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Abstract

Background: The familial hypercholesterolemia (FH) diagnosis is based on clinical and genetic criteria. A relevant proportion of FH patients
fulfilling the criteria for definite FH have negative genetic testing. Increasing the identification of true genetic-based FH is a clinical challenge.
Deepening the analysis of lipoprotein alterations could help increase the yield of genetic testing. We evaluated whether the number, size,
and composition of lipoproteins assessed by TH-NMR could increase the identification of FH patients with pathogenic gene variants.

Methods: We studied 294 clinically definite FH patients, 222 (75.5%) with positive genetic testing, as the discovery cohort. As an external
validation cohort, we studied 88 children with FH, 72 (81%) with positive genetic testing. The advanced lipoprotein test based on 1TH-NMR
(Liposcale®) was performed at baseline after a lipid-lowering drug washout of at least 6 weeks. The association of variables with genetic
variants was evaluated by random forest and logistic regression. Areas under the curve (AUCs) were calculated. A predictive formula was
developed and applied to the validation cohort.

Results: A formula derived from nuclear magnetic resonance (NMR) lipoprotein analyses improved the identification of genetically positive FH
patients beyond low-density lipoprotein (LDL)-cholesterol levels (AUC = 0.87). The parameters contributing the most to the identification formula
were LDL particle number, high-density lipoprotein size, and remnant cholesterol. The formula also increases the classification of FH children with
a pathogenic genetic variation.

Conclusion: NMR lipoprotein profile analysis identifies differences beyond standard lipid parameters that help identify FH with a positive
pathogenic gene variant, increasing the yield of genetic testing in FH patients.

Key Words: familiar hypercholesterolemia, genetic testing, nuclear magnetic resonance, machine learning, cardiovascular risk

Familial hypercholesterolemia (FH) is a genetic disorder that
results in elevated low-density lipoprotein cholesterol
(LDL-C) levels from birth and the subsequent progression of
atherosclerotic cardiovascular (CV) disease (1, 2). Among
the pathogenic FH-associated genetic variants responsible
for FH, the most common ones affect the LDL receptor gene
(LDLR), which accounts for approximately 85% to 90% of
cases. Pathogenic gene variants in other genes, such as apoli-
poprotein B (APOB) and proprotein convertase subtilisin/kex-
in type 9 (PCSKD9), are less common causes of FH (3). Recent
epidemiological data suggest a FH prevalence of 1 in 200 to
250 people (4). However, the exact percentage of genetic diag-
nosis in FH depends on the population studied and the

diagnostic criteria used. A definite clinical FH diagnosis can
be established by meeting the Dutch Lipid Clinic Network
(DLCN) criteria or similar criteria based on LDL-C levels, per-
sonal and family history, and physical signs (3, 6). However, a
pathogenic FH gene variant cannot be detected in all definite
clinical FH diagnoses. In general, it is estimated that
FH-associated genetic variants are detected in 70% to 90%
of FH cases (3). The remaining cases within the spectrum of
FH syndrome (7) are a mixture of polygenic alterations, un-
known genetic factors, and multifactorial causes driven by
environmental-genetic interactions (8). Importantly, the vera
FH diagnosis requires genetic testing. Beyond identifying the
specific genetic variant responsible for the disorder, positive
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genetic testing helps identify family members who may be at
risk of developing FH and can inform personalized treatment
and management plans (9), thereby increasing patient em-
powerment and adherence to therapy (10). Patients with gen-
etically confirmed FH show a higher prevalence of CV events
than nongenetically confirmed patients with similar LDL-C
concentrations (11-13). FH patients carrying a pathogenic
variant have a 22-fold increased risk for coronary artery
disease, while clinical FH without a pathogenic variant in-
creases the risk by 6% despite having similar LDL concentra-
tions (14). Moreover, patients with genetically confirmed FH
show a higher prevalence of coronary artery calcification than
patients without genetically confirmed FH (15). Therefore, the
presence of genetic alterations indicates a group of FH pa-
tients at higher risk of requiring a more intensive clinical ap-
proach (16). The identification of FH patients with positive
genetic testing should be a priority for CV risk stratification.
However, the cost of genetic testing is high and not universally
reimbursed by public health systems (4). The relatively low
performance of genetic studies even in patients with clinically
definite FH is a clinical and economical challenge, and several
studies have provided additional clues to refine the clinical
characteristics of those clinical FH patients carrying a patho-
genic gene variant (17, 18). We hypothesized that genetically
positive and negative clinically diagnosed FH could have small
metabolic differences undetectable by standard biochemical
lipid profiles but detectable by metabolomic/lipidomic techni-
ques that could improve the identification of genetically posi-
tive patients, improving the yield of genetic testing and helping
to stratify CV risk.

In this study, we applied 2D 1-H nuclear magnetic reson-
ance (NMR) spectroscopy to serum samples (Liposcale®
test) to study the advanced lipoprotein profile of FH patients
with and without positive genetic testing results (19).

Our aim was to assess whether the advanced lipoprotein
profile assessed by NMR can properly classify genetically
positive and negative FH patients and provide an equation
that could be used in clinical settings to classify new patients.

Methods

Study Design and Patients
We performed a baseline cross-sectional study of 2 cohorts.

Cohort 1 (adult FH)

This cohort included 294 patients attending our Lipid Unit
due to heterozygous familial hypercholesterolemia with a
score in the DLCN equal to or greater than 6 (75.6% with
FH-associated pathogenic genetic variants). Anamnesis, an-
thropometry, and physical examination evaluating corneal
arch and Achillean tendon xanthomas and blood tests, includ-
ing serum 1H-NMR analysis, were obtained at baseline.
Patients taking statins or other cholesterol-lowering agents
underwent a 6-week washout period to avoid the modifica-
tions in the advanced lipoprotein profile induced by
lipid-lowering agents.

Cohort 2 (children FH)
This cohort included 88 children and adolescents aged 4 to 18
years attending our Lipid Unit due to heterozygous FH. They

were participating in the Early Detection of Familial
Hypercholesterolemia in Children (DECOPIN Project,
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ClinicalTrials.gov Identifier: NCT04370899), which focused
on the implementation of opportunistic, direct, and reverse
cascade FH screening. Children were diagnosed with FH if
they had a positive genetic test (82%) or LDL-C>
150 mg/dL and 1 of the parents had definite FH. At the time
of inclusion, no patients were receiving lipid-lowering ther-
apy. An exhaustive medical history, including family CV
and dyslipidaemia history, a complete physical examination,
and anthropometry data, was recorded. To calculate body
mass index (BMI) in children, we used the BMI score, which
was calculated by the following equation: [(BMI children -
BMI 50th percentile of Orbegozo’s growth curves)/SD 50th
percentile of Orbegozo’s growth curves].

An overnight fasting blood sample was obtained from each
patient to perform the biochemical studies.

The study fulfilled the criteria of the Helsinki Declaration,
and the Ethical and Clinical Investigation Committee of the
Pere Virgili Institute for Health Research approved the study.
All participants signed the written consent form.

Standard Biochemical Variables

Plasma and serum aliquots were stored at —80 °C in our re-
search institute’s (Pere Virgili Institute for Health Research)
biobank until the measurements. Biochemical parameters, lip-
ids, and apolipoproteins were measured using colorimetric,
enzymatic assays (Spinreact, SA, Spain; Wako Chemicals
GmbH, Germany), which were adapted to the Cobas Mira
Plus Autoanalyser (Roche Diagnostics, Spain).

Genetic Testing

In both cohorts, the presence of FH-associated variants
was studied by next-generation sequencing (Liponext,
SEQPROLIPO RS, Roche Diagnostics). Liponext detects var-
jants in LDLR, APOB, PCSK9, LIPA, APOE, STAP1 (ADH),
and LDLRAP1 (ARH) genes and copy-number variation in
LDLR.

2D-1H-NMR Lipoprotein and Glycoprotein Profile
Evaluation

A 200-ml aliquot of plasma was used for lipoprotein analysis
by 2D-1H-NMR (Liposcale®) (19). The particle size and
number of 9 subtypes of lipoproteins [large, medium, and
small very low density lipoprotein (VLDL), LDL, and high-
density lipoprotein (HDL)] as well as cholesterol and
triglyceride concentrations in lipoprotein subclasses were
determined as previously reported. Remnant cholesterol
(Rem-Chol) was calculated as the sum of intermediate-density
lipoprotein, and VLDL cholesterol. Briefly, particle concen-
trations were obtained from the measured amplitudes and at-
tenuation of their spectroscopically distinct methyl group
signals using the 2D diffusion ordered NMR spectroscopy
pulse. By this method, the hydrodynamic characteristics of
the molecules associated with each subclass of lipoprotein
can be measured. From the diffusion coefficients, the sizes of
different subclasses of lipoproteins are directly calculated
through the Stokes-Einstein equation. The direct measure-
ment of the size, as in this method, is of particular importance
since it is used to calculate the number of lipoprotein particles.
The methyl signal was surface fitted with 9 Lorentzian func-
tions associated with each lipoprotein subtype. The area of
each Lorentzian function reflected the lipid concentration of
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each lipoprotein subtype, and the size of each subtype was cal-
culated from the diffusion coefficient. The particle number of
each lipoprotein subtype was calculated by dividing the lipid
volume by the particle volume of a given class. Lipid volumes
were determined using common conversion factors to convert
concentration units into volume units. The variation coeffi-
cients for particle number were between 2% and 4%. The
variation coefficients for particle size were lower than 0.3%.

Statistical Methods

Data procedure and prediction models

Cohort 1 was used to develop the different prediction models
to assess whether the Liposcale®2D-1H-NMR lipid profile or
the conventionally measured LDL-C, along with age, sex, and
BMI, could differentiate between genetically positive and
negative patients. Additionally, it was also used for internal
validation. Cohort 2 was used as the external validation co-
hort. All numeric variables were standardized. Due to the
small number of missing values (3 out of 294 for BMI in co-
hort 1), they were replaced by the mean of all available values
for the same variable in the dataset. The cohort 1 dataset was
randomly divided into a training dataset, validation dataset,
and test dataset in a 0.7/0.15/0.15 ratio. The training dataset
was used to train the classification models, tune the hyper-
parameters of the algorithms, and discard unimportant fea-
tures. The validation dataset was used to choose the best
classifying model. The test dataset and cohort 2 were used
as internal and external validation datasets, respectively.
The test set and the external validation set were always inde-
pendent of the training and tuning process during the develop-
ment of the models. The prediction algorithms used were
random forest (RF) models and logistic regression (LR)
models.

RF

RF is a bagging ensemble classification algorithm based on the
growth of multiple conditional inference trees. Feature selec-
tion was performed using the Boruta package, which is one
of the wrappers built around the RF algorithm to obtain the
importance of the variables based on the mean decrease in ac-
curacy (20).

LR

LR models predict the probability of a binary dependent vari-
able using the maximum likelihood estimation to determine
regression coefficients. As several variables were highly corre-
lated and LR is highly affected by multicollinearity, we per-
formed elastic net regressions to select the most influential
features (21).

Since class imbalance existed between patients who were
genetically positive and negative (4:1), all adjusted models
were weighted to increase the importance of the minority
class. The optimal hyperparameters were those that maxi-
mized the area under the curve (AUC) of the different receiver
operating characteristic curves (ROCs) in the models for each
method, which were chosen using 10-fold cross-validation.

Performance metrics of internal and external validations

The evaluation of the performance of the different models in
the internal test set and external set was studied with the
AUC of the ROC curves, together with the accuracy,
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sensitivity, specificity, positive predictive value, negative pre-
dictive value, and F; score. We also provide the confusion ma-
trix of each prediction model.

Model distributions

To avoid opportunistic splits of the dataset that could lead to
unrealistic results, we performed model distributions with
each predictive algorithm fit. We arbitrarily took 100 different
seeds that created 100 different splits from the internal data-
set. We calculated 100 different AUCs of the internal and ex-
ternal test sets of each obtained training model. With the 100
AUCs obtained, we calculated a density distribution from
which we obtained an average AUC and its respective confi-
dence interval (CI). The results obtained from the predictions
were considered valid if they were within the 95% CIs ob-
tained from the model distributions. All AUCs for the internal
and external test sets are given with their respective 95% Cls
derived from the model distributions.

Descriptive and statistical analyses

Continuous normal variables are presented as the mean and
SD, while continuous nonnormal variables are presented as
the median and interquartile range. Categorical variables are
presented as the percentage and number of individuals. T tests
of unpaired data and Mann-Whitney tests were used to com-
pare normal and nonnormal variables, respectively, in cohorts
1 and 2. To compare normal variables between the training,
validation, and test, we used one-way ANOVA in the response
variables that were normally distributed or the Kruskal-Wallis
test if the response variable was nonnormally distributed.
Categorical variables were compared using the chi-square
test. P-values < .05 were considered to indicate statistical sig-
nificance. To control the overall type I error rate across all
comparisons, Bonferroni P-value correction was applied
when multiple comparisons were performed between patients
with a detected genetic variant and those without a genetic
variant in cohorts 1 and 2. The corrected P-value was ob-
tained by multiplying the standard P-value by the number of
comparisons performed (40 in each cohort). Statistical ana-
lyses were performed in R Studio, version 4.0.1.

Results

Characteristics of the Cohorts

Table 1 shows the general characteristics of cohort 1 sorted by
genetic data. Cohort 1 included 294 hypercholesterolaemic
patients, 222 of whom were genetically positive (75.5%) for
FH. Their mean age was 40 (32-49), 53% of them were
male, and their average BMI was 25.64 (23-28). Patients
with a genetic positive test were younger and had higher
LDL-C and more LDL particles. The LDL and HDL sizes
were also larger. Genetically negative patients show more tri-
glycerides and more total, large, medium, and small VLDL
particles. They also had more small HDL particles. They
had more VLDL and remnant cholesterol. VLDL and HDL
were triglyceride enriched. When Bonferroni corrections
were applied, we observed that most of the differences regard-
ing the lipoprotein profile were maintained.

Supplementary Table S1 (22) shows the general character-
istics of the training set, the internal validation set, and the
test set. The clinical and biochemical characteristics of
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Table 1. Description of cohort 1
Overall cohort Gen. positive Gen. negative P-value Bonferroni
1 (n=294) test (n =222) test (n="72) corrected P-value
Age (years) 0 (32-49) 37 (30-49) 44 (37.75-52) <0.0001 .006
Sex, male (%) 156 (53) 51.58 58.57 0.44 1
BMI (kg/m?) 25.64 (23-28) 25.37 (22.69-37.40) 26.67 (23.92-28.71) 0.02 .8
DLCN 9(7-12) 9 (6-12) 9.50 (8.75-11.25) 0.02 .8
Smoke, n (%) 103 (35.03) 0 (36.03) 3(31.94) 0.62 1
DMT2, n (%) 3(1.02) 3 (1.3%) 0 (0) 0.75 1
Hypertension, n (%) 0 (10.20) 9 (8.56) 1(15.28) 0.16 1
SBP (mmHg) 120 (110-130) 120 (110-130) 122 (115-138) 0.06 1
DBP (mmHg) 5 (70-80) 4 (70-80) 0 (70-84) 0.02 .8
Previous CV disease, n, (%) 8(2.72) §5(2.25) 3(4.17) 0.66 1
Xanthomas, n (%) 113 (38.43) 6 (34.23) 7 (51.39) 0.01 4
Corneal arch, n (%) 108 (36.73) 7 (30.18) 1(56.94) <0.0001 .003
Total cholesterol (mg/dL) 317.1 (281.1-363.5) 336.4 (286.9 -375.1) 294.4 (265.8-322.9) <0.0001 .001
LDL-C (CM) (mg/dL) 243 (207.5-294) 261 (217-312.4) 211 (187-239.9) <0.0001 <.0001
HDL-C (CM) (mg/dL) 50.27 (42.25-60.32) 49.11 (39.54-59.45) 54.07 (46.85-62.11) 0.0001 .04
TG (mg/dL) 7 (70.86-141.72) 88.57 (62-126.66) 125.50 (88.57-164.41) <0.0001 <.0001
Lipoprotein particle number
VLDL (nmol/L) 31.31 (20.54-56.16) 28.69 (17.30-48.86) 48.60 (30.20-74.32) <0.0001 <.0001
Large VLDL (nmol/L) 0.64 (0.44-1.16) 0.58 (0.37-0.94) 1.02 (0.62-1.50) <0.0001 <.0001
Medium VLDL (nmol/L) 3.55(2.39-5.76) 3.25(2.14-4.99) 5.59 (3.39-7.15) <0.0001 <.0001
Small VLDL (nmol/L) 27.54 (17.79-48.98) 24.96 (14.97-42.91) 42.15 (26.55-64.96) <0.001 <.0001
LDL (nmol/L) 2037 (1803-2339) 2074 (1851-2436) 1917 (1739-2178) <0.0001 .03
Large LDL (nmol/L) 310 (270.5-354.6) 321.4 (281.3-372.7) 277.4 (245.5-304.3) <0.0001 <.0001
Medium LDL (nmol/L) 795.5 (655.4-982.5) 822.4 (692.1-1024.5) 685 (582.1-840.3) <0.0001 <.0001
Small LDL (nmol/L) 925.2 (827.7-1083.7) 926.9 (818.3-1086.3) 912.4 (856.4-1062.8) 0.99 1
HDL (umol/L) 26.66 (23.38-30.45) 25.77 (22.93-29.71) 28.77 (25.95-31.15) <.0001 .005
Large HDL (umol/L) 0.37 (0.33-0.42) 0.37 (0.33 -0.42) 0.35 (0.32-0.40) 0.02 .8
Medium HDL (pmol/L) 10.16 (9.11-11.21) 10.33 (9.29-11.49) 9.47 (8.90-10.82) 0.008 32
Small HDL (pumol/L) 15.99 (13.19-19.23) 15.17 (12.69-18.30) 18.77 (16.48-28.53) <0.0001 <.0001
Lipoprotein composition (mg/dL)
VLDL-C 9.47 (4.33-20.13) 8.72 (3.95-17.44) 17.92 (8.51-25.33) <0.0001 <.0001
VLDL-TG 42.76 (29.07-75.08) 38.88 (24.46-60.32) 65.98 (42.50-102.30) <0.0001 <.0001
IDL-C 13.49 (10.11-18.34) 12.96 (9.19-17.94) 14.99 (12.18-19.75) 0.003 a2
IDL-TG 11.79 (8.53-15.04) 10.74 (7.89-14.13) 13.99 (11.66-17.29) <0.0001 <.0001
Remnant-C 23.87 (16.63-36.74) 21.26 (14.62-34.51) 31.15 (22.76 -45.05) <0.0001 .0002
LDL-C 209.3 (186-244.6) 216.3 (192.1-254.6) 193.1 (172.9-217.6) <0.0001 <.0001
LDL-TG 25.92 (21.30-31.51) 26.15 (21.30-31.92) 24.78 (21.27-29.84) 0.2 1
HDL-C 57.67 (51.39-64.94) 58.10 (51.24-65.78) 56.44 (52.34-61.86) 0.39 1
HDL-TG 8.99 (5.20-13.35) 7.86 (4.43-12.64) 11.62 (9.01-16.60) <0.0001 <.0001
Lipoprotein size (diameter, nm)
VLDL 42.08 (41.98-42.22) 42.09 (41.99-42.22) 42.05 (41.94-42.18) 0.07 1
LDL 21.43 (21.21-21.57) 21.47 (21.30-21.58) 21.23 (21.01-21.42) <0.0001 <.0001
HDL 8.33 (8.27-8.38) 8.35 (8.29-8.39) 8.26 (8.21-8.31) <0.0001 <.0001
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Abbreviations: BMI, body mass index; C, cholesterol; CM, conventionally measured; CV, cardiovascular; DBP, diastolic blood pressure; DLCN, Duch Lipid
Clinic Network (the scores shown do not include points for positive genetic testing; not applicable for children); DMT2, diabetes mellitus type 2; HDL,
high-density lipoprotein; IDL, immediate-density lipoprotein; LDL, low-density lipoprotein; nmol/L, nanomolar; nm, nanometer; SBP, systolic blood pressure;
TG, triglycerides; VLDL, very low density lipoprotein; pmol/L, micromolar.

Normally distributed data is expressed in terms of mean and SD. Nonnormally distributed data is expressed in terms of median and interquartile range.
Categorical data is expressed in percentages. To evaluate differences between groups, t-tests were used to compare normally distributed data, the Mann—
Whitney U test was used to compare nonnormally distributed data, and the chi-square (x~) test was used to compare categorical data. P-values < .05 are
considered statistically significant.
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Table 2. Description of cohort 2
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Overall cohort Gen. positive Gen. negative P-value Bonferroni
2 (n=88) (n=72) (n=16) corrected P-value
Age (years) 9 (6-12.25) 9 (6-13) 8.50 (7-10) 0.75 1
Sex, male (%) 47 (53.40) 52.74 34.78 .01 0.4
BMI score (kg/m?) 18.86 (16.07-21.74) 19.30 (16.34-21.79) 16.44 (15.54-20.63) 17 1
Smoke, n (%) 4 (4.54) 4(5.55) 0(0) .76 1
SBP (mmHg) 108 (99.5-117) 109 (100-117) 103 (97.25-111) 18 1
DBP (mmHg) 3 (57.50-70) 3 (58-70) 63.50 (55.75-68.50) .57 1
Xanthomas, n (%) 8(9.09) 7(9.72) 1(6.25) 1 1
Corneal arch, n (%) 1(1.14) 1(1.39) 0 (0) 1 1
Total cholesterol (mg/dL) 262 (228.8-295.2) 266.5 (229.8-305.5) 234 (227-254.5) .04 1
LDL-C (CM) (mg/dL) 86 (149.8-219.2) 195.5 (159.8-229) 153 (145.8-164.8) <.0001 0.14
HDL-C (CM) (mg/dL) 9 (50.75-67) 6 (50-66) 65.50 (59.75-76.25) .04 1
Triglycerides (mg/dL) 4 (50-88) 0 (47.75-87.25) 79.50 (53.75-91.25) 17 1
Lipoprotein particle number
VLDL (nmol/L) 24.70 (18.20-38.72) 23.55(17.25-37.75) 33.81(23.73-45.73) .04 1
Large VLDL (nmol/L) 0.75 (0.51-0.99) 0.71 (0.49-0.88) 0.92 (0.73-1.12) .02 0.8
Medium VLDL (nmol/L) 3.30 (2.32-4.24) 3.20 (2.19-4.10) 3.95 (2.86-4.96) .04 1
Small VLDL (nmol/L) 20.54 (15.24-33.29) 19.81 (14.62-32.20) 29.31 (19.90-38.77) .053 1
LDL (nmol/L) 1806 (1481.3-2081.2) 1851.3 (1515.2 -2155.3) 1581 (1442-1758) .053 1
Large LDL (nmol/L) 260.8 (215.2-304.5) 272.4 (224.6-318.9) 225 (206.7-256.4) .01 0.4
Medium LDL (nmol/L) 615.6 (464-775.7) 663.4 (469.7-824.1) 518 (432.5-602.1) .03 1
Small LDL (nmol/L) 850.6 (776.2-1010.6) 878.3 (777.3-1017.7) 800 (767.8-877.1) 17 1
HDL (umol/L) 7 (23.91-30.35) 26.95 (23.75-29.70) 28.73 (25.37-32.08) .09 1
Large HDL (umol/L) 0.28 (0.25-0.31) 0.28 (0.25-0.31) 0.28 (0.25-0.30) .77 1
Medium HDL (pumol/L) 9.41 (8.62-10.23) 9.37 (8.62-10.24) 9.52 (8.49-10.10) 95 1
Small HDL (umol/L) 17.43 (15.13-19.75) 17.17 (14.93-19.09) 19.44 (17.04-21.28) .03 1
Lipoprotein composition (mg/dL)
VLDL-C 9.95 (6.35-13.21) 9.32 (5.66-13.02) 11.67 (9.94-17.13) .03 1
VLDL-TG 33.80 (23.87-52.15) 31.18 (23.63-48.38) 43.48 (30.25-59.60) .049 1
IDL-C 7.78 (5.69-9.91) 7.58 (5.59-9.73) 8.44 (6.89-10.45) 27 1
IDL-TG 7.63 (5.85-9.94) 7.40 (5.70-8.87) 8.05 (6.90-11.15) 1 1
Remnant-C 17.70 (12.82-23.98) 16.39 (12.59-22.86) 20.57 (16.11-27.01) .05 1
LDL-C 184.56 (152.94-215.23) 194.74 (162.22-227.90) 160.2 (151-178.1) .02 0.80
LDL-TG 18.18 (14.16-24.02) 18.57 (14.01-24.78) 15.80 (14.48-21.37) .34 1
HDL-C 57.24 (48.93-64.66) 57.24 (48.93-64.56) 57.35(50.80-59.37) .69 1
HDL-TG 8.08 (5.64-11.39) 7.10 (5.10-10.01) 12.59 (9.40-17.88) <.0001 0.009
Lipoprotein size (diameter, nm)
VLDL 42.31 (42.01-42.50) 42.32 (42.01-42.51) 42.29 (42.05-42.45) .73 1
LDL 21.33 (21.15-21.52) 21.34 (21.14-21.57) 21.32 (21.20-21.44) .38 1
HDL 8.30 (8.25-8.33) 8.31 (8.26-8.34) 8.26 (8.24-8.29) .005 0.2

Abbreviations: BMI, body mass index; C, cholesterol; CM, conventionally measured; DBP, diastolic blood pressure; DLCN, Duch Lipid Clinic Network (the
scores shown do not include points for positive genetic testing; not applicable for children); HDL, high-density lipoprotein; IDL, immediate-density lipoprotein;
LDL, low-density lipoprotein; nmol/L, nanomolar; nm, nanometer; SBP, systolic blood pressure; TG, triglycerides; VLDL, very low density lipoprotein;

umol/L, micromolar.

Normally distributed data is expressed in terms of mean and SD. Nonnormally distributed data is expressed in terms of median and interquartile range.
Categorical data is expressed in percentages. To evaluate differences between groups, t-tests were used to compare normally distributed data, the Mann—

Whitney U test was used to compare nonnormally distributed data, and the chi-square (x
considered statistically significant.

patients distributed in these 3 datasets were similar, except for

LDL diameter (P =.01).

The proportion of genetically positive FH patients was
74.4% for the training set, 71.42% for the validation set,
and 85.1% for the test set. No differences were found between

the 3 datasets (P =.23).

%)

test was used to compare categorical data. P-values < .05 are

Table 2 shows the characteristics of cohort 2, which in-

cluded 88 hypercholesterolaemic children, of whom 72 were

genetically positive (82%). Their mean age was 9 (6-12.25),
53.40% were male, and their average BMI score was 18.86
(16.07-21.74). Patients with a genetically positive test result

had more LDL-C and LDL large, medium, and small particles.
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Genetically negative patients had more VLDL particles, more
VLDL and remnant cholesterol, and smaller HDL particles.
When Bonferroni corrections were applied, most of the signi-
ficative differences were lost.

Hyperparameterization, Feature Selection and
Packages Used

The optimal hyperparameters tuned for each model and meth-
od are shown in Supplementary Table S2 (22). Supplementary
Table S2 (22) also shows the most important features selected
for RF and LR with their importance ranking.

Internal Validation

Table 3 shows the confusion matrix and performance metrics
obtained from the predictions of the internal test dataset with
the TH-NMR profile as well as the AUC of the ROC with its
95% CI obtained from the model distribution. The predic-
tions obtained from the TH-NMR profile with RF and LR
show similar performance metrics with good predictive power
[RE: AUC = 0.88 (95% CI: .73-.96); LR: AUC = 0.87 (95%
CI: .69-.96)]. Both models show high sensitivity and specifi-
city (RF: sensitivity = 0.86 and specificity = 0.86; LR: sensitiv-
ity=0.86 and specificity =0.69), with slightly increased
specificity in RF. In the same direction, the RF model also
shows a better F; score than LR (RF: F; score =0.67; LR: F;
score=0.51). LDL-C conventionally measured predictions
also showed good results in the internal dataset [RF: AUC
0.86 (95% CI: .66-.93); LR: AUC (95% CI: .83 [0.71-0.93]
(Supplementary Table S3 (22)]. The ROC curves of the intern-
al test predictions calculated with the TH-NMR profile are
shown in Fig. 1A. ROC curves of the internal predictions cal-
culated with conventionally measured LDL-C are shown in
Supplementary Fig. S1A (22).

External Validation

Table 3 shows the confusion matrix and performance metrics
obtained of the predictions of the external dataset with the
1H-NMR profile with their AUCs and their respective 95%
CI obtained from the model distribution. The predictions ob-
tained from the 1TH-NMR profile with RF and LR also show
similar results, with good predictive power for both methods
[RF: AUC=0.83 (95% CI: .72-.84); LR: AUC=0.82 (95%
CI: .82-.84)]. The RF model showed slightly decreased sensi-
tivity compared with LR (RF: sensitivity = 0.63; LR: sensitiv-
ity =0.75) but increased specificity (RF: specificity = 0.83;
LR: specificity = 0.72). Regarding the F; score, both models
show very similar results (RF: F; score =0.53; LR: F; score
=0.51). However, conventionally measured LDL showed no-
ticeably worse results [RF: AUC=0.60 (95% CI: .56-.72);
LR: AUC=0.59 (95% CI: .57-.61) (Supplementary
Table S3 (22)]. The ROC curves of the external dataset predic-
tions calculated with the 1TH-NMR profile are shown in
Fig. 1B. ROC curves of the external predictions calculated
with conventionally measured LDL-C are shown in
Supplementary Fig. S1B (22).

Clinical Application

Based on logistic regression prediction, we formulated an al-
gorithm with potential clinical utility that could help distin-
guish between genetically positive and negative FH patients.
The result of the algorithm is a probability, which, if it is

Table 3. Confusion matrix and performance metrics of the adjusted models with the Liposcale variables, age, sex

F1 score

Accuracy (95% CI)

AUC (95 C1%) Sensitivity (95% CI) Specificity (95% CI) PPV (95% CI) NPV (95% CI)

Confusion matrix

Model

Internal validation

0.67

0.86 (0.42-1) 0.55(0.23-0.83) 0.97 (0.83-1) 0.86 (0.71-0.95)

0.86 (0.70-0.95)

0.88 (0.73-0.96)

RF

0.51

0.74 (0.58-0.86)

0.96 (0.80-1)

0.36 (0.14-0.62)

0.69 (0.51-0.83)

0.86 (0.42-1)

0.87 (0.69-0.96)

+
11
24

LR

External validation

0.53

0.91 (0.81-0.97) 0.80 (0.70-0.87)

0.83 (0.73-0.91) 0.45 (0.24-0.68)

0.63 (0.35-0.85)

0.83 (0.72-0.84)

+

RF

12
60

0.51

0.93 (0.83-0.98) 0.73 (0.62-0.82)

0.72 (0.60-0.82) 0.38 (0.23-0.59)

0.75 (0.48-0.93)

0.82 (0.82-0.84)

+

LR

20
52

Abbreviations: —, negative genetic test; +, positive genetic test; AUC, area under the curve; CI, confidence interval; LR, logistic regression; NPV, negative predictive value; PPV, positive predictive value; RF, random

forest.
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Figure 1. Receiver operating characteristic curves for the predictions of the internal dataset (A) and external dataset (B) with the Liposcale variables.

greater than 0.5, will cause the patient to present a genetically
positive test. Otherwise, it will be considered negative:

1
P = {4 =038+ 1.02.HDLz=0.70 Ren—Chol+0.61 LargeLDL)

where HDLz represents the mean diameter of the HDL
particles, Rem-Chol represents the remnant cholesterol
(intermediate-density lipoprotein + VLDL-C), and LargeL.DL
represents the number of large LDL particles.

Discussion

Our work addresses a challenging clinical issue: improving the
performance of genetic testing to diagnose true monogenic FH
patients. A study performed in our region showed that only

41.1% of patients with DLCN scores of>6 carry a
pathogenic variant, and this percentage increased up to
48.5% in patients with a DLCN > 8. On the other hand, in
FH-suspicious patients with a DLCN < 6, 80% had no genetic
variant, but 20% of these patients who were supposed to be at
a lower FH probability were genetically positive (23).
Moreover, a recent publication from Denmark almost repli-
cates these data, showing that among clinically definite FH pa-
tients who underwent genetic testing, an FH-associated
genetic variant was identified in approximately 40% (24).
According to similar studies in those patients with definite
FH, a pathogenic variant is identified in 60% to 80%; in
possible FH, the performance is even lower (21% to 44%)
(25-28). In highly suspicious-FH children, the yield of genetic
testing ranges from 60% to 95% (29, 30).

920z Ateniged oz uo 3senb Aq /68686 //06029/1 L/60 L /oI01E/Wad(/wod dno-olwspese)/:sdjy Wolj papeojumoq



The Journal of Clinical Endocrinology & Metabolism, 2024, Vol. 109, No. 11

There are several reasons for this mismatch. One is the in-
accuracy of clinical indices, including DLCN, Simon
Broome, or MedPed, with relatively low sensitivity and speci-
ficity (31). Moreover, the implementation of indices is usually
difficult. Data on family history are usually difficult to gather,
and some physical signs, such as corneal arch, are not mean-
ingful at the usual age of disease detection, or lesions, such
as xanthomas, are not present because of the generalized use
of statins for high, although undiagnosed, cholesterol concen-
trations (32). An example is the Spanish FH SAFEHEART co-
hort, where xanthomas were present in <15% of cases and the
corneal arch was present in approximately 30% of the pa-
tients (33). Moreover, the standard clinical indices cannot
be applied to children because they have lower LDL-C levels,
and, in general, there are neither physical signs yet nor person-
al or family history of CV events (34).

The important gap between monogenic FH suspicion and
the real genetic disease leads to several clinical inconveniences.
It is difficult to explain to the patient and family the absence of
a clear genetic cause. The need for family screening is
different, although the treatment, driven by LDL-C levels,
is often quite intensive (35). In addition, evidence has
shown that FH patients with genetically positive tests
have a 22-fold increased risk of coronary artery disease com-
pared to the general population, while the increase in risk of
genetically unconfirmed patients is 6%. On the other hand,
patients with genetically confirmed FH show more coronary
artery calcification, which is a strong marker of CV risk
(12, 15).

In some countries, the FH diagnosis is also the gate to reim-
bursement for specialized therapies such as PCSK9 inhibitors
(36), and the lack of genetic confirmation generates some con-
fusion in patients, physicians, health authorities, and payers
(37, 38). To overlook this point, we suggested including all
clinically or genetically diagnosed FH patients under the con-
cept of FH syndrome (7). Moreover, performing genetic tests
with a negative rate of 50% is unsustainable from an econom-
ical point of view.

In this study, we tested whether a deeper look at changes in
the lipid profile by TH-NMR taking into account not only
cholesterol concentrations but also lipoprotein particle num-
ber, size, and composition could give us a tool to improve
the performance of genetic testing. Interestingly, patients clas-
sified as probable or definite FH with negative genetic testing
had in general more triglyceride-rich lipoprotein particles and
more small HDL, suggesting that, although the markers were
within the normal ranges, a component of atherogenic dyslipi-
daemia could explain a bias in diagnosis. After all the classifi-
cation studies, we developed a formula based on those
parameters that were more closely associated with the pres-
ence of genetic variants beyond the LDL-C concentrations,
particularly in patients with LDL-C levels that are not as
high and less disease-defining in themselves. After a compre-
hensive data analysis including clinical, biochemical, and
NMR data, the parameters that were finally included in the
formula to help classify positive and negative genetic FH pa-
tients were large LDL particle number, HDL size, and
Rem-Chol obtained by NMR, which were probably acting
as statistical surrogates of other lipoprotein parameters.
According to the equation, a value above 0.5 classifies the pa-
tient as positive for genetic testing. For values above 0.5, the
closer they were to 1, the more likely it was that the genetic
test would be positive. In our study, according to AUC values
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(Table 2), the formula correctly classified 87% of our cohort
of adult FH patients.

For external validation, we applied the formula to a cohort
of children with FH. Interestingly, although we could expect
different metabolic determinants in children compared to
adults, the formula also classified up to 82% of these children
correctly, validating our results and extending the use of the
formula to younger ages.

The application of TH-NMR to lipoprotein studies in FH
could improve the classification of real monogenic FH pa-
tients including those with gene variants in LDL-R, APOB,
and PCSK9 genes (7-9). The 1H-NMR lipoprotein test and al-
gorithm should be recommended in the identification of pa-
tients with LDL-C levels less disease-defining. Taking into
account that the NMR study costs approximately one-quarter
of genetic testing, this diagnostic step could also be highly
efficient.

Our study has some limitations: the sample size is limited,
particularly the child cohort; however, it was large enough
to obtain statistically significant results. Moreover, our results
should be validated in more independent cohorts. The lack of
standardization in the NMR methods to measure lipoprotein
particles limits the application of these results to the use of the
Liposcale test, which is available for clinical use across Europe
(www.biosferteslab.com) (39). As strengths, we would like to
note the robustness of the analytical method and the results
obtained.

The advanced lipid profile assessed by TH-NMR detects
lipid variations not observed by standard measurements that
could help identify real monogenic FH, increasing the yield
of genetic testing. Performing this test before indicating a gen-
etic test will increase the performance of genetic studies and
will save money.
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