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Abstract

Background

Familial hypercholesterolemia (FH) is a common monogenic disorder and, if not
diagnosed and treated early, results in premature atherosclerotic cardiovascular
disease. Most individuals with FH are undiagnosed due to limitations in current
screening and diagnostic approaches, but the advent of machine learning (ML) offers a
new prospect to identify these individuals. Our objective was to create a ML model from
basic lipid profile data with better screening performance than low-density lipoprotein
cholesterol (LDL-C) cut-off levels and diagnostic performance comparable to the Dutch
Lipid Clinic Network (DLCN) criteria.

Methods

The ML model was developed using a combination of logistic regression, deep learning
and random forest classification and was trained on a 70% split of an internal dataset
consisting of 555 individuals clinically suspected of having FH. The performance of the
model, as well as that of the LDL-C cut-off and DLCN criteria, were assessed on both
the internal 30% testing dataset and a high prevalence external dataset by comparing
the area under the receiver operator characteristic (AUROC) curves. All three
methodologies were measured against the gold standard of FH diagnosis by mutation
identification. Furthermore, the ML model was also tested on two lower prevalence
datasets derived from the same external dataset.

Results

The ML model achieved an AUROC curve of 0.711 on the high prevalence external
dataset (n=1376; FH prevalence=64%), which was superior to that of the LDL-C cut off
alone (AUROC=0.642) and comparable to that of the DLCN criteria (AUROC=0.705).
The model performed even better when tested on the medium prevalence (n=2655; FH
prevalence=20%) and low prevalence (n=1616; FH prevalence=1%) datasets, with
AUROC curve values of 0.801 and 0.856 respectively.

Conclusions

Despite the absence of clinical information, the ML model was better at correctly
identifying genetically confirmed FH in a cohort of individuals suspected of having FH
than the LDL-C cut-off tool and comparable to the DLCN criteria. The same ML model
performed even better when tested on two cohorts with lower FH prevalence. The
application of ML is therefore a promising tool in both the screening for, and diagnosis
of, individuals with FH.
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Introduction

Familial hypercholesterolemia (FH) is
one of the most common monogenic
disorders and, if untreated, increases
the risk of premature atherosclerotic
cardiovascular disease (ASCVD) due to
lifelong exposure to increased levels of
low-density lipoprotein cholesterol (LDL-
C).1® Early diagnosis and treatment
have been proven to reduce both
ASCVD events and CVD-related
mortality.?3

Worldwide, FH is estimated to affect
approximately 1 in 250 individuals in the
general population.*’ The prevalence of
FH in the general population of South
Africa is unclear, but due to founder
effects in three distinct ethnic groups
(White  Afrikaners, Jewish  South
Africans of Lithuanian descent, and
Indian South Africans of Guijarati
descent) the prevalence in these groups
has been reported to be as high as 1 in
70 individuals.®?

Despite  the  benefits of early
intervention, the majority of FH patients
remain undiagnosed and untreated.
Worldwide, more than 99% of
individuals with FH are undiagnosed
and it is estimated that only
approximately 3% of individuals with FH
in South Africa have been diagnosed.®
Only six countries have identified more
than 5% of their estimated FH

population, but even in these countries
the identification rate is also generally
well below 50%, except for the
Netherlands where an estimated 71% of
individuals with FH have been identified
by a national screening program.©

Current screening practices for FH,
other than the investigation of
individuals with established ASCVD and
their family, rely on population-wide
LDL-C concentration testing and further
investigation of individuals with an LDL-
C concentration above a predetermined
cut-off.’® However, in the general
population, less than 3% of individuals
flagged with an LDL-C above 4.9
mmol/L have genetically confirmed
FH.11'12

Individuals with high LDL-C should be
evaluated further by ruling out
secondary causes of hyperlipidemia and
applying a clinical scoring tool that
combines data obtained by a clinician
(consisting of patient history, physical
examination, and family history) with the
results of biochemical and genetic
investigations. Notably, amongst
laboratory analytes, only the LDL-C
and/or total cholesterol (TC)
concentration form part of the scoring
criteria, and not the other components of
a standard lipid profile, namely, high-
density lipoprotein cholesterol (HDL-C)
or triglyceride (TG) concentration.!! At
least three validated clinical scoring
tools exist, with the Dutch Lipid Clinic
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Network (DLCN) scoring criteria being
the most widely accepted and
commonly used.!1%11 However, genetic
evidence of a FH-causing mutation is
considered to be the gold standard and
can be used in isolation or combination
with clinical scoring tools.t1?

Even in high prevalence cohorts, such
as lipid clinics, a FH causing gene
variant is found in only 60-80% of
individuals diagnosed as ‘definite FH’ by
one of the various clinical scoring
criteria.1>1* Because the reliability of
genetic screening depends on the
genetic tools used (i.e., some
techniques may miss large deletions or
insertions), some older cohort studies
may have slightly underestimated the
proportion of individuals with FH-
causing  variants.'>  Subsequently,
genome wide association studies in
patients with clinical FH but without
identifiable monogenic mutations have
found an accumulation of multiple ‘small
effect size allelic variants’ responsible
for the increase in LDL-C.'2'> These
patients are sometimes labelled as
having ‘polygenic FH’, although the term
‘polygenic hypercholesterolemia’ is a
better description as ‘familial
hypercholesterolemia’ is  generally
accepted to refer to the monogenic
entity.'? This is an important distinction
as monogenic FH confers significantly
higher ASCVD risk and a different
inheritance  pattern, with cascade
screening implications, versus polygenic

hypercholesterolemia.l?16-21 Despite the
diagnostic superiority of genetic testing,
due to cost and availability it is currently
not being used for widespread
population level  screening  and
diagnosis but has been shown to be of
value in cascade screening once an
index case has been diagnosed.10:2%.22

Other than the suboptimal diagnostic
accuracy of the current screening and
diagnostic approach to FH, other
barriers such as the high reliance on
human decision making also exist.
Human decision making is prone to bias
and misinterpretation and depends on
experienced health care workers.??
These barriers are evident across all
countries but are more relevant in
resource-constrained countries such as
South Africa.

Technological advances, such as the
advent of artificial intelligence (Al),
provide an opportunity for solving old
problems with new tools. Machine
learning (ML), a subdivision of Al that
utilizes computer powered statistical
analysis of large datasets to find
patterns, is one such tool. Supervised
ML, a subdivision of ML, allows for
multiple numerical and categorical
variables to be associated with a
specific outcome.?* When many such
instances are presented, a pattern is
recognized, and an algorithm can be
constructed which can be used to
predict future outcomes when faced with
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new data. It is important that the
outcome used to train and evaluate the
ML model on be as objective as
Various forms of supervised ML exist
employing different statistical tools such
as logistic regression, linear regression,
deep neural network, and random
decision forests.?426

Although relatively new to the medical
world, ML has already demonstrated its
usefulness in various prognostic and
predictive applications across many
medical disciplines.?”?® The field of
laboratory medicine is especially well
suited to integration with ML-based tools
due to the great quantity of numeric and
categorical data already available on a
typical laboratory information system
(LIS) and, as a result, various promising
tools have already been developed in
this setting.?®

The aim of our study was to create a ML
model, from data available on a basic
LIS, capable of achieving improved
screening accuracy when compared to
the current screening tool of LDL-C cut-
off and non-inferior diagnostic
performance when compared to the
DLCN criteria as measured by the gold
standard of genetic FH mutation
confirmation on difference prevalence
cohorts.

possible (i.e., diagnosis as determined
by the gold standard).?®

Methods

Study design

We used electronic databases from the
lipid clinics of two large academic
hospitals to build, train and assess the
performance of the ML model. Data
from the Charlotte Maxeke
Johannesburg Academic Hospital’s
(CMJAH) lipid clinic, Johannesburg,
South Africa, was used to develop and
conduct internal evaluation of the ML
model. Data from the Groote Schuur
Hospital (GSH) lipid clinic, Cape Town,
South Africa, was used to perform
external evaluation of the ML model
developed using the CMJAH data. Both
datasets  consisted of  clinically
diagnosed FH individuals, and as a
result were considered to be a ‘high
prevalence’ cohort in terms of FH
genetic mutation presence. The DLCN
FH diagnostic criteria and LDL-C cut-off
tool for FH screening were applied to
both these internal and external
datasets to serve as comparison to the
ML model’s performance.

Additionally, another dataset from the
GSH lipid clinic was wused which
consisted of individuals referred to the
clinic for evaluation of severe
hypercholesterolemia. We expected that
the FH mutation presence in this group
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would be lower than the diagnosed FH
cohort, but still higher than the general
population - thus a ‘medium prevalence’
FH mutation presence cohort. This
database was also used to manually
construct a third external dataset which
served as a ‘low prevalence’ FH
mutations presence cohort intended to
mimic the general population prevalence
of FH mutation. This was done because
disease prevalence and differences in
cohort characteristics may have a
marked effect on the performance of
classification tools.30:3!

Descriptive statistics

The descriptive statistics of each
dataset were calculated for comparison
within  and between datasets by
calculating the percentage presence of
categorical data (FH genetic status; sex;
ethnicity; lipid lowering therapy use and
previous cardiovascular events) as well
as the mean and standard deviation of
numerical data (age; TC; HDL-C; LDL-
C; and TG concentration).

Training dataset

Supplementary figure 1 provides an
overview of the data cleaning, model
development, internal and external
evaluation workflow.

A database of 678 patients attending
CMJAH lipid clinic, clinically suspected
of having FH, was obtained from the
University of the  Witwatersrand
database of the FIND-FH project. This
part of the international FIND-FH project

aims to identify patients with FH in all
population groups in South Africa.®3?
This database contained demographic
information (age, sex and race) as well
as biochemical (including full lipid
profile), clinical information (history,
medication and clinical examination
findings, including an assessment of
skin and tendon xanthoma and corneal
arcus) and genetic analysis by targeted
next generation sequencing for the
coding regions of the four genes
definitively linked to FH thus far: low
density lipoprotein receptor (LDLR),
apolipoprotein B (APOB), proprotein
convertase subtilisin/kexin  type 9
(PCSK9) and low density lipoprotein
receptor adaptor protein 1 (LDLRAP1).

Patients younger than 20 years, which is
the recommended age of lipid profile
screening in South Africa, those with
genetic mutation of uncertain
significance and patients without at least
one LDL-C measurement were removed
from the dataset. More information on
the genetic techniques used in the
evaluation of this cohort can be found in
the genetic sequencing approach
section of the data supplementary.

The dataset was then randomized and
split into a 70% training dataset and a
30% testing set. The training dataset
was further cleaned to remove all
clinical and laboratory results apart from
the lipid profile (TC; HDL-C; LDL-C; and
TG concentration) and basic
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demographics (age and sex) and the
FH-mutation status. This was done as
the intention of the ML model is for
utilization on a LIS database with
availability of only the specified
information (except the FH-mutation
status). The sex and age were included
not because it is expected that they will
have an influence on the FH-mutation
status, but rather because age and sex
itself has an influence on the
components of the lipid profile.

Machine learning model design and
development

The training dataset was used to create
various candidate ML algorithms based
on different  supervised learning
methods with BigML software (Winter
2019 release; BigML Inc.; Corvallis,
Oregon, USA). The objective identifier
used for training was the FH mutation
status (either “positive” or “negative”).
The variables used to train the algorithm
were: age, sex, TC, HDL-C, LDL-C, and
TG concentration. Where more than one
set of biochemical results were available
per individual, preference was given to
results obtained before initiation of lipid-
lowering therapy. To ensure applicability
of the ML model to its intended use (to
identify FH patients on LIS data), neither
lipid lowering therapy details nor
imputed LDL-C values were used for ML
because real-world application of the ML
model would not be able to benefit from
such  information as  prescribing
information is not routinely available on

a LIS. LDL-C baseline imputation is a
validated method to calculate the
probable pre-treatment LDL-C
concentration by applying a correction
factor based on the specific type and
dose of lipid-lowering medication.3334
Imputation for the two most common
classes of lipid-lowering treatment,
namely statins and ezetimibe, was done
where applicable.

Multiple candidate models with variable
configurations  were created via
Bayesian parameter optimization, with
the area under the receiver operator
characteristic (AUROC) curve selected
as target performance metric. The
AUROC curve was chosen as target
metric because of the need for threshold
adjustment and the ranked nature of the
outcomes, due to the importance of
correctly identifying both the positive
and negative individuals. Cross-
validation was performed with Monte
Carlo cross-validation (5 -fold with 0.8
sample rate). The top four best
performing models, as determined by
achieving an AUROC curve of 0.700 or
greater, consisted of one logistic
regression, one deep learning, and two
decision tree ensemble classifiers. The
AUROC curves achieved during cross-
validation of these four models were
0.767, 0.779, 0.722 and 0.700,
respectively.

The logistic regression model was
constructed with L1 regularization
(c=7.78009637445), inclusion of the
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bias term, with auto-scaling, missing
values prediction, and
eps=0.0755009108922. The deep
learning model was created by
employing automatic network topology
search and parameter optimization (128
networks evaluated), missing value
prediction, and a maximum training time
of 9000 seconds. On the first decision
tree ensemble classifier, gradient
boosted trees were employed consisting
of 328 nodes, 4 boosting iterations,
deterministic order model construction,
and proportional class balancing. The
other decision tree ensemble classifier
was constructed without boosting, using
619 nodes, a random candidate ratio of
0.71, in a 49-model, pruned
deterministic order.

These four models were then selected
to form a ‘fusion’” model, which
combines the output of the four evenly
weighted models to produce a single
output  prediction. The underlying
models differed in their findings on the
order of importance of the variables, but
TG concentration was in the top two
most important variables in all the
models. More information regarding the
programming inputs can be found in the
supplementary .json files.

Model performance and comparison
with existing FH classification tools

The combined FH model was then used
to predict the FH-status of the 30%
testing set, which was kept separate
from the start. The same 30% testing

dataset was used to assess the
performance of the DLCN criteria as
well as the LDL-C cut-off approach of
identifying FH. In contrast to the data
used for the ML training and testing,
both the DLCN criteria and the LDL-C
cut-off tools benefited from LDL-C
concentration  imputation when a
baseline LDL-C concentration was not
available, as this is the recommendation
when using these tools.334 Additionally,
subgroup analysis was done to evaluate
the performance of the ML model on
‘on-treatment” vs  “treatment-naive”
individuals to assess if this had a major
impact on the model’s performance. The
classification performance of all three
tools (ML model; DLCN criteria; LDL-C
cut-off) were evaluated by applying the
following performance metrics for each
tool: AUROC curve and sensitivity,
specificity, positive predictive value
(PPV), negative predictive value (NPV),
overall accuracy and F-score for pre-
specified cut-offs. The F-score is the
harmonic mean of the PPV and
sensitivity and useful in assessing the
over-all performance of binary
classification tools at a specific cut-off.3¢
The cut-off for the LDL-C tool was
chosen as 24.5 mmol/L, as this was
shown to be the recommended optimal
cut-off point for screening purposes to
detect a FH-mutation.* The cut-off for
the DLCN criteria was chosen as =28
points, correlating with the category of
‘definite FH’. The cut-off for the ML
model was 60%, which was the
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percentage of probability that achieved
the best AUROC during the internal
evaluation. For the AUROC curves, the
thresholds for the ML model were
increments of 5% probability (0 - 100%),
the thresholds for the DLCN criteria
were the numeric point value awarded
by the criteria (0O - 20+) and the
thresholds for the LDL-C cut-off were
increments of 0.5 mmol/L (0.5 - 10.5+
mmol/L).

External evaluation

The three external datasets derived
from a single database from the GSH
lipid clinic were then used to evaluate
the performance of the ML model when
presented with data from a different
center and different levels of FH-
prevalence. The first dataset was similar
to the training dataset from CMJAH in
that it consisted of a cohort of patients
diagnosed as FH on clinical grounds,
and all had limited genetic analysis for
FH-mutation detection done (more
information available in the genetic
sequencing approach section of the
data supplementary), as well as clinical
and laboratory findings. The second
dataset was from a cohort of patients
who had FH as part of their differential
diagnosis at first referral to the lipid
clinic. As this dataset was from the
same lipid clinic as the first external
dataset, all individuals with clinically

confirmed FH would also have been
represented in this dataset, along with
individuals  with other causes of
dyslipidaemia. @ This dataset had
demographic and laboratory results but
lacked detailed clinical information (i.e.,
history and clinical findings), and genetic
analysis had only been performed in
patients with a high clinical suspicion of
FH. The third GSH dataset was
constructed to mimic the suspected
prevalence of ~1% (1:100) in the South
African community.®® The intention of
the third dataset was to assess the ML
model’s ability to detect low prevalence
true FH individuals from individuals
without FH. This was done by using a
randomized subset (n=16) of known FH
positive individuals from the second
GSH dataset and an additional 1600
individuals from the greater GSH lipid
clinic database that were not clinically
suspected of having FH, but that had at
least one other CVD-associated
comorbidity  (namely  hypertension,
diabetes mellitus or obesity). The
randomization of the 16 mutation
positive FH individuals was repeated
three times and the ML model’s
performance was evaluated on each to
ensure that chance sampling did not
produce an inaccurate representation.

All three FH classification tools (ML
model; DLCN criteria; LDL-C cut-off)
used in the original CMJAH 30% testing
dataset were again applied to the first
database from GSH and their
performances were evaluated by
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applying the same performance metrics
for each tool as was done for the
CMJAH dataset.

The DLCN criteria could not be applied
to the low and medium FH prevalence
GSH datasets and no pre-treatment
LDL-C imputation could be done due to
lack of sufficient clinical information. The
same performance metrics as described
previously were used to assess the
performance of the ML model and LDL-
C cut-off on these two cohorts.

Statistical analysis

Microsoft  Excel  (Version 2002,
Redmond, USA) was used to calculate
the standard deviation (SD), mean, and
percentage for the descriptive statistics.
The AUROC curve and the 95%
confidence interval (ClI) for the AUROC
curve was done via the Hanley and
McNeil method. The F-score, the ROC
curve graphs, and all tables were
calculated using Excel. The work-flow
overview schematic was made with
diagrams.net (version 13.8.1). The
various performance metrics as well as
their respective 95% CI's were
calculated with MedCalc (Version 15.1,
Ostend, Belgium). The intervals for the
predictive values are the standard logit
confidence intervals as given by
Mercaldo et al. 2007, and the intervals
for the sensitivity, specificity and
accuracy are ‘exact’ Clopper-Pearson
Cl’s.

Ethics approval and data availability

The study was approved by the
institutional review committee of the
University of the Witwatersrand as well
as the human ethics committees of the
respective centers (University of the
Witwatersrand and University of Cape
Town Human Research Ethics
Committees) and is compliant to the
ethics standards of the Declaration of
Helsinki (2013).

Due to the South African Protection of
Personal Information Act the respective
datasets can only be made available to
researchers trained in human subject
confidentiality protocols.®® Requests can
be done at https://www.witsethics.co.za/
Wits/index.aspx and hrec-
submissions@uct.ac.za for
consideration by the relevant ethics
committees.

Results

Descriptive statistics

As seen in table 1, the FH mutation
prevalence was similar between the
training and testing dataset of the
internal database (57% vs 58%). Among
individuals with a FH mutation, only
2.2% had homozygous FH. The FH
mutation prevalence in the clinically
diagnosed FH (“high prevalence”)
external testing database was slightly
higher at 64%, but none of these
individuals had homozygous FH as it
was an exclusion criteria for that
particular database. As could be
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expected, the medium prevalence group
of the external database which
consisted of individuals with various
forms of hypercholesterolemia, had a
much lower FH mutation prevalence of
20%. The low prevalence group was
purposefully selected to have a
prevalence of 1% as explained in the
methods section.

Circulation: Genomic
and Precision Medicine

In terms of ethnicity, the internal dataset
consisted of 68% White individuals, 26%
Indian individuals and only 3.2% Black

African

were too

limited

individuals.
information on the external
to calculate
prevalence of ethnic groups.

The

ethnic
datasets
the

Internal dataset

External dataset

Training Data Testing Data High Prevalence  Medium Prevalence Low Prevalence
FH+ FH- FH+ FH- FH+  FH- FH+  FH- FH+ FH-
N 223 166 96 70 887 489 649 2655 16 1600
(57%) (43%) (58%) (42%) (64%) (36%) (20%) (80%) (1%) (99%)
Ry e 46 50 47 47 43 52 43 53 42 54
(27) (25) (27) (25) (23) (22) (23) (23) (14) (12)
Female sex 125 82 60 37 486 291 348 i i
(56%) (49%) (63%) (53%) (55%) (60%) (54%)
Ethnicity
. 164 101 69 43
“White (73.5%) (60.8%) (71.9%) (61.4%) ) ) ) ) )
‘Indian 47 57 19 23 i i i i i
(21.1%) (34.3%) (19.8%) (32.9%)
-Black 9 > 2 2 - - - - -
(4.0%) (3.0%) (2.1%)  (2.9%)
-Asian 3 3 6 2 - - - - -
(1.3%) (1.8%) (6.3%) (2.9%)
Lipid Rx
_Statin 155 90 73 33 516 141 i i i i
(70%)  (54%) (76%)  (47%) (58%) (29%)
-Ezetimibe 42 6 17 1 - - - - -
(18.8%) (3.6%) (17.7%) (1.4%)
-Omega-3 8 11 3 3 - - - - -
(3.6%) (6.6%) (3.1%)  (4.3%)
. 5 2 2 1
Fibrate %) (L2%)  (21%)  (14%) ] ] ] .
CVD event 54 10 30 9 207 87 i i i i
(24%) (6%) (31%) (13%) (23%) (18%)
TCin mmol/L 6.8 6.0 6.8 6.1 8.6 8.4 8.9 7.7 89 75
(2.1) (1.7) (2.3) (1.4) (1.7) (1.2) (1.9) (1.6) (1.8) 1.3)
HDL-C in 1.3 1.4 1.3 14 1.2 1.2 1.2 14 1.2 1.3
mmol/L (0.4) (0.5) (0.3) (0.5) (0.4) (0.4) (0.4) (0.5) (0.2) (0.4)
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Table 1: Descriptive statistics. Data expressed as n (%) or mean (SD). FH+ denotes genetically proven familial hypercholesterolemia patients and
FH- denotes patients that either had no FH-associated mutation detected or did not have genetic analysis performed due to low clinical suspicion
of FH. The dash denotes no analysis due to limited clinical information. N: number of individuals; Rx: Treatment; CVD: cardiovascular disease; TC:
total cholesterol; HDL-C: high-density lipoprotein cholesterol; LDL-C: low-density lipoprotein cholesterol. Where baseline LDL-C values were not
available, imputation of the LDL-C was done based on prescription information, but TC values were not imputed.

LDL-C in 6.3 4.3 6.7 4.3 7.1 6.2 7.2 5.5 70 5.3
mmol/L (3.6) (2.0) (4.0)  (1.6) (1.9) (1.2) (1.9)  (1.6) (1.7) (1.2)
1GinmmoyL L 2.2 1.8 2.1 1.5 2.0 1.5 1.9 1.5 1.9

(09)  (1.4) (1.2)  (1.3) (0.9) (1.0) (0.9) (1.0) (0.7) (0.9)

Generally, individuals with a confirmed
FH mutation were slightly younger, but
the average ages of all groups were
between 42 and 54 years. All groups,
except for the internal training set of
individuals without mutations, had a
slightly higher prevalence of females,
ranging from 49 to 62%.

Both lipid lowering therapy use and CVD
events were more prevalent in the FH
individuals with confirmed mutations
than in those without. The average TC
and LDL-C were also higher in
individuals with confirmed mutations,
while the HDL-C and TG concentrations
were generally lower in these groups.
The internal dataset had higher statin
coverage (ranging from 47 to 70%) than
the external dataset (29-58%) and as
the LDL-C concentrations were adjusted
for statin use, but not the TC
concentrations, the internal dataset’'s TC
was lower than that of the external
dataset (averages range 6.1 - 6.8
mmol/L vs 8.4 - 8.6 mmol/L). On
average, the external dataset also had
more severe lipid profiles and a higher
FH mutation prevalence. The decrease

in FH prevalence in the medium and low
prevalence datasets were accompanied
by an increase in heterogeneity of lipid
profile results between the FH positive
and FH negative groups.

Performance on internal data

As is evident in figure 1 (A), the DLCN
criteria and the ML model had similar
success in their ability to detect
genetically proven FH as per the
AUROC curves (0.755 and 0.754
respectively). The LDL-C cut-off
performed worst, with an AUROC curve
of 0.682. However, the 95% CI of all
three tools were wide, resulting in an
overlap.

The subgroup analysis to evaluate the
ML model’s performance on treatment-
naive versus individuals on lipid
lowering therapy did not reveal a major
difference  (AUROC curves 0.821 vs
0.813).
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Tool
Cut-off

Accuracy
Sensitivity
Specificity
PPV

NPV

F-score

Internal dataset

LDL-C
cut-off

4.5 mmol/L
0.651
(0.573-0.723)
0.667
(0.563-0.760)
0.629
(0.505-0.741)
0.711
(0.638-0.775)
0.579
(0.496-0.658)
0.688

DLCN definite
FH

8 points
0.687
(0.610-0.756)
0.583
(0.478-0.682)
0.829
(0.716-0.905)
0.824
(0.708-0.902)
0.592
(0.488-0.689)

0.683

ML model

60% probability
0.693
(0.617-0.762)
0.594
(0.489-0.691)
0.829
(0.716-0.905)
0.826
(0.712-0.903)
0.598
(0.493-0.695)
0.691

Table 2: Performance metrics of the different FH tools at their respective
cut-off points on the internal dataset. Values expressed as mean and 95%
confidence interval in brackets. PPV: positive predictive value; NPV:
negative predictive value; LDL-C: Low-density lipoprotein cholesterol;
DLCN: Dutch Lipid Clinic Network criteria; FH: familial
hypercholesterolemia; ML: machine learning
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0
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Figure 1: Receiver operator characteristic (ROC) curve analysis for familial hypercholesterolemia identification tools on the different
datasets. AUROC: Area under the ROC; DLCN: Dutch Lipid Clinic Network criteria; LDL-C: Low-density lipoprotein
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Performance on external data

On the high prevalence external
dataset, the ML model achieved the
best AUROC curve (0.711), but the 95%
Cl overlapped with that of the DLCN
criteria (AUROC=0.705) as seen in
figure 1 (B). Both the ML model and the
DLCN criteria performed better than the
LDL-C cut-off (AUROC=0.642). The ML
model also demonstrated a better
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and D). The AUROC curves on these
two datasets were better than what was
achieved by the ML model on the high
prevalence dataset, indicating that the
model performs better when there is
greater difference between the lipid
profile results of individuals with and
without FH. This is also reflected by the
various performance metrics (i.e.,
accuracy, specificity, PPV, and F-score)
in table 3 where the ML model

Table 3: Performance metrics of the different FH tools at their respective cut-off points on the external datasets. Values expressed as mean and 95%
confidence interval in brackets. HP: high prevalence; MP: medium prevalence; LP: low prevalence; PPV: positive predictive value; NPV: negative
predictive value; LDL-C: Low-density lipoprotein cholesterol; DLCN: Dutch Lipid Clinic Network criteria; FH: familial hypercholesterolemia; ML: machine
learning

accuracy, specificity, NPV and F-score
versus both

the DLCN criteria and LDL-C tools when
the respective cut-offs were compared
on the high prevalence dataset as seen

performed better than the LDL-C cut-off.
The LDL-C -cut-off, which benefitted
from LDL- C imputation based on lipid-
lowering treatment information, did
however display slightly better sensitivity

External dataset: HP External dataset: MP External dataset: LP
Tool Ic_EtLo?f EECN definite ML model tt?to?f ML model I(;IIJDtLo(f:f ML model
Cut-off 4.5 mmol/L 8 points 60% probability | 4.5 mmol/L 60% probability | 4.5 mmol/L 60% probability
Accuracy 0.616 0.566 0.664 0.370 0.541 0.233 0.468
(0.590-0.642) (0.540-0.593) (0.638-0.689) (0.353-0.386) (0.524-0.558) (0.212-0.254) (0.444-0.493)
SN itivily 0.882 0.788 0.882 0.941 0.878 0.813 0.875
(0.858-0.902) (0.759-0.814) (0.858-0.902) (0.920-0.958) (0.851-0.902) (0.544-0.960) (0.617-0.985)
Specificity 0.135 0.164 0.268 0.230 0.458 0.227 0.464
(0.106-0.169) (0.133-0.200) (0.230-0.310) (0.214-0.246) (0.439-0.478) (0.210-0.248) (0.440-0.489)
PPV 0.649 0.631 0.686 0.230 0.384 0.010 0.016
(0.639-0.659) (0.602-0.660) (0.658-0.713) (0.225-0.235) (0.275-0.293) (0.008-0.013) (0.013-0.019)
NPV 0.386 0.300 0.555 0.941 0.939 0.992 0.997
(0.321-0.456) (0.245-0.358) (0.489-0.619) (0.921-0.957) (0.926-0.950) (0.978-0.997) (0.990-0.999)
F-score 0.748 0.701 0.772 0.370 0.429 0.020 0.032

in

table 3. Importantly, this was achieved
without sacrificing sensitivity and PPV
as demonstrated by the non-inferior
performance of these two metrics when
the ML model was compared to the

(0.941 vs 0.878) on the medium
prevalence dataset, but this was at the
cost of specificity and PPV where it
performed significantly worse than the
ML model.
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Discussion

Our ML model outperformed the LDL-C
cut-off tool for FH screening and was as
good as the DLCN criteria when the
AUROC curves for the external dataset
were assessed. All three tools were
compared to the gold standard FH
diagnosis identification of a pathogenic
mutation. The ML model used only
limited information from an LIS (age, sex
and lipid profile results), while the LDL-C
cut-off (LDL-C imputation) and the
DLCN criteria (LDL-C imputation, family
history, physical examination) benefited
from the addition of clinical information.

At the selected probability cut-off, the
ML model also had the best accuracy
and F-score in each of the different
datasets. The F-score, as a metric of the
harmonized mean between the PPV and
the sensitivity, is especially important in
classification models as it provides a
measure of the tool’s ability to correctly
identify individuals with FH (sensitivity)
without including too many false
positives (PPV).37

The application of ML for the
identification of FH has been previously
demonstrated on electronic health
record (EHR) data.??>383° Despite only
using basic lipid profile data, the
AUROC curve (0.86) that our model
achieved on the low prevalence dataset
was equivalent to what was achieved by

Banda et. al (0.94) and Myers et. al.
(0.89).223839  As part of the FH
Foundation’s “Flag, Identify, Network,
Deliver” (“FIND”) FH initiative, Banda et.
al. used a combination of clinical notes,
biochemical results, pharmacy records
and diagnostic codes to identify
potential phenotypic FH individuals.3840
Their algorithm’s performance was
evaluated by testing its ability to
correctly flag known FH patients on an
external dataset, where it achieved a
PPV of 0.85. The algorithm was also
used to identify 56 patients with a ‘high
probability’ of FH. Chart review of those
56 patients were done and it was
established that 84% of the patients met
the DLCN criteria of at least ‘possible
FH’, but only 2% met the criteria for
‘definite FH'.

In another FIND FH initiative study,
Myers et. al. used EHR data consisting
of procedural and diagnostic codes,
prescription information and laboratory
findings to create a ML algorithm for the
purpose of precision screening for FH.3°
The algorithm was applied to an internal
dataset where it achieved a PPV of 0.85
and a sensitivity of 0.45. The algorithm
was then applied to two external
databases where, respectively, 78% and
73% of identified individuals met the
DLCN criteria for at least ‘possible FH'.
However, only 13% and 10% of the
screened individuals met the DLCN
criteria for ‘definite FH on the two
respective external databases.
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Of note, these Iinvestigators used
broader criteria for FH diagnosis (any
one of the MEDPED, DLCN ‘possible
FH or the opinion of an attending
physician) while we diagnosed FH by
the gold-standard of identification of a
pathogenic mutation.

The distinction between individuals with
high LDL-C due to genetically proven
FH versus lifestyle or polygenic factors
is important as FH-mutation have been
associated with a 22-fold higher risk of
CVD.% In our study it was also evident
that individuals with a mutation had
significantly higher rates of CVD events,
despite being younger than the
individuals  without mutations and
benefitting from a greater coverage of
lipid lowering treatment. The lipid profile
of the individuals with a mutation also
differed from those without, as
demonstrated by the higher average TC
and LDL-C and lower TG and HDL-C,
further supporting the impression that
patients with an FH mutation are distinct
from those without. This finding also
supports similar findings in previous
research.314

The previous ML studies mentioned not
only employed different approaches to
FH confirmation, but also used a more
comprehensive EHR which provided
rich clinical information. Recently, a
study by Pina et. al. described three
different ML algorithms that were based
on genetic FH status and only used lipid
profile data and age.r Their two

datasets had high prevalence of FH
positive mutations (45% and 84%),
similar to our high prevalence internal
and external datasets. When assessed
on the external dataset, all three of their
ML algorithms outperformed the DLCN
criteria when the respective AUROC
curves were compared (0.70, 0.78 and
0.76 for the three ML algorithms vs 0.64
for the DLCN criteria). This was very
comparable to the performance of our
ML model which achieved an AUROC
curve of 0.71.

Despite using a smaller dataset (n=74)
for testing than the internal testing
dataset used in our study (n=166), Pina
et. al. showed very narrow and non-
overlapping 95% CI's when the DLCN
criteria was compared to their three ML
models. They however used a bootstrap
method with 10 000-time resampling to
calculate the 95% CI where we chose to
use the traditional standard error
approach outlined by Hanley and
McNeil.#2 The Hanley and McNeil
method is known for mildly
overestimating the standard error,
whereas bootstrapping may under-
estimate the tails of the CI, especially in
a small sample.*344

In both our study and the study from
Pina et. al. TG and HDL-C were
important variables in addition to TC and
LDL-C in identifying patients with FH.
Previously we developed another ML
model on the same internal dataset that
incorporated biochemical and clinical
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information and achieved an AUROC
curve of 0.87.4546 In this model the
variables of tendon xanthomata
presence and lipoprotein(a)
concentration, in addition to the
discussed lipid profile analytes, were
also shown to be of high value in
identifying  mutation  positive  FH,
whereas the addition of apolipoprotein B
did not make a significant difference.
Lipoprotein(a) was not included in the
ML model of the current study because
it is not routinely requested in our
setting. Nonetheless, it is evident that in
addition to its intended purpose of
detecting individuals with FH, the
application of ML can also be used to
identify useful variables outside of those
used in traditional scoring systems.

Despite the obvious value that extensive
EHR’s and the addition of extra clinical
and biochemical data has on the
identification of FH individuals, this
approach would not be feasible in
settings such as ours due to limited
resources. The current approach of
cascade screening of an index patient’s
family has been demonstrated to be
cost effective but may miss patients
outside of the known ethnic clusters.??
As mentioned, FH is very common in
South Africa amongst certain White and
Indian ethnicities, but the prevalence
amongst Black South Africans has not
been extensively studied.®® The recent
study by Raal et. al. highlighted this
disparity, where only ~4% of individuals

diagnosed with a FH mutation at a large
South African academic hospital were of
Black  African  ethnicity,  despite
contributing ~81% of the country’s
population.#’48 This is probably not due
to targeting the wrong mutations in
these individuals, as the same study
demonstrated that the ‘clinical FH’ group
with no positive mutation consisted of
only ~2% black individuals.
Dyslipidaemia is however not an
uncommon finding amongst Black South
Africans, as a recent retrospective study
done at another large South African
academic hospital showed that 5.8% of
Black patients with a lipid profile had a
‘cholesterol-predominant’ profile (TC >5
mmol/L, LDL-C >3 mmol/L and normal
range TG), although specific
investigations to diagnose FH were not
done.”® These two studies, taken
together, highlight the possibility that FH
is severely underdiagnosed in the Black
South African population. The
application of ML could prove very
valuable in identifying previously
undiagnosed individuals  with  FH,
especially those outside of the
traditional screening approaches.

The ability to easily adjust the probability
thresholds is a feature of our ML model
enabling it to be used in both high
prevalence settings, such as a lipid
clinic, and lower prevalence settings,
such as individuals undergoing
screening at their local clinic. We
demonstrated the usefulness of this
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feature by selecting various probability
thresholds for the different cohorts and
reported the performance metrics at
each of the thresholds (Data
Supplementary tables 2-5). This feature
can be used to tailor the ML model to
suite the intended purpose, depending
on the required performance needed. As
an example, applying the ML model at
an 85% probability threshold for
screening purposes to a low-prevalence
cohort (such as the external Ilow
prevalence cohort used in this study;
Data Supplementary table 5),
significantly improves detection of FH
affected individuals in comparison to an
LDL-C cut-off approach (PPV of 0.067
vs 0.013) without increasing the risk of
missing individuals with FH (sensitivities
of 0.750 vs 0.813, with overlapping
confidence intervals; and false omission
rates of 0.3% vs 0.8%). Although the
difference in detection might seem
small, in a group of 1000 individuals this
equates to 54 more true positive
diagnosis’'s (67 versus 13). If every
individual selected with the respective
screening tools were offered further
evaluation in the form a specialist
clinical consultation (at a cost of ~$70
each) this would result in a cost of
$1045 per true positive FH diagnosis in
the ML model example versus $5385 in
the LDL-C cut-off example. If every
individual selected by the respective
screening tools were offered limited FH
genetic testing (at a cost of ~$170
each), instead of a clinical consultation,

the cost difference in making a true
positive diagnosis would be even
greater at $2537 for the ML model
approach versus $13077 for the LDL-C
cut-off approach. The current practice of
performing cascade screening on the
family of FH diagnosed individuals as
well as the down-stream savings in
preventing major cardiovascular events
would further compound this saving, not
to mention the unmeasurable emotional
and social impact that could be
prevented.

The performance of the ML model on
the lower prevalence FH cohorts are
encouraging for possible screening use,
however, the true performance on the
low prevalence dataset needs to be
evaluated in further research as the low-
prevalence dataset in this study was not
taken from a community cohort but
rather  selected from individuals
attending the lipid clinic. Furthermore,
both the relatively small size of our
datasets and the low prevalence Black
African individuals in our datasets is
another limitation of our study,
especially given the demographics of
our setting, although the correct
classification of the limited number of
Black African individuals included in our
study is reason for optimism. All of the
datasets used to evaluate the ML model
had high prevalence of
hypercholesterolemia in  both the
mutation positive and negative groups.
The effect of differing FH prevalence
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and lipid lowering treatment usage in
various populations may result in
different performance of the ML model.
In this study the sensitivities and
specificities varied widely between the
internal and external datasets across all
three of the FH detection tools,
highlighting the need for recalibration of
the ML model before applying it to
different cohorts. Lastly, as we did not
apply the ML model on undiagnosed
individuals on our LIS, this study can
only serve as proof of concept. We hope
to address these limitations in future
research by applying the ML model
described in this study to our LIS and
fully investigating the individuals
identified. Despite the promise that ML
holds, we believe that this tool should
only serve as decision support and not
fully replace the current proven methods
of screening and diagnosing FH, until
more research, including prospective
studies, are done to ensure its value
and safety.

In summary, using only a basic lipid
profile, age and sex, our ML model was
better at correctly identifying genetically
confirmed FH in a cohort of individuals
clinically suspected of having FH than
the LDL-C cut-off tool and comparable
to the DLCN criteria. The same ML
model performed even better when
tested on two other cohorts with lower
FH prevalence. The application of
machine learning is therefore a

promising tool in both the screening for,
and diagnosis of, individuals with familial
hyper-cholesterolemia.
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