained to identify individuals with
phenotypic and/or genotypic FH. An interesting find-
ing was that about 45% of those identified by FIND
FH appeared to have relatively low overall risk profiles
(Table 4); this allowed the identification of 3 subjects
with LDL-C <190 mg/dL, and confirms the algorithm

Table 3. Variant Group by Race Categories

FH variant White Black Other

group (n=58121) |(n=1133) (n=475)* P value
P/LP 279 (0.5%) |1 (0.1%) 0 (0%) 0.1384

Suspicious VUS {134 (0.2%) |7 (0.6%) 1(0.2%) 0.0063

VUS 1492 (2.6%) |47 (4.2%) 16 (3.4%) <0.0001
LB/B 2603 (4.5%) |248 (21.9%) |24 (56.0%) <0.0001
No variants 56613 (92.2%) | 830 (73.3%) [434 (91.4%)

The distribution of the variant groups was significantly different between
Black and White biobank participants (P<0.0001).

FH indicates familial hypercholesterolemia; LB/B, likely benign or benign;
P/LP, pathogenic or likely pathogenic; and VUS, variants of uncertain
significance. *Other includes 38% Asian, 24% Unknown, 20% American
Indian or Alaska Native, and 18% Native Hawaiian or Other Pacific Islander.
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relies on characteristics beyond LDL-C alone to iden-
tify subjects at risk. Recent studies of FH screening
done in population-based cohorts show that the over-
lap of phenotypic and genotypic FH is not as great as
previously assumed.®'®? In a cohort of 79058 adults
from Iceland, only 5.2% of those with FH according
to the modified DLCN score also tested positive for
monogenic FH.22 Similarly, in a cohort of 1682 indi-
viduals from Minnesota with LDL-C >155 mg/dL, only
7% with phenotypic FH also had monogenic FH.®! In
these studies, many individuals had a polygenic cause
for hypercholesterolemia rather than monogenic FH.
The characterization of yield using FIND FH in the
current study focuses primarily on the assessment of
monogenic FH but does not assess polygenic hyper-
cholesterolemia and underestimates the presence of
phenotypic FH, due to missing family history data in
the EHR.

The Mayo algorithm had a high yield of those
needing screening for FH, about one-sixth of the
total cohort, but also a 1.9% vyield for those with P/
LP FH variants, thus improving the sensitivity. The al-
gorithm likely overestimated the number of people at
risk for several reasons. Our yield for at risk individu-
als was higher than a similarly designed study at the
Mayo Clinic.®® The median age of those identified with
LDL-C >190 mg/dL was about 60years; because of
age-related rise in cholesterol, the FH yield will be pro-
portionately lower than at younger ages.3*3 A second
reason is the inclusion of an adjustment of LDL-C up-
ward in those prescribed statins. This may contribute
to overestimation of the number of people at risk either
because of nonadherence with statin use or a lower
response to treatment.

There have been several studies published on the
usefulness of information technology strategies to
identify patients at risk for FH. These have generally
relied on making a phenotypic diagnosis of FH, often
with molecular confirmation. In the United Kingdom,
an algorithm based on the Simon-Broome criteria was
successful in identifying primary care patients at risk
for FH.5 At Kaiser Permanente, an algorithm based
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Table 4. Participants With a P/LP FH Variant: Comparison
of Those Identified by Algorithm Versus Those Not

Identified
Participants with P/LP FH
variants identified by either
FIND FH or Mayo
Variable No (N=83) Yes (N=197) P value
FH gene
APOB 32 (43.8%) 64 (38.3%) 0.4226
LDLR 41 (56.2%) 103 (61.7%)
Age, y
Mean (SD) 59.4 (13.97) 57.7 (13.97) 0.2165
Median (IQR) 63.0 59.0 (47.0-67.0)
(560.0-70.0)
Female sex, n (%) 40 (48.2%) 120 (60.9%) 0.0495
Race, n (%)
Black 0 (0.0%) 1(0.5%) 0.5155
White 83 (100.0%) 196 (99.5%)
Body mass index
Mean (SD) 30.1 (8.34) 31.5 (7.35) 0.0919
Median (IQR) 29 (24-34) 31 (26-35)
Lipid-lowering 9 (10.8%) 81 (41.1%) <0.0001
therapy, n (%)
LDL-C
Mean (SD) 153.7 (26.59) 277.6 (77.56) <0.0001
Median (IQR) 160 (134-174) 259 (221-313)
HDL-C
Mean (SD) 49.8 (13.40) 52.4 (15.33) 0.2472
Median (IQR) 47 (40-62) 50 (42-62)
Total cholesterol
Mean (SD) 222.6 (32.10) 319.9 (65.41) <0.0001
Median (IQR) 230 (200-249) | 305 (274-350)
Triglycerides
N (missing) 75 (8) 183 (14) 0.858
Mean (SD) 120.9 (57.69) 138.8 (70.65)
Median (IQR) 103 (77-155) 119 (86-178)
Systolic blood pressure
Mean (SD) 125.1 (17.37) 123.9 (14.17) 0.9633
Median (IQR) 122 (112-134) 122 (113-132)
Diastolic blood pressure
Mean (SD) 72.9 (9.45) 72.8 (10.17) 0.8473
Median (IQR) 74 (64-80) 72 (66-80)
Family history of 9 (10.8%) 17 (8.6%) 0.5599
heart disease
ASCVD, n (%) 32 (38.6%) 69 (35.0%) 0.5744
Diabetes, n (%) 24 (28.9%) 48 (24.4%) 0.4263
CKD, n (%) 11 (13.3%) 27 (13.7%) 0.9196
Smoking status
Current 16 (19.3%) 30 (15.2%) 0.0919
Former 20 (24.1%) 74 (37.6%)
Never 47 (56.6%) 93 (47.2%)
(Continued)
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Table 4. Continued

Participants with P/LP FH
variants identified by either
FIND FH or Mayo

Variable No (N=83) Yes (N=197) P value
Hypothyroidism, 11 (13.3%) 33 (16.8%) 0.4626

n (%)

ASCVD indicates atherosclerotic cardiovascular disease; CKD,

chronic kidney disease; FIND, Flag, Identify, Network, Deliver; FH, familial
hypercholesterolemia; HDL-C, high-density lipoprotein cholesterol; 1QR,
interquartile range; LDL-C, low-density lipoprotein cholesterol; and P/LP,
pathogenic or likely pathogenic.

on make early diagnosis to prevent early deaths cri-
teria, followed up by chart review identified patients
with high-risk FH.* At Stanford, a study that combined
FIND FH with natural language processing of EHR was
successful in identifying patients with FH.” An exercise
that used the UK Biobank to identify patients at high
likelihood of FH has been applied to estimate the prev-
alence of phenotypic and molecularly confirmed FH in
the United States.®

Results from chart reviews for identification of phe-
notypic FH were disappointing. Key elements of the
DLCN algorithm, particularly family history and physi-
cal findings, were missing in most cases. The most fre-
quent finding related to family history was inconclusive,
defined as the absence of any information on this in the
chart. Another problem was lack of specificity, includ-
ing the inability to classify premature ASCVD events or
family members having LDL-C in the FH range.

It is likely that a small percentage of the suspicious
VUS identified in participants are causative of FH
based on the distribution of LDL-C values in this group.
However, this was too small a number to suggest that,
in clinical practice, suspicious VUS meeting the se-
lected variant characteristics in this study should be
considered pathogenic. Studies combining phenotypic
and broader genomic data are needed to better char-
acterize VUS with the highest likelihood to cause dis-
ease. Studies of LDL receptor function may also help
to further elucidate which VUS are likely pathogenic.3®

Strengths of the study include the combination of
both FH genetic variant information and long standing
EHR for the cohort. A second strength was the ability
to combine 2 different algorithms to identify an at-risk
cohort.

The major limitations of this study were the older
age of the cohort and either missing or inconclusive
data in the EHR related to the FH phenotype. Lack of
data on younger individuals, missing lipid values, and
the fact that the FIND FH algorithm requires presence
of at least 1 cardiac comorbidity or primary prevention
condition recorded in their history led to exclusion of
about half the MyCode cohort eligible for the study.
There may be a bias toward identifying those currently
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Table 5. Comparison of Those With a P/LP FH Variant With Those Identified by Algorithms and the Remainder of the

Cohort
Mayo+FIND FH | FIND FH only Mayo only Remainder of
Variable P/LP (N=280) | (N=285) (N=254) (N=9936) cohort* (N=48974) | P value
Age,y
Mean (SD) 58.2 (13.97) 60.8 (12.87) 63.5 (12.42) 63.8 (11.44) 59.9 (14.05) <0.00011+81#
Median (IQR) 60.0 62.0 (53.0-71.0) |65.0(58.0-71.0) |65.0(56.0-72.0) |62.0 (51.0-71.0)
(48.0-68.0)
Female sex, n (%) 160 (57.1%) 199 (69.8%) 148 (58.3%) 6246 (62.9%) 28674 (58.5%) <0.00018*=tt
Race, n (%)
Black 1(0.4%) 7 (2.5%) 5 (2.0%) 157 (1.6%) 963 (2.0%) 0.0441
Other$® 0 (0.0%) 1(0.4%) 2 (0.8%) 68 (0.7%) 404 (0.8%)
White 279 (99.6%) 277 (97.2%) 247 (97.2%) 9711 (97.7%) 47607 (97.2%)
Body mass index
N (missing) 277 (3) 285 (0) 254 (0) 9926 (10) 48825 (149) <0.000118 11
Mean (SD) 31.1 (7.66) 30.4 (6.94) 31.4 (7.47) 32.5 (52.11) 33.8 (76.72)
Median (IQR) 31 (26-35) 29 (26-33) 30 (26-35) 31 (27-36) 31 (27-37)
Lipid-lowering therapy, n (%) 90 (32.1%) 160 (56.1%) 57 (22.4%) 5624 (56.6%) 4863 (9.9%) <0.0001
Highest LDL-C
Mean (SD) 240.8 (87.44) 288.0 (410.04) 1491 (29.67) 231.8 (40.75) 134.6 (30.88) <0.0001*H8 I #5111
Median (IQR) 226 (176-286) | 254 (215-301) 1565 (131-172) 219 (201-251) 137 (113-159)
HDL-C
N (missing) 260 (20) 256 (29) 236 (18) 8740 (1196) 43961 (5013) 0.0070
Mean (SD) 51.7 (14.82) 54.3 (15.57) 54.5 (15.44) 51.6 (13.91) 52.0 (15.44)
Median (IQR) 49 (41-62) 52 (43-63) 53 (43-64) 50 (42-59) 49 (41-60)
Total cholesterol
N (missing) 261 (19) 257 (28) 237 (17) 8768 (1168) 44138 (4836) <0.0001* 810411
Mean (SD) 292.3 (72.65) 299.8 (54.39) 218.6 (38.14) 271.1 (39.54) 208.8 (37.72)
Median (IQR) 281 (243-332) | 296 (267-332) 223 (189-246) 274 (246-295) 210 (183-236)
Triglycerides
N (missing) 258 (22) 255 (30) 236 (18) 8517 (1419) 43053 (5921) <0.0001*+8 /%1t
Mean (SD) 133.6 (67.52) 163.1 (72.20) 130.7 (56.89) 166.4 (66.05) 136.1 (62.79)
Median (IQR) 116 (84-169) 145 (111-203) 121 (89-159) 156 (117-205) 124 (90-170)
Systolic blood pressure
N (missing) 278 (2) 285 (0) 254 (0) 9932 (4) 48893 (81) <0.0001+8+
Mean (SD) 124.3 (15.15) 127.5 (16.99) 126.1 (13.67) 128.0 (16.11) 127.0 (15.72)
Median (IQR) 122 (112-132) 126 (116-138) 126 (118-134) 126 (118-138) 126 (118-136)
Diastolic blood pressure
N (missing) 278 (2) 285 (0) 254 (0) 9932 (4) 48893 (81) 0.0025
Mean (SD) 72.8 (9.95) 74.4 (9.88) 73.1 (9.40) 74.1 (9.90) 74.4 (9.97)
Median (IQR) 72 (66-80) 76 (70-80) 72 (68-80) 74 (68-80) 74 (68-80)
Family history of heart disease, | 26 (9.3%) 34 (11.9%) 11 (4.3%) 670 (6.7%) 2870 (5.9%) <0.0001*8 1t
n (%)
ASCVD, n (%) 101 (36.1%) 98 (34.4%) 52 (20.5%) 2870 (28.9%) 9914 (20.2%) <0.0001*8 Mt
Diabetes, n (%) 72 (25.7%) 79 (27.7%) 64 (25.2%) 3197 (32.2%) 12943 (26.4%) <0.0001¢
CKD, n (%) 38 (13.6%) 59 (20.7%) 41 (16.1%) 2336 (23.5%) 2336 (23.5%) <0.0001%8
Smoking status, n (%)
Current 46 (16.4%) 43 (15.1%) 31 (12.3%) 1647 (16.6%) 7290 (14.9%) 0.00408
Former 94 (33.6%) 102 (35.8%) 100 (39.5%) 3692 (37.2%) 17983 (36.7%)
Never 140 (50.0%) 140 (49.1%) 122 (48.2%) 4593 (46.2%) 23668 (48.4%)
Unknown 0 (0.0%) 0 (0.0%) 0(0.0%) 0(0.0%) 9 (0.0%)
(Continued)
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Table 5. Continued

Missing 0 0 1

4 24

Hypothyroidism, n (%) 44 (15.7%) 70 (24.6%)

57 (22.4%)

2450 (24.7%) 9816 (20.0%) <0.0001#8

ASCVD indicates atherosclerotic cardiovascular disease; CKD, chronic kidney disease; FIND, Flag, Identify, Network, Deliver; FH, familial hypercholesterolemia;
HDL-C, high-density lipoprotein cholesterol; IQR, interquartile range; LDL-C, low-density lipoprotein cholesterol; and P/LP, pathogenic or likely pathogenic.
*No variants identified through genomic screening and not flagged by either FIND FH or Mayo algorithms. Mayo only vs FIND FH only.

fMayo only vs Mayo + FIND FH.
*Mayo only vs P/LP.

SMayo only vs none.

IFIND FH only vs Mayo + FIND FH.
IFIND FH only vs P/LP.

*FIND FH only vs none.

**Mayo + FIND FH vs P/LP.
ftMayo + FIND FH vs none.
HP/LP vs none.

S50ther includes 38% Asian, 24% Unknown, 20% American Indian or Alaska Native, and 18% Native Hawaiian or Other Pacific Islander.

prescribed statins, because the correction factor may
overadjust for the effect of statins, and those on statins
are more likely to have multiple lipid profiles in the re-
cord. The cohort was not racially diverse, so general-
izability beyond White individuals is not possible. An
unusual limitation was the relatively high rate of FH di-
agnosis in this cohort, due to the presence of returned
results to many of those eligible for the study via the

existing MyCode Genomic Screening and Counseling
program,® making these individuals ineligible for our
cohort. Despite this limitation, we were able to identify
a high percentage of those remaining with FH variants.

Our data suggest information technology—based strat-
egies to identify people at risk for having FH can be suc-
cessful, within certain limits. That 70% of those with a P/LP
FH variant in an undiagnosed cohort could be identified

Table 6. Chart Review DLCN of Diagnosis and Unknown Subcategory

DLCN
Definite (n=230) 227 1 0 2
Probable (n=25) 13 2 1 7
Possible (n=62) 0 26 5 24 7
Unlikely (n=103) 0 il 34 7 51
Prevalence of missing data by DLCN category
DLCN subcategory unknowns’*
First-degree relative with known premature CHD or first- 157 32 35 29 52
degree relative with known LDL-C level >95th percentile
(n=305)
First-degree relative with tendon xanthoma and/or corneal 237 40 40 40 60
arcus or child(ren) <18years with LDL-C level >95th
percentile (n=417)
Subject has premature CHD (n=74) 54 1 7 4 8
Subject has premature cerebral or peripheral vascular 63 4 6 12
disease (n=92)
Tendon xanthoma (n=378) 207 39 39 35 58
Corneal arcus in person <45years (n=388) 213 40 38 37 60
Causative mutation shown in an FH gene (n=178) 0 39 40 39 60

CHD indicates coronary heart disease; DLCN, Dutch Lipid Clinics Network; FIND, Flag, Identify, Network, Deliver; FH, familial hypercholesterolemia; and
LDL-C, low-density lipoprotein cholesterol.

*DLCN diagnoses: definite >8; probable =6-8; possible=3-5; unlikely <3.

TNumbers represent charts where the subcategory was marked as unknown.

*In cases of true missingness of data in the electronic health records (ie, complete absence or no explicit documentation of a positive or negative finding
in the patient’s chart), the corresponding subcategory has been marked as unknown. An unknown in any category would result ultimately in an inconclusive
status for DLCN, regardless of DLCN diagnosis.
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by combining 2 strategies based on information technol-
ogies is an important accomplishment and suggests with
further refinement of these strategies, improved precision
could be achieved. Research has shown that the abil-
ity to perform chart reviews, or to use natural language
processing on those identified, may be able to increase
the yield from those brought in for clinical evaluation after
identification.*” An important negative finding was that
an absence of a meaningful difference in prevalence of
hypothyroidism, diabetes, and chronic kidney disease in
those with a genetic variant compared with those with-
out suggests these conditions should not be excluded
during information technology efforts to find those with
FH. Enhanced data collection of the elements necessary
to establish a phenotypic diagnosis of FH might also re-
duce the number of people identified, thus increasing
precision of the models; elements that would be helpful
include recording pretreatment LDL-C, more precise fam-
ily history information related to elevation of LDL-C, age
at ASCVD, relationship to the patient, and information on
physical findings related to cholesterol deposition. A fur-
ther limitation is the inability to identify those with an FH
variant with lower LDL-C levels, a group still at elevated
risk of ASCVD. Thus, even in the presence of excellent
strategies, identification of everyone with FH in a specific
population will continue to require both screening of lipid
profiles in younger individuals and robust procedures for
cascade testing of relatives of those affected, because in
many countries, yields from cascade screening are lower
than in the most successful settings.3
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