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EDITORIAL COMMENT
EHR-Based Screening of
Familial Hypercholesterolemia
Finding the Lipid in the Haystack
Ramzi Ibrahim, MD, Jack Hartnett, MB, BCH, BAO
F amilial hypercholesterolemia (FH) is a genetic
disorder characterized by elevated low-
density lipoprotein cholesterol (LDL-C) levels

throughout life, leading to premature atherosclerotic
cardiovascular disease (ASCVD).1,2 It is most
commonly caused by autosomal dominant mutations
in the LDL receptor gene, though other genes
involved in LDL-C metabolism can also be implicated.
FH is a relatively common condition, with modern
registry studies estimating a prevalence of approxi-
mately 1 in 250 people, translating to around 14 to
34 million patients with FH worldwide.1,2 However,
fewer than 1% of patients with FH are diagnosed in
most countries, a striking gap in diagnosis.3

Untreated heterozygous patients with FH face a 10-
to 20-fold increased risk of premature coronary artery
disease compared to the general population.1,2 With
the emergence of novel therapies, such as proprotein
convertase subtilisin/kexin type 9 inhibitors and
long-acting small interfering RNAs, which are highly
effective in reducing serum LDL-C levels, the case for
screening patients with FH early has never been
stronger. Early identification and treatment offer a
potential pathway to mitigating the lifelong ASCVD
risk that patients with FH endure.

In recent years, there has been increasing interest
in applying machine learning (ML) models to iden-
tify at-risk patients at a population level.4-6 The
wealth of data stored in electronic health records
(EHRs), combined with advances in artificial
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intelligence (AI), has sparked the development of a
wide array of new risk models and screening algo-
rithms across various medical fields.6 In cardiology,
ML models have not only outperformed traditional
risk algorithms, such as the pooled cohort equations
for ASCVD risk prediction, but have also outpaced
cardiology trainees in recognizing electrocardiogram
abnormalities.4,7

In this issue of JACC: Advances, Osei et al8 pro-
vided a thorough review of the current landscape of
EHR-based screening for FH. Through a scoping re-
view of 27 studies, which evaluated 14 different
screening algorithms and tools, the authors aimed to
assess the performance of existing EHR-based
screening algorithms for FH, their utility in clinical
practice, and the barriers associated with their
adoption. This comprehensive overview offers a
valuable synthesis of the varied screening tools and
algorithms currently in use, summarizing their per-
formance against reference standards at different
prevalence assumptions.

This review subtly raises the question: Are EHR
and ML-based algorithms for FH detection ready for
routine clinical implementation? The authors identify
several key challenges to their widespread adoption.
One prominent issue is the lack of a definitive diag-
nostic test for FH. Diagnostic approaches vary,
ranging from genetic testing to clinical assessment
with LDL-C levels, and combined clinical-genetic ap-
proaches like the Simon Broome and Dutch Lipid
Clinic Network criteria.9 This lack of diagnostic uni-
formity complicates the reference standards used to
evaluate EHR-based screening algorithms. Some
studies in the review used genetic testing as the
reference standard, while others relied on Simon
Broome or Dutch Lipid Clinic Network criteria.
Moreover, some studies that used different
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algorithms for FH diagnosis performed well, sug-
gesting that a one-size-fits-all approach may not be
optimal when using EHR data to establish an FH
diagnosis. This highlights the need for tailored
methods that can account for diverse patient pop-
ulations and clinical settings. With only one study
providing a head-to-head comparison of algorithms,
there remains insufficient data to recommend one
EHR-based tool over another.10

Another significant challenge is defining the pop-
ulation that should be targeted for EHR-based
screening. When applied to the general population
through primary care data sets, the positive predic-
tive value of the available algorithms can be quite low
(as little as <1%).11 However, when applied to high-
risk cohorts, such as those in lipid clinics, the posi-
tive predictive value can be as high as 95.3%.12 The
implications of this are clear: applying these algo-
rithms broadly would require substantial resources
and infrastructure to manage the influx of patients
flagged by positive screens. Furthermore, while the
review highlights the utility of FH screening, there
remains a paucity of health economic analyses.
Additionally, the authors note the lack of data in
minority populations and low-resource settings,
which raises concerns about the generalizability of
these tools across diverse populations. External vali-
dation of these algorithms remains underreported in
this scoping review, limiting the general applicability.
When there is discordance between the characteris-
tics of the training data set, the validation data set,
and the target population, the tool’s effectiveness can
be diminished.

Without careful consideration of these factors, the
implementation of EHR-based screening may further
widen the health disparity gap, particularly in iden-
tifying and treating high-risk individuals. Socioeco-
nomic and racial disparities lead to reduced access to
health care, including genetic testing and lipid
screenings, which are integral components of FH
diagnosis.13 Furthermore, as EHR algorithms rely on
patient data, these may not be as readily available or
accurate for populations within underserved com-
munities. These vulnerable populations face many
gaps in health care coverage, incomplete data entries
in EHR systems, and fragmented medical histories,
many of which can impact the efficacy of these
screening tools. Another consideration is the poten-
tial biases in the data sets that were used to train
these algorithms, which may lead to misclassification
in minority groups, further exacerbating existing
health inequities.

Despite these hurdles, ML and AI are becoming
indispensable tools in cardiovascular research,
improving our ability to detect diseases early and
enhance clinical decision-making.6 With health care
data becoming increasingly available, the potential
for ML models to transform clinical practice is vast.
Unstructured data, which comprises nearly 80% of all
medical records, can now be processed more effi-
ciently, attributable to advancements in natural lan-
guage processing and automated data extraction.14

For instance, natural language processing algorithms
have been used to identify comorbidities, such as
stroke, hypertension, coronary artery disease, dia-
betes, and dyslipidemia, emphasizing the broad
applicability of AI technologies in cardiovascular risk
stratification.15

Although the application of ML in FH detection is
still in its early stages, substantial progress has
already been made. As this field continues to develop,
EHR-based screening may soon become a standard
component of clinical practice. The increasing use of
EHR modalities to extract and analyze medical data
has significantly enhanced our ability to predict CVD
risk factors and identify diseases more effectively.
Advanced data-driven multiomics platforms that
integrate clinical data, environmental factors, geno-
mics, and epigenomics offer more precise and timely
identification of the factors influencing CVD pro-
gression. This, in turn, will lead to the development
of individualized profiles that allow for targeted
public health interventions and more actionable
strategies in high-risk areas. Similarly, the early
detection and treatment of the underdiagnosed but
prevalent condition of FH remain vital in the global
effort to combat CVD.
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