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Abstract 

Background Homozygous familial hypercholesterolemia (HoFH) is an orphan metabolic disease characterized 
by extremely elevated low-density lipoprotein cholesterol (LDL-C), xanthomas, aortic stenosis, and premature ath-
erosclerotic cardiovascular disease (ASCVD). In addition to LDL-C, studies in experimental models and small clinical 
populations have suggested that other types of metabolic molecules might also be risk factors responsible for car-
diovascular complications in HoFH, but definitive evidence from large-scale human studies is still lacking. Herein, we 
aimed to comprehensively characterize the metabolic features and risk factors of human HoFH by using metabolic 
systems strategies.

Methods Two independent multi-center cohorts with a total of 868 individuals were included in the cross-sectional 
study. First, comprehensive serum metabolome/lipidome-wide analyses were employed to identify the metabo-
lomic patterns for differentiating HoFH patients (n = 184) from heterozygous FH (HeFH, n = 376) and non-FH (n = 100) 
subjects in the discovery cohort. Then, the metabolomic patterns were verified in the validation cohort with 48 
HoFH patients, 110 HeFH patients, and 50 non-FH individuals. Subsequently, correlation/regression analyses were 
performed to investigate the associations of clinical/metabolic alterations with typical phenotypes of HoFH. In 
the prospective study, a total of 84 HoFH patients with available follow-up were enrolled from the discovery cohort. 
Targeted metabolomics, deep proteomics, and random forest approaches were performed to investigate the ASCVD-
associated biomarkers in HoFH patients.

Results Beyond LDL-C, various bioactive metabolites in multiple pathways were discovered and validated for dif-
ferentiating HoFH from HoFH and non-FH. Our results demonstrated that the inflammation and oxidative stress-
related metabolites in the pathways of arachidonic acid and lipoprotein(a) metabolism were independently associ-
ated with the prevalence of corneal arcus, xanthomas, and supravalvular/valvular aortic stenosis in HoFH patients. 
Our results also identified a small marker panel consisting of high-density lipoprotein cholesterol, lipoprotein(a), 
apolipoprotein A1, and eight proinflammatory and proatherogenic metabolites in the pathways of arachidonic acid, 
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phospholipid, carnitine, and sphingolipid metabolism that exhibited significant performances on predicting first 
ASCVD events in HoFH patients.

Conclusions Our findings demonstrate that human HoFH is associated with a variety of metabolic abnormali-
ties and is more complex than previously known. Furthermore, this study provides additional metabolic alterations 
that hold promise as residual risk factors in HoFH population.

Keywords Homozygous familial hypercholesterolemia, Metabolomics, Inflammation, Corneal arcus, Xanthomas, 
Aortic stenosis, Atherosclerotic cardiovascular disease

Background
Familial hypercholesterolemia (FH) is an inborn errors 
of metabolism disorder caused by mutations in the gene-
encoding low-density lipoprotein receptor (LDLR). Rare 
mutations in apolipoprotein B (APOB) and proprotein 
convertase subtilisin/kexin type 9 (PCSK9) genes may 
also produce the FH phenotype [1, 2]. Heterozygous 
FH (HeFH) carrying single mutation is relatively com-
mon and globally occurs in one of every 200–300 people 
[3]. Homozygous FH (HoFH) is an umbrella term that 
encompasses a spectrum of genetic diagnoses. Patients 
with HoFH have two pathogenic variants either in the 
same or two different mutations in the causative genes. 
Worldwide, HoFH is an extremely rare and life-threaten-
ing condition with a prevalence between 1:160,000 and 
1:400,000 [4–6]. In China, it was estimated that there 
are approximately 5000 HoFH individuals, in line with a 
prevalence of 1:600,000 [7, 8]. Due to the extremely rare 
prevalence, the metabolic profiles of human HoFH are 
largely unknown.

Extreme elevation of circulating low-density lipopro-
tein cholesterol (LDL-C) is the critical discriminator 
for clinical diagnosis of HoFH [6]. Compared to HeFH 
population, HoFH is characterized by a more aggressive 
phenotype of circulating LDL-C levels and cardiovas-
cular consequences [9, 10]. HoFH patients can develop 
atherosclerotic cardiovascular disease (ASCVD), supra-
valvular aortic stenosis, or cardiac death at very young 
ages [10, 11]. The widespread acceptance is that the 
major cause for these adverse cardiovascular complica-
tions is extremely increased LDL-C [12]. To date, lipo-
protein apheresis and liver transplantation remain the 
most effective but expensive lipid-lowering therapy (LLT) 
options for treating HoFH [10–14].

In addition to LDL-C, evidence for other poten-
tial cardiovascular risk factors in patients with FH is 
also emerging. Interestingly, several observations and 
experiments in the HeFH population failed to find 
associations between LDL-C and ASCVD events and 
indicated that lipoprotein (a) [Lp(a)] and several inflam-
matory cytokines might be strongly driving factors for 

cardiovascular risk in the HeFH population [15–17]. 
Although advanced LLT measures for decreasing LDL-C 
have significantly improved the outcomes of supravalvu-
lar aortic stenosis in HoFH patients, recent evidence has 
shown that LLT cannot alter calcific aortic stenosis pro-
gression once present, even with lipoprotein apheresis, 
liver transplant, or normalization of LDL-C levels [18]. 
Our recent study revealed that adolescent patients devel-
oped myocardial infarction 1  year after liver transplan-
tation, even with a lower LDL-C level < 2.5  mmol/L [8]. 
These evidences suggest that the cardiovascular risk driv-
ing factors in HoFH are complicated and have not been 
fully understood.

Metabolomics and lipidomics are amenable metabolic 
systems approaches opening a window to mechanisti-
cally interpret inborn errors of metabolism disorder [19, 
20]. Deep metabolic profiling can provide a holistic view 
of small-molecule metabolite profiles controlled at the 
level of the genome and predict clinical consequences 
[21]. Importantly, numerous studies highlight that mul-
tiple metabolite markers can contribute to the develop-
ment of a variety of cardiovascular diseases [22, 23]. 
Recent metabolomic studies showed that HeFH patients 
and genetic animal models that mimic human HoFH 
were characterized by profound metabolite alterations 
implicated in the progression and development of ath-
erosclerosis [24–26]. Furthermore, our recent study of 
142 HoFH patients indicated that different LDLR geno-
types could lead to significant heterogeneity in the serum 
metabolome phenotype of patients with HoFH [27]. 
These studies demonstrated that the metabolic charac-
teristics in HoFH might not be fully explained by LDL-C.

Here, we sought to systematically characterize the 
clinical phenotypes, clinical laboratory lipid profiles, 
serum metabolome, and lipidome profiles of the largest 
panel of HoFH patients collected from two independent 
multi-center HoFH cohorts across mainland China. We 
also aimed to investigate the associations of key meta-
bolic/clinical alterations with aggressive phenotypes 
and cardiovascular consequences in HoFH patients 
(Fig. 1).
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Fig. 1 Study overview. a Experimental procedure of cross-sectional study. Two independent multi-center cohorts were included in the global 
metabolomic/lipidomic analyses. Multivariate statistical analysis was used to discover and validate the specific metabolite patterns of HoFH. 
Regression analysis was employed to investigate the associations of HoFH-related metabolites with typical clinical phenotypes of HoFH patients. 
b Experimental procedure of follow-up study; 84 HoFH patients with available follow-up information were enrolled from the discovery cohort. 
Targeted metabolomics and deep proteomics were performed to investigate the ASCVD-associated metabolic network at multi-omic levels. 
Random forest algorithm was used to select the important metabolic/clinical markers in predicting ASCVD events
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Methods
Subjects and study design
In the cross-sectional study (Fig.  1a), two independent 
multi-center cohorts with a total of 868 individuals were 
included in the global metabolomic/lipidomic analyses. 
In the discovery cohort, 184 HoFH patients, 376 HeFH 
patients, and 100 non-FH subjects were enrolled from the 
Familial Hypercholesterolemia Families Cohort (FHFC) 
affiliated to Beijing Anzhen Hospital between 2003 and 
2021 [8, 28]. FHFC is an ongoing and prospective multi-
center cohort study (ten tertiary hospitals) designed to 
investigate the genes, imaging, treatment, and prognos-
tic factors of FH patients across mainland China. A total 
of 48 HoFH patients, 110 HeFH patients, and 50 non-
FH individuals recruited at another independent multi-
center FH cohort (five third-class hospitals) affiliated to 
Peking University First Hospital constituted the external 
validation phase between January 2021 and January 2022 
[27]. Verbal and written consent was obtained from all 
subjects. This study complies with the Declaration of Hel-
sinki and was approved by the Ethics Committee of Bei-
jing Anzhen Hospital of the Capital University of Medical 
Sciences and the Ethics Committee of Peking University 
First Hospital. This study has been registered with www. 
chictr. org. cn/ index. aspx (number: ChiCTR1900022156).

In the prospective study (Fig. 1b), a total of 84 HoFH 
patients without a history of ASCVD events and liver 
transplant surgery were enrolled from the discov-
ery cohort. Patients in the validation cohort were not 
included, due to their limited follow-up time. Untar-
geted/targeted metabolite profiling and deep proteom-
ics were performed to investigate the ASCVD-related 
metabolic alterations. During the follow-up, all 84 HoFH 
patients received continuous lipid-lowering therapy and 
strict diet control. Fatal and non-fatal ASCVD events 
were recorded. Fatal events included cardiac deaths, non-
fatal events included non-fatal myocardial infarction, 
unstable or stable angina requiring revascularization, or 
non-fatal ischemic stroke.

Diagnosis of familial hypercholesterolaemia
FH diagnosis was established by means of the diagnostic 
criteria of the Dutch Lipid Clinic Network (DLCN) and 
HoFH International Clinical Collaborators (HICC) reg-
istry [5, 7, 8], and only patients with a DLCN score ≥ 6 
(main criteria: untreated LDL-C ≥ 4.7  mmol/L; either 
xanthomas or corneal arcus; FH or premature ASCVD 
in first-degree relatives; genetically confirmed FH) were 
enrolled. All HoFH subjects in this study were genetically 
confirmed to have two mutant alleles at the genes encod-
ing LDLR, APOB, proprotein convertase subtilisin/kexin 
type 9 (PCSK9), or LDLR adaptor protein 1. Genotyp-
ing was obtained from patients if it had been performed 

or tested according to our previously reported methods 
[8, 29]. Genetically diagnostic HoFH individuals can be 
either true homozygotes, compound heterozygotes, or 
double heterozygotes. LDLR functionality was annotated 
as previously described and categorized as either null 
(< 2%) or defective (2% to 25%) [6, 8, 27, 30]. LDLR status 
was classified as at least one null mutation (null/null or 
null/defective) or not (defective/defective). Non-FH was 
defined as subjects with lower levels of untreated LDL-C 
than 4.7 mmol/L.

Sample collection and clinical laboratory lipid profiles
Blood samples were collected from the antecubital 
vein of patients who meet the requirements of an over-
night fasting state of 10–12  h. Serum was separated by 
centrifugation at 3000 × g for 20  min and then stored 
at − 80 °C until analysis. The serum levels of LDL-C, total 
cholesterol (TC), high density lipoprotein cholesterol 
(HDL-C), Lp(a), APOB, apolipoprotein A1 (APOA1), 
and triglycerides (TG) were determined using an auto-
matic biochemistry analyzer (Beckman AU 5400, Brea, 
USA). The LDL-C-year score was calculated as previously 
described: LDL-C max × (age at diagnosis/initiation of 
statin) + LDL-C at inclusion × (age at inclusion − age at 
diagnosis/initiation of statin therapy) [31].

High‑throughput metabolomics and lipidomics
The hydrophilic and lipophilic metabolites were 
extracted from serum by using liquid–liquid extrac-
tion as follows: 150 μL serum was extracted by fourfold 
volume of ice-cold chloroform: methanol (2:1, v/v) con-
taining of internal standard mixtures of L-arginine-d7, 
L-phenyl-d5-alanine, L-leucine-5, 5, 5-d3, stearic acid-18, 
18, 18-d3, arachidonic acid-d5, cholic acid-2, 2, 4, 4-d4, 
lysophosphocholine (19:0)-d5, ( ±)15-hydroxyeicosa-
tetraenoic acid-d8, prostaglandin  E2-d4, phosphocholine 
(18:0/20:4)-d11, L-carnitine-d3, stearoyl-L-carnitine-d3, 
ceramide (d18:1 /16:0)-d7, cholesterol-d7, and palmitoyl-
d9 lysophosphatidic acid. The mixture was vortexed and 
centrifuged at 14,500  rpm for 10  min at 4  °C. Then the 
upper aqueous phase (hydrophilic metabolites) and the 
lower organic phase (lipids) were separately collected 
for metabolomics and lipidomics, respectively. All the 
supernatant was transferred into a clean dry tube and 
evaporated to dryness. The dried residue was stored 
at − 80  °C. Following the above protocol, a quality con-
trol (QC) sample was also prepared by mixing equal 
aliquots from each sample. Metabolomic and lipidomic 
analyses were performed on UHPLC-Q-Exactive HF MS 
(Thermo Fisher Scientific, Waltham, MA, USA) as previ-
ously described [32, 33]. Detailed methods are depicted 
in Additional file 1.

http://www.chictr.org.cn/index.aspx
http://www.chictr.org.cn/index.aspx


Page 5 of 19Du et al. BMC Medicine          (2023) 21:275  

Targeted metabolomics and deep proteomics
The validation of the identified ASCVD-associated 
metabolites from untargeted profiling was performed 
by Metware Ltd. (http:// www. metwa re. cn/) using multi-
ple reaction monitoring (MRM) model based on the AB 
Sciex QTRAP 6500 LC–MS/MS platform and chemical 
standards. Protein corona preparation and data-inde-
pendent acquisition-based deep proteomics analysis were 
performed by Novogene Co., Ltd. (https:// www. novog 
ene. com/) based on the Thermo Fisher Q Exactive TM 
HF-X LC–MS/MS platform [34]. Detailed methods are 
provided in Additional file 1.

Statistical analysis
For clinical variables, continuous data are presented as 
the mean and standard deviation (means ± SD), and the 
data not normally distributed are expressed as medians 
and interquartile ranges [IQR]. One-way ANOVA and 
consequent Scheffé tests were used for the comparison 
of three groups. The unpaired two-tailed Student’s t test 
and Mann Whitney U test were used for the two-group 
comparison of normally distributed data and non-nor-
mally distributed data, respectively. Categorical variables 
were summarized by frequency (N) and percentages (%) 
and compared using chi-square test. P < 0.05 was con-
sidered significant. Cox regression models with hazard 
ratios (HRs) and 95% confidence intervals (CIs) were 
performed using SPSS Statistics 26. Forest plot was per-
formed to display the HRs and 95% CIs of association for 
clinical variables with the occurrence of ASCVD events. 
All analyses were performed by using SPSS Statistics 26 
(IBM Corp, New York, USA).

The semi-quantitative/quantitative values of metabo-
lites obtained from untargeted metabolic analysis were 
calculated by using the isotope-labeled internal stand-
ards. The normalized data matrix of metabolites was log-
transformed and auto-scaled to maintain a symmetrical 
and comparable distribution. Unsupervised principal 
component analysis (PCA) was applied to gain a compre-
hensive view of the sample distribution of HoFH, HeFH, 
and non-FH groups and assess the outlier samples in 
both cohorts. The optimized number of principal compo-
nents (PCs) was determined by Q2 and R2 values as fol-
lows: when the cumulative Q2 values of the first n PCs 
were decreased after adding a new PC, the first n PCs 
were selected as the optimized PCs for constructing PCA 
models. A cumulative Q2 value > 0.5 and cumulative R2 
value > 0.5 indicate a good predictivity and explanatory 
ability in the established PCA model.

Supervised partial least square discriminant analy-
sis (PLS-DA) was performed to use the group label to 
maximize the group separation and screen of the HoFH-
altered metabolic variables in the discovery cohort. The 

optimal number of latent variables (components) needed 
to build the PLS-DA model was determined by three 
performance measures of leave-one-out cross validation 
(LOOCV), including the sum of squares captured by the 
model (R2), the cross-validated R2 (Q2), and the predic-
tion accuracy (accuracy). The optimal number yielding 
the minimum classification error was selected as fol-
lows: when the cumulative Q2 values of the first n com-
ponents were reduced after adding a new component, n 
was selected as the optimal number of the components 
for constructing the PLS-DA model. A cumulative Q2 
value > 0.5, cumulative R2 value > 0.5, and accuracy > 0.8 
were considered reliable for the establishing PLS-DA 
model. The permutation test and analysis of variance test-
ing of cross-validated predictive residuals (CV-ANOVA) 
P value were used to assess the reliability of the estab-
lished PLS-DA model. The most important metabolites 
that were significantly correlated with the group labels/
classification were selected by using the variable impor-
tance projection (VIP) and modeled covariation p-scaled 
correlation coefficient [p(corr)] plots of PLS-DA model. 
The modeled covariation P value expresses the impor-
tance of the variables in the selected component. A high 
absolute p(corr) means a very high reliability (modeled 
correlation) while the square has a high model influence. 
The VIP value > 1.0 and absolute p(corr) value > 0.1 repre-
sent a significant importance of the metabolic variables in 
differentiating HoFH from HeFH or non-FH. The statisti-
cal significance of the selected metabolic variables from 
the PLS-DA model was further verified by univariate 
statistical analysis, including Student’s t test and Mann 
Whitney U test. A false discovery rate (FDR)-adjusted P 
value < 0.05 was considered significant.

Based on the differentiated metabolites identified in 
the discovery cohort, PLS-DA was also performed to test 
whether these altered metabolites could accurately dif-
ferentiate HoFH patients from non-FH and HeFH indi-
viduals in the validation cohort. The optimal number of 
PLS-DA components was determined by LOOCV plot. 
The reliability of the established PLS-DA models was 
evaluated by Q2 values, the number of misclassifications 
in posterior classification probability plot (100 cross-val-
idation), and the P values of permutation test (n = 1000 
times). All multivariate statistical analysis (MVA) were 
performed with SIMCA-P software (v14.0, Umetrics, 
Umea, Sweden) and MetaboAnalyst (http:// www. metab 
oanal yst. ca/).

Random forest (RF), an ensemble supervised learn-
ing method for variable reduction and selection, allows 
reducing variance in decision trees and has been shown 
to handle challenges arising from small sample sizes 
and feature numbers [35]. In this study, RF was applied 
to estimate the association between metabolic/clinical 

http://www.metware.cn/
https://www.novogene.com/
https://www.novogene.com/
http://www.metaboanalyst.ca/
http://www.metaboanalyst.ca/
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variables and ASCVD events and select the important 
variables using R. software (https:// cran.r- proje ct. org/ 
index. html). The dataset was divided into two-thirds for 
training and one-third for testing. The function Random 
Over-Sampling Examples (ROSE) from the R package 
“ROSE package” was applied to reduce the data imbal-
ance rate. The ntree value was set at 500, the mtry val-
ues were set at 5, and the other hyperparameters were 
set at default settings of R package “Random Forest”. The 
variable importance was evaluated by using the values of 
mean decrease accuracy. Monte Carlo cross validation 
(MCCV) was used to generate multivariate RF model for 
selecting the optimal biomarker panel. In each MCCV, 
two thirds (2/3) of the samples are used to evaluate the 
performance of different RF models using different num-
bers of top important metabolic/clinical variables. Then, 
the left 1/3 of the samples were used to validate the per-
formances of the established models. The performance 
of different multivariate RF models was assessed using 
the values of area under the receiver-operating char-
acteristic curve (AUC-ROC) and predictive accuracy. 
Kaplan–Meier estimation with the log-rank test was per-
formed to determine the overall ASCVD event-free sur-
vival time according to the concentrations of the selected 
metabolites.

Volcano plots  (log2 fold change vs. -Log10 P value), 
treemap, and chord diagram were generated by using 
bioinformatics platform (http:// www. bioin forma tics. 
com. cn). Heatmap analyses were conducted using 
TBtools software [36]. Spearman’s rank coefficients were 
used to investigate the correlation between metabolites 
and clinical lipids. Pearson correlation analysis was used 
to assess the correlation between quantitative and semi-
quantitative levels of metabolites. Regression plots were 
performed to explore the correlations between clinical/
metabolic variables and corneal arcus/xanthomas. The 
score plots of PCA and orthogonal PLS-DA models were 
applied to explore the associations between metabolites 
and LLT/CVD history. All analyses were performed on 
SPSS Statistics 26, SIMCA-P software, and bioinformat-
ics platform.

Pathway analysis
Pathway analysis was performed utilizing Quantitative 
Enrichment Analysis in MetaboAnalyst based on the 
Small Molecule Pathway Database (SMPD) and Kyoto 
Encyclopedia of Genes and Genomes (KEGG) pathway 
databases. The pathway enrichment ratio and P value 
were calculated based on the log-transformed quantita-
tive matrix of the differentiated metabolites obtained 
from the comparisons of HoFH, HeFH, and non-FH 
individuals. A high enrichment ratio value indicated an 
important impact of the input metabolites in the selected 

pathway. FDR-adjusted P value < 0.05 was considered 
as significant. The latent relationship network between 
functional pathways/diseases and metabolites was gener-
ated based on Function Analysis, Connect Analysis, and 
Path Explorer by using Ingenuity Pathway Analysis (IPA, 
QIAGEN Inc., German). All functional GO analyses 
and pathway enrichment for the differentially expressed 
proteins were performed on ClueGO within Cytoscape 
software 3.4. GO terms were categorized in biological 
processes, molecular functions, and cellular components. 
Pathway analysis was categorized in the KEGG and 
REACTOME pathways. The pathway enrichment and 
metabolite–protein interaction network of differentially 
expressed proteins and metabolites was performed utiliz-
ing MetaboAnalyst.

Results
Demographic and clinical characteristics of all participants
A total of 660 individuals participated in the discovery 
cross-sectional study (Fig.  1a), including 184 geneti-
cally confirmed HoFH patients (male, 50.1%), 376 HeFH 
patients (male, 49.2%), and 100 non-FH individuals (male, 
53.0%). The clinical characteristics of the study individu-
als are presented in Table  1. Patients with HoFH had 
higher levels of LDL-C, TC, non-HDL, Lp(a), and APOB 
and lower levels of HDL and APOA1 than HeFH and 
non-FH individuals. In addition, HoFH patients had a 
higher prevalence ratio of corneal arcus, xanthomas, and 
aortic stenosis than HeFH and non-FH subjects. A total 
of 48 HoFH patients (male, 43.8%), 110 HeFH patients 
(male, 46.4%), and 50 non-FH subjects (male, 52%) from 
another independent multi-center institution consti-
tuted the validation cohort (Fig. 1a). As shown in Addi-
tional file 2: Table S1, the alterations in the clinical lipid 
profiles and the prevalences of HoFH-associated clinical 
complications between different groups in the validation 
cohort were similar to those in the discovery cohort. The 
detailed LLT information on both cohorts is summarized 
in Additional file 2: Table S2. Most of patients with HoFH 
had received at least two LDL-C-lowering medications.

HoFH, HeFH, and non‑FH subjects show distinct serum 
metabolite profiles
After data preprocessing, a total of 885 circulating 
metabolites were identified in the untargeted metabo-
lomic and lipidomic profiling, including 325 chemi-
cal standard-annotated metabolites. The full list of the 
annotated metabolites is listed in Additional file 3. These 
metabolites mainly consisted of amino acid and its deriv-
atives, organic acids, fatty acyls, bile acids, carbohydrate 
and its derivatives, eicosanoids, nucleotide and its deri-
vates, carnitine, ceramide and its derivatives, choles-
terol esters, diglycerides, triglycerides, phospholipids, 

https://cran.r-project.org/index.html
https://cran.r-project.org/index.html
http://www.bioinformatics.com.cn
http://www.bioinformatics.com.cn
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and lysophospholipids (Fig.  2a). Furthermore, the unsu-
pervised PCA score plot of QC samples and the relative 
standard derivations of the distribution for the identified 
metabolites in the QC samples are shown in Additional 
file 2: Fig. S1 a–d, and the results indicated that the pro-
posed LC–MS approach was robust and reproducible for 
further analysis.

To test whether the metabolic profiling could discrimi-
nate HoFH patients, HeFH patients, and non-FH individ-
uals, we employed PCA analysis designed to distinguish 
the group separation. Based on the cumulative Q2 and 

R2 values, PCA models of the discovery and validation 
cohorts were established based on eight PCs and nine 
PCs, respectively. The two established PCA models were 
highlighted with satisfactory values of cumulative R2 and 
Q2 (discovery cohort: R2 = 0.58, Q2 = 0.52; validation 
cohort: R2 = 0.69, Q2 = 0.61), indicating good explana-
tory and predictive ability (Additional file 2: Fig. S1 e, f ). 
The first two PC-based PCA score plots are depicted in 
Fig. 2b. In the discovery cohort, a clear clustering trend 
from non-FH individuals to patients with HeFH to those 
with HoFH was observed. Furthermore, a similar group 

Table 1 Demographic and clinical characteristics of all subjects in the discovery cohort

Continuous data are presented as mean ± standard deviation or median [interquartile range], and categorical variables are presented as %. ANOVA and consequent 
post hoc test were used for continuous data. The chi-square test was used for categorical data

CVD cardiovascular disease, LDL-C low-density lipoprotein cholesterol, TC total cholesterol, TG triglycerides, HDL-C high-density lipoprotein cholesterol, APOB 
apolipoprotein B, APOA1 apolipoprotein A1, Lp(a) lipoprotein (a), LLT lipid-lowering therapy, SVAS supravalvular aortic stenosis, VAS valvular aortic stenosis, HoFH 
homozygous familial hypercholesterolemia, HeFH heterozygous familial hypercholesterolemia, Non-FH non-familial hypercholesterolemia
a P value < 0.05 in the comparison of HeFH and HoFH
b P value < 0.05 in the comparison of non-FH and HoFH

HoFH (n = 184) HeFH (n = 376) non‑FH (n = 100) P value

Ages 20.7 ± 14.3 22.7 ± 11.2 20.0 ± 11.9 0.34

Male sex, n (%) 93 (50.1%) 185 (49.2%) 53 (53%) 0.79

Hypertension, n (%) 6 (3.3%) 11 (2.9%) 2 (2%) 0.83

Diabetes mellitus, n (%) 1 (0.5%) 4 (1.1%) 1 (1%) 0.83

Current smokers, n (%) 1 (0.5%) 9 (2.4%) 2 (2%) 0.30

ASCVD history, n (%) 25 (13.6%) 11 (2.9%)a 0 (0.0%)b  < 0.0001

Current corneal arcus, n (%) 80 (43.5%) 0 (0.0%)a 0 (0.0%)b  < 0.0001

Current xanthomas, n (%) 89 (48.4%) 9 (2.4%)a 0 (0.0%)b  < 0.0001

SVAS, n (%) 40 (21.7%) 0 (0.0%)a 0 (0.0%)b  < 0.0001

Calcific VAS, n (%) 38 (20.7%) 0 (0.0%)a 0 (0.0%)b  < 0.0001

LLT, n (%) 165 (89.7%) 264 (70.2%)a 37 (37%)b  < 0.0001

LDL-C, mmol/L 13.41 ± 5.10 4.94 ± 1.52a 2.15 ± 0.32b  < 0.0001

TC, mmol/L 15.95 ± 5.21 6.89 ± 1.67a 3.86 ± 0.52b  < 0.0001

TG, mmol/L 0.98 [0.71, 1.38] 1.27 [0.83, 1.86]a 0.72 [0.56, 0.89]b  < 0.0001

HDL-C, mmol/L 0.93 ± 0.32 1.41 ± 0.48a 1.49 ± 0.24b  < 0.0001

Non-HDL, mmol/L 15.02 ± 5.28 5.43 ± 1.81a 2.49 ± 0.31b  < 0.0001

APOB, g/L 2.55 ± 0.68 1.49 ± 0.44a 0.98 ± 0.27b  < 0.0001

APOA1, g/L 0.82 ± 0.27 1.24 ± 0.25a 1.32 ± 0.34b  < 0.0001

LP(a), mg/dL 41.0 [21.3, 73.8] 17.3 [6.0, 20.4]a 8.9 [5.3, 17.6]b  < 0.0001

(See figure on next page.)
Fig. 2 Pattern analysis of the dataset from the serum metabolome and lipidome profiling. a Treemap overview for the metabolic category 
distribution of annotated metabolites based on untargeted metabolomic/lipidomic analyses. b PCA score plot of the metabolic profiling data 
from serum samples of HoFH patients, HeFH patients, and non-FH individuals in the discovery and validation cohorts; each point represents 
an individual serum sample. c Chord diagram of the major differentiated metabolic classes across the HoFH, HeFH, and non-FH groups 
from the discovery and validation cohorts; the width of the curves indicates the mean percentage of each metabolic class between the study 
groups. Each color represents a unique metabolite class. d Heatmap of the differentiated metabolites that distinguished HoFH patients from HeFH 
and non-FH individuals in discovery cohort. HoFH homozygous familial hypercholesterolemia, HeFH heterozygous familial hypercholesterolemia, 
non-FH non-familial hypercholesterolemia, FA fatty acids, CE cholesterol esters, Cer ceramide, CAR acyl carnitines, LPA lysophosphatidic acid, LPI 
lysophosphatidylinositol, PC diacylglycerophosphocholines, LPC lyso PC, LPC-O alkyl-LPC, LPE lysophosphoethanolamines, LPE-O alkyl-LPE
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Fig. 2 (See legend on previous page.)
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separation trend among HoFH, HeFH, and non-FH was 
also observed in the validation cohort. These results indi-
cated that the metabolite profiles of HoFH were signifi-
cantly different from those of non-FH and HeFH.

HoFH is characterized by profound serum metabolite 
alterations
To maximize the group separation and identify the dif-
ferentially expressed metabolites that distinguish HoFH 
from non-FH and HeFH in the discovery cohort, the 
supervised PLS-DA models were constructed. The 
performance measure plots of LOOCV showed that 
the first three components were best for establishing 
PLS-DA models for differentiating HoFH from non-FH 
and HeFH (Additional file  2: Fig. S2a). The reliability 
of the established PLS-DA models was confirmed by 
the permutations plot and highlighted with significant 
CV-ANOVA P values (all P values < 0.0001; Additional 
file  2: Fig. S2b). The first two components-based PLS-
DA score plots revealed a distinct separation of the sera 
metabolite profiles of HoFH patients from non-FH and 
HeFH individuals in the discovery cohort (Additional 
file  2: Fig. S2c). Then, the combined VIP and p(corr) 
plots of PLS-DA models were constructed to identify 
the important metabolic variables responsible for group 
separation (Additional file 2: Fig. S2d). Finally, we iden-
tified a panel of 79 serum metabolites that could sig-
nificantly differentiate HoFH patients from HeFH and 
non-FH subjects in the discovery cohort (summarized 
in Additional file 2: Table S3). Furthermore, the findings 
obtained from PLS-DA analysis were also confirmed by 
the univariate analysis, as shown in the volcano plots 
(Additional file 2: Fig. S2e).

Next, we performed PLS-DA analysis to test the dis-
criminatory performances of the differentiated metabo-
lites obtained from the discovery cohort in differentiating 
HoFH from non-FH and HeFH in the validation cohort. 
The optimal number of components for building PLS-
DA models were selected using the LOOCV plot (Addi-
tional file 2: Fig. S3a). We found that the cumulative Q2 
values and accuracies of the first two components in two 
PLS-DA models were greater than 0.9, and the resultant 
PLS-DA score plots revealed a clear separation between 
HoFH and non-FH/HeFH in the validation cohort (Addi-
tional file 2: Fig. S3b). Furthermore, the optimal numbers 
of PLS-DA components-based posterior classification 
probability plots demonstrated that no HoFH individu-
als were predicted as non-FH or HeFH individuals in 
the validation cohort (Additional file  2: Fig. S3c). The 
reliability of the established PLS-DA models was also 
confirmed by the permutations plot (n = 1000 times; 
P values < 0.000001; Additional file  2: Fig. S3d). These 
findings revealed that the differentiated metabolites 

identified in the discovery cohort could also accurately 
differentiate HoFH from non-FH and HeFH in the valida-
tion cohort.

The relative percentages of major metabolic categories 
and mean normalized levels of differentiated metabolites 
were plotted as chord diagrams and heatmaps (Fig.  2b, 
c; Additional file 2: Fig. S3e). From the resultant graphs, 
it was evident that the expression levels of these differ-
entiated metabolites in HoFH were distinct from those 
of HeFH and non-FH subjects in both cohorts. HoFH 
patients had higher levels of amino acids, fatty acids (FA), 
eicosanoids, cholesterol esters (CE), ceramide (Cer), 
lysophosphatidic acid (LPA), lysophosphoethanolamine 
(LPE), acyl carnitine (CAR), diacylglycerophosphocho-
line (PC), lysophosphocholine (LPC), alkyl-LPC (LPC-
O), and bile acids.

Considering that LLT and existing ASCVD are poten-
tial metabolic regulatory factors affecting the serum 
metabolome and lipidome, we employed unsupervised 
PCA and supervised orthogonal PLS-DA analysis to 
assess their potential effects on the identified metabo-
lite markers that differentiated HoFH from HeFH and 
non-FH. As shown in Additional file 2: Fig. S4 a–d, the 
metabolic alterations did not show clustering of samples 
by LLT status or ASCVD history in both unsupervised 
and supervised MVA models, indicating no discrimina-
tory metabolite features due to differences in LLT status 
or ASCVD history of the study groups. The associations 
between these discriminatory metabolites and the clini-
cal lipids were performed by using Spearman’s rank cor-
relation coefficients. As expected, most of the altered 
small-molecule lipids that distinguished HoFH from 
HeFH and non-FH were strongly associated with clini-
cal lipid makers, including LDL-C, TC, APOB, APOA1, 
Lp(a), HDL-C, and non-HDL (Additional file 2: Fig S4 e).

HoFH‑associated metabolites are implicated in a variety 
of metabolic and functional pathways
To factually characterize the HoFH-perturbed metabolic 
pathways, MetaboAnalyst-based quantitative pathway 
enrichment analysis was performed using the quantita-
tive matrix of the differentiated metabolites between 
groups. The enriched metabolic pathways and associ-
ated metabolites are summarized in Fig.  3a and Addi-
tional file  4, respectively. In the discovery cohort, the 
results indicated that the metabolites distinguishing 
HoFH patients from HeFH and non-FH individuals were 
significantly enriched in lipid metabolism pathways, 
including arachidonic acid metabolism, phospholipid 
metabolism, sphingolipid metabolism, and biosynthesis 
pathways of steroid, bile acids, carnitine, plasmalogen, 
and fatty acids. In addition, three hydrophilic metabo-
lite markers (including glycine, alanine, and glutamate) 
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were significantly enriched in the urea cycle, purine 
metabolism, and several amino acid metabolism path-
ways (Additional file  4). Furthermore, we demonstrated 
that the differentiated metabolites obtained from the 
validation cohort also showed similar influences (enrich-
ment ratios) on the enriched pathways with high impact 

significance (all FDR-adjusted P values < 0.05; Fig.  3a). 
To further understand the biological function and latent 
diseases of HoFH-associated metabolites, a functional 
relationship network analysis was performed using the 
IPA knowledge database. The results revealed that those 
HoFH-altered metabolites were primarily associated with 
cholesterol homeostasis, oxidative stress, inflammation, 

Fig. 3 Pathway enrichment and clinical phenotype-correlation analyses of metabolic signatures. a Expression level-based quantitative pathway 
enrichment analysis of the differentiated metabolites that distinguished the HoFH group from the non-FH and HeFH groups. The bubble size 
refers to the enrichment ratio of the pathway and the color represents the natural log of the FDR-adjusted P value. b IPA-based functional network 
between the HoFH-associated metabolites and enriched biological pathways/diseases. Rectangles, nodes, and edges represent metabolites, 
functional pathways/diseases, and associations, respectively. c Correlation plot depicting the correlation of clinical lipids with corneal arcus/
xanthomas, supravalvular aortic stenosis, and valvular aortic stenosis, using regression analyses (FDR-adjusted *P < 0.05; FDR-adjusted **P < 0.01). 
d–f Correlation plot depicting the relation of metabolomic features with corneal arcus/xanthomas, supravalvular aortic stenosis, or valvular aortic 
stenosis (FDR-adjusted *P < 0.05; FDR-adjusted **P < 0.01). LDL-C low-density lipoprotein cholesterol, HDL-C high-density lipoprotein cholesterol, 
Lp(a) lipoprotein (a), ApoA1 apolipoprotein A1, ApoB apolipoprotein B. Other abbreviations are shown in Fig. 1
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and ASCVD progression (Fig.  3b). Most strikingly, the 
accumulation of FA species, CE species, CAR species, 
and lysophospholipids in the serum of HoFH patients 
was closely associated.

Inflammatory and oxidative stress‑related metabolites are 
correlated with corneal arcus and xanthomas
Corneal arcus and xanthomas are typical characteristics 
in HoFH individuals. Among the 232 HoFH patients in 
the discovery and validation cohorts, a total of 106 HoFH 
patients presented with corneal arcus, and all of them 
also presented with xanthomas. Using the merged data-
sets obtained from discovery and validation cohorts, we 
used regression analysis to assess the correlations of clini-
cal lipids with corneal arcus/xanthomas. Although excess 
cholesterol (LDL-C and TC) promoting the formation of 
corneal arcus and xanthomas in HoFH had been well recog-
nized [11], the results of regression analysis demonstrated 
that LDL-C, TC, and APOB only showed a non-statistically 
positive correlation with corneal arcus and xanthomas 
(all P value > 0.05; Fig.  3c). However, we found that age 
(β-coefficient = 0.458, P = 0.003), Lp(a) (β-coefficient = 0.44, 
P = 0.005), and HDL-C (β-coefficient =  − 0.376, P = 0.05) 
were positively associated with the prevalence of the cor-
neal arcus and xanthomas.

Next, we performed univariate regression analyses to test 
whether HoFH-associated serum metabolites were associ-
ated with xanthomas and corneal arcus using the merged 
datasets from the discovery and validation cohorts. The 
results revealed that 15 metabolites (mainly including FA 
species, short-chain CAR species, LPA species, and arachi-
donic acid-derived oxylipins) were associated with corneal 
arcus and xanthomas (Additional file  2: Table  S4). After 
adjustments for age, sex, and clinical lipids, ten of them 
remained correlated with corneal arcus and xanthomas (as 
summarized in Fig. 3d). Notably, a panel of pro-inflamma-
tory metabolites (including LPC 20:4, LPA 18:1, LPA 20:4, 
11b-PGE2, and 15-oxoETE) were positively associated 
(β-coefficient values ranging from 0.328 to 0.653, all P val-
ues < 0.05; Additional file 2: Table S4).

Metabolic alterations in arachidonic acid 
and lysophospholipid metabolism show significant 
associations with aortic stenosis
Aortic stenosis, including supravalvular aortic steno-
sis (SVAS) or calcific valvular aortic stenosis (VAS), is a 
major long-term complication of HoFH [18]. In regres-
sion analysis, our results demonstrated that LDL-C, TC, 
APOB, non-HDL, and Lp(a) showed positive correlations 
with SVAS (all P values < 0.05, Fig. 3c). Regarding to calcific 
VAS, we found that ages (β-coefficient = 0.161), male sex 
(β-coefficient = 0.528), and Lp(a) (β-coefficient = 0.469) was 

positively associated (all P values < 0.05), whereas LDL-C, 
TC, non-HDL, and APOB only showed a non-statistically 
positive correlation with VAS. Additionally, we found that 
HDL-C and APOA1 were negatively associated with SVAS 
and calcific VAS (Fig. 3c).

Then, we performed univariate and multivari-
ate regression analyses to explore the associations 
of HoFH-altered metabolites with SVAS and calcific 
VAS. A panel of inflammation-related metabolites was 
found to be positively associated with SVAS and cal-
cific VAS (Additional file 2: Tables S5, S6). Our results 
demonstrated that six lysophospholipids (including 
LPC 20:4, LPC 18:0, LPE O-16:1, LPE O-18:0, LPA 
20:4, and LPI 18:1) were significantly associated with 
SVAS (β-coefficient values ranging from 0.378 to 
0.984, all P values < 0.05; Additional file  2: Table  S5; 
Fig. 3e), even after adjustments for age, sex, and clini-
cal lipids. In addition, our results indicated that ara-
chidonic acid (FA 20:4), three LPA species (16:0, 18:0, 
and 18:2), and two arachidonic acid-derived oxylipins 
(11b-PGE2 and 15-HETE) were independently asso-
ciated with calcific VAS (Additional file  2: Table  S6; 
Fig.  3f ). These findings indicated that the inflamma-
tion-related metabolites in the pathways of lysophos-
pholipid and arachidonic acid metabolism might play a 
potential role in the progression of aortic stenosis.

HoFH patients with and without ASCVD events show 
less heterogeneity in routine clinical risk factors
The most important characteristic in HoFH is premature 
ASCVD [10, 11]. Among the 232 HoFH individuals in dis-
covery and validation cohorts, 37 patients had a history 
of ASCVD events. In the regression analysis of the asso-
ciations between clinical lipids and ASCVD, the results 
demonstrated that Lp(a) was positively associated with 
the presence of ASCVD, whereas APOA1 and HDL-C 
were negatively associated (Additional file 2: Fig. S5a). To 
investigate the roles of clinical factors in predicting the 
first ASCVD event, a total of 84 HoFH patients (mean age: 
25.6 ± 11.5  years; males: 53.1%) with available follow-up 
were enrolled from the discovery cohort (Fig. 1b). After a 
median follow-up of 4.9  years (interquartile range: 4.0–
5.3 years), ASCVD events occurred in 33 patients, includ-
ing 26 myocardial infarction and 7 cardiac death cases. The 
baseline clinical and genetic characteristics of the study 
subjects are summarized in Table  2. Patients who devel-
oped ASCVD were more likely to have at least one LDLR 
null mutation and exhibited higher levels of Lp(a) and 
lower baseline levels of HDL-C and APOA1. Of note, there 
were no significant differences in baseline LDL-C levels, 
mean LDL-C levels at follow-up, LDL-C year scores, and 
LLT measures between patients with ASCVD events and 
event-survived individuals (Table  2). The subsequent Cox 
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regression proportional-hazards analyses found that Lp(a), 
HDL-C, APOA1, and LDLR null mutations were signifi-
cantly related to incident ASCVD events (Additional file 2: 
Fig. S5b).

Targeted metabolomics identifies significant metabolic 
alterations in HoFH patients with ASCVD events
Next, univariate and multivariate regression analyses 
were performed to investigate the associations of cir-
culating metabolites with the presence of ASCVD in all 
studied HoFH patients. The results demonstrated that 
a panel of metabolites in the pathways of arachidonic 
acid metabolism, fatty acid metabolism, phospholipid 
metabolism, and carnitine metabolism were closely 
related to ASCVD (Additional file 2: Table S7). Further-
more, most of these metabolites were implicated in the 
processes of inflammation, oxidative stress, and ath-
erosclerosis (Fig.  3b). We hypothesized that the serum 

metabolites might be used as cardiovascular risk factors 
for predicting ASCVD events in HoFH patients. In the 
untargeted metabolomic dataset of 84 HoFH patients in 
the follow-up study, a small panel of 22 chemical stand-
ard-annotated metabolites were identified to be differen-
tially expressed at baseline (FDR-adjusted P value < 0.05) 
between subjects who developed ASCVD events and 
patients without events at follow-up (Additional file  2: 
Fig. S6). These altered metabolites are mainly dominated 
by lipid alterations in the pathways of fatty acid and car-
nitine biosynthesis, arachidonic acid metabolism, and 
phospholipid metabolism (Additional file 2: Table S8).

To verify the qualitative and quantitative accuracy for 
these altered metabolites, MRM-based targeted quantifi-
cation and Pearson correlation analysis were performed. 
The quantitative levels of 22 metabolites were summa-
rized in Fig. 4a. In the correlation analysis, the quantita-
tive values of 20 metabolites showed a high correlation 

Table 2 Baseline clinical characteristics of 84 HoFH patients enrolled from the discovery cohort

Continuous data are presented as mean ± standard deviation or median [interquartile range], and categorical variables are presented as %. Two-tailed Student’s t test 
or Mann Whitney U test were used for continuous data. The chi-square test was used for categorical data

BMI body mass index, CVD cardiovascular disease, LLT lipid-lowering therapy, LDL-C low-density lipoprotein cholesterol, TC total cholesterol, TG triglycerides, HDL-C 
high-density lipoprotein cholesterol, APOB apolipoprotein B, APOA1 apolipoprotein A1, Lp(a) lipoprotein (a)

All subjects (n = 84) No event subjects (n = 51) Event subjects (n = 33) P value

Ages 25.6 ± 11.5 24.1 ± 12.3 27.9 ± 9.8 0.13

Male sex, n (%) 43 (53.1%) 27 (52.9%) 16 (48.5%) 0.16

BMI, kg/m2 20.6 ± 1.8 20.3 ± 1.9 21.1 ± 1.4 0.08

Hypertension, n (%) 4 (4.8%) 3 (5.9%) 1 (3%) 0.55

Diabetes mellitus, n (%) 0 (0%) 0 (0%) 0 (0%)

Active smoking, n (%) 0 (0%) 0 (0%) 0 (0%)

At least one null LDLR, n (%) 52 (61.9%) 27 (52.9%) 25 (75.8%) 0.04

True HoFH, n (%) 26 (31%) 17 (33.3%) 9 (27.3%) 0.56

Xanthomas, n (%) 45 (53.6%) 25 (49%) 20 (60.6%) 0.3

Corneal arcus, n (%) 39 (46.4%) 20 (39.2%) 19 (57.6%) 0.1

Clinical lipid profiles

 Baseline LDL-C, mmol/L 13.03 ± 4.13 12.94 ± 4.45 13.17 ± 3.63 0.82

 Baseline TC, mmol/L 15.53 ± 4.50 15.61 ± 5.01 15.41 ± 3.62 0.84

 Baseline TG, mmol/L 0.92 [0.70, 1.49] 0.86 [0.67, 1.42] 1.1 [0.75, 1.55] 0.46

 Baseline HDL, mmol/L 0.82 [0.61, 1.12] 0.99 [0.72, 1.31] 0.7 [0.47, 0.89] 0.001

 Baseline Lp(a), mg/dL 47.3 [28.5, 81] 40.9 [25.8, 56] 72.1 [46.3, 95] 0.001

 Baseline APOA1, g/L 0.79 ± 0.26 0.85 ± 0.23 0.72 ± 0.26 0.01

 Baseline APOB, g/L 2.5 ± 0.73 2.45 ± 0.73 2.57 ± 0.75 0.73

 LDL-C at last visit, mmol/L 10.47 ± 2.97 10.21 ± 3.27 10.89 ± 2.41 0. 31

 Mean LDL-C at follow-up, mmol/L 10.78 ± 2.79 10.41 ± 3.02 11.37 ± 2.33 0.12

 LDL-C year score, mmol/L-year 359.2 [235.2, 511.7] 296.4 [212.9, 462.7] 448 [302.8, 556.1] 0.07

LLT status

 Ages at initiation of LLT 12.3 ± 7.9 11.9 ± 8.6 12.7 ± 6.7 0.66

 Statin + Probucol, n (%) 6 (7.1%) 4 (7.8%) 2 (6.1%) 0.76

 Stain + Ezetimibe, n (%) 75 (89.3%) 43 (84.3%) 32 (97.0%) 0.067

 Stain + Ezetimibe + PCSK9 inhibitor, n (%) 3 (3.6%) 2 (3.9%) 1 (3.0%) 0.83
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with their semi-quantitative levels obtained from untar-
geted metabolic profiling (correlation r coefficients rang-
ing from 0.43 to 0.85, all P values < 0.001; Additional 
file 2: Fig. S7a). We also performed Spearman’s rank cor-
relation and debiased sparse partial correlation network 

to explore the associations between the 22 differentiated 
metabolites. From the resultant correlograms (Additional 
file 2: Fig. S7 b, c), it was evident that most of these differ-
entiated metabolites correlated with each other and acted 
in a coordinated manner. Furthermore, Cox regression 

Fig. 4 ASCVD-associated metabolite and protein alterations in the sera of HoFH patients. a Dot histogram of metabolite levels in HoFH patients 
with and without ASCVD events (concentration, nmol/mL). Mann–Whitney U test were used for each comparison. b Functionally grouped 
network of enriched pathways of differentiated proteins in patients with ASCVD events. c Enriched GO categories of differentiated proteins. 
BP biological process, CC cellular component, MP molecular function. d Topology analysis of pathway enrichment and impact from the joint 
pathway of differentially expressed proteins and metabolites. e Metabolite-protein interaction network. f Topology analysis of pathway 
enrichment and impact from the joint-pathway of differentially expressed proteins and metabolites. LPA 16:0 lysophosphatidic acid 16:0, LPC-O 
18:0 lysophosphocholine alkyl − 18:0, LPC 20:4 lysophosphocholine 20:4, 12,13-EpOME 12,13-epoxyoctadecenoic acid, Cer (d18:1_16:0) Ceramide 
(d18:1_16:0). Other abbreviations are seen in Figs. 1 and 2
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analysis revealed that LDLR null mutations were posi-
tively associated with ASCVD events (Additional file  2: 
Fig. S5b). Interestingly, among the 52 patients with at 
least LDLR null mutation, we found that patients who 
developed ASCVD (n = 25) were more likely to have 
two LDLR null mutations (Additional file  2: Table  S9) 
and presented higher sera concentrations of FA species, 
LPC species, CAR species, and arachidonic acid-derived 
oxylipins than those without ASCVD events (n = 27).

Integration of deep proteomics and metabolomics reveals 
a complex ASCVD‑associated metabolic network
Next, we used a deep proteomic strategy with multi-nan-
oparticle protein corona to investigate the ASCVD-asso-
ciated proteins and constructed the ASCVD-associated 
metabolic association network at multi-omic levels. 
Altogether, a total of 2304 proteins were identified and 
quantified. We found that 142 proteins were differen-
tially expressed in the sera of patients with and without 
ASCVD events (Additional file  2: Fig. S8 a, b). Accord-
ing to the distribution of subcellular localization (Addi-
tional file 2: Fig. S8c), these differentiated proteins mainly 
included extracellular proteins (43.36%), nucleus pro-
teins (16.78%), and cytoplasm proteins (15.38%). Pathway 
network and Gene Ontology (GO) enrichment analyses 
demonstrated that these differentiated proteins were 
mainly involved in the biological processes of small-
molecular lipid transport and metabolism (e.g., arachi-
donic acid, glycerolipid, and cholesterol metabolism), 
lipid protein remodeling and related metabolism, platelet 
activation, and complement activation (Fig. 4 b, c).

To investigate the common metabolic pathways of dif-
ferentially expressed proteins and metabolites, the joint-
pathway enrichment and integration network analyses 
was performed based on MetaboAnalyst. The resultant 
plot revealed that arachidonic acid metabolism, glycer-
ophospholipid metabolism, fatty acid synthesis, platelet 
activation, aldosterone synthesis, and ether lipid metabo-
lism were significantly enriched (Fig. 4d). The integration 
network of key pathway-based metabolites and proteins 
is shown in Fig.  4e, including 13 proteins and seven 
metabolites.

Random Forest algorithm identifies a panel of metabolic/
clinical features that shows significant performances 
in predicting ASCVD events
To select a small panel of important metabolic/clinical 
markers that can maintain a maximized performance 
in predicting ASCVD events, Random Forest (RF) algo-
rithm was performed based on the integrated datasets 
of 22 differentiated metabolites and 16 clinical variables 
from the 84 HoFH patients. The variable importance 
of each metabolite and clinical measure was ranked by 
using the values of mean decrease accuracy and summa-
rized in Fig. 5a. Then, the Monte Carlo cross validation 
(MCCV) analysis based on multivariable RF models was 
performed to select the optimal number of important 
variables. As shown in Fig.  5b and c, the combination 
of the top eleven features, including three clinical lipids 
(HDL-C, Lp(a), and APOA1) and eight metabolites (FA 
20:4, LPC O-18:0, LPA 16:0, LPC 20:4, Cer (d18:1_16:0), 
12,13-EpOME, 15-HETE, and CAR C18:1) and showed 
the powerful performance in predicting ASCVD events 
(AUC-ROC value = 0.933; predictive accuracy = 92.1%), 
while the additional features had little effect on the val-
ues of AUC-ROC and predictive accuracy (Fig.  5b, c). 
Notably, most of these eight metabolites were closely 
associated with inflammatory processes and athero-
sclerosis procession (as shown in Fig. 3b). Furthermore, 
Kaplan–Meier curve analysis (Fig.  5d) indicated that 
HoFH individuals with baseline concentrations of the top 
eight metabolites in the upper half had lower probability 
of ASCVD event-free survival than patients in the lower 
half (log-rank test P values ranging from 0.04 to 0.00048).

Discussion
To our knowledge, this is the first study to describe the 
comprehensive metabolome and lipidome maps in HoFH 
patients compared to HeFH and non-FH individuals. 
The main findings of the present study are as follows: 
First, HoFH patients were characterized by significant 
metabolite perturbations that mapped to various meta-
bolic metabolism, inflammation, and oxidative stress. 
Second, Lp(a) and a panel of inflammatory metabo-
lites were closely related to corneal arcus, xanthomas, 
and aortic stenosis. Third, we identified a small panel of 
metabolomic alterations and clinical lipids that exhibited 
significant predictive performance on ASCVD events in 
patients with HoFH.

Fig. 5 Selection of the optimal ASCVD-related metabolic/clinical variable panel by using Random Forest algorithm. a Top important 
ASCVD-associated variable selection by using the values of mean decrease accuracy in Random Forest analysis. b ROC curves generated 
from MCCV-based multivariate Random Forest models. The AUC-ROC value and its 95% CI are shown. c Predictive accuracies of multivariable 
Random Forest models with different numbers of top important variables. d Kaplan–Meier survival analysis of eight top important metabolites 
in HoFH patients with and without ASCVD events during the follow-up. Log-rank test P values are shown. LDLR status: at least one null mutation. 
Other abbreviations are shown in Table 2 and Figs. 2 and 3

(See figure on next page.)
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Fig. 5 (See legend on previous page.)
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Compare with patients with HoFH, patients with HoFH 
can develop premature ASCVD events and have higher 
prevalences of extensive xanthomas, corneal arcus, and 
aortic stenosis. Unlike the HeFH population for which 
multiple biochemical variables and robust cardiovascu-
lar risk prediction models are available [37–39], molec-
ular information and risk stratification in patients with 
HoFH had been mostly limited to information on the 
LDL-C levels, LLT measures, and genotypes [13, 14, 40]. 
In this study, we collected the datasets of comprehen-
sive metabolomic and lipidomic profiles from the larg-
est multi-center panel of HoFH patients across mainland 
China since 2003. To be able to extract valuable informa-
tion from complex metabolomic datasets, supervised/
unsupervised MVA and multivariable regression analyses 
were performed to explore the metabolomic landscape 
of HoFH and identify the clinical phenotype-associated 
metabolite markers. Compared with the commonly used 
classification/discrimination methods such as univariate 
statistical analysis, these statistical approaches could cap-
ture the key metabolic pattern-associated features in the 
complex high dimensional datasets.

Our metabolic findings indicated a significant enrich-
ment in the biosynthesis pathways of steroids, fatty acids, 
and carnitines (Fig. 3a). Free cholesterol and cholesterol 
ester (CE) are the major basic elements of LDL-C and TC 
[41]. Our metabolomic data indicated a generalized exal-
tation of free cholesterol and four CE species containing 
FA (16:0, 16:1, 18:0, 18:1) from de novo fatty acid biosyn-
thesis pathway in the sera of patients with HoFH. In addi-
tion, our results demonstrated that these free saturated/
monounsaturated FA species and their acyl carnitine 
(CAR) forms in the sera of HoFH patients were signifi-
cantly higher than those in HeFH patients and non-FH 
individuals. Saturated/monounsaturated long-chain FA 
and acyl-CAR species are toxic. Previous evidence has 
revealed that their accumulation might lead to mitochon-
drial dysfunction and promote atherosclerosis progres-
sion [42, 43]. Our results also demonstrated that FA and 
acyl-CAR species were up-regulated in HoFH patients 
who developed ASCVD events (Fig.  3a). These findings 
suggested that an upregulation of de novo FA biosynthe-
sis in HoFH might contribute to toxic CE and CAR over-
load, additionally leading to the development of ASCVD.

This study also demonstrated that HoFH patients were 
characterized by significant perturbations in the path-
ways of phospholipid and bile acid biosynthesis (Fig.  3 
and Additional file  2: Table  S3). We found that HoFH 
patients showed higher serum levels of LPC, LPC-O, 
and primary bile acids (cholic acid and glycocholic acid) 
than HeFH and non-FH individuals. Previous animal 
studies indicated that LPC and primary bile acids could 
induce a significant elevation of cholesterol absorption 

and increase blood cholesterol [44, 45]. These evidences 
suggested the HoFH-perturbed LPC and bile acids 
expressions might play important roles in cholesterol 
homeostasis, providing potential LLT-targets for HoFH. 
LPC and LPC-O are important basic elements of LDL-C 
and oxidized LDL-C. Previous studies also indicated that 
these two lysophospholipids could induce inflammatory 
responses and oxidative stress [46]. Interestingly, several 
LPC and LPC-O species were negatively associated with 
endogenous anti-inflammatory and anti-oxidative lipo-
proteins, including HDL-C and APOA1 (Additional file 2: 
Fig. S4). Deep proteomics indicated that the upstream 
regulator of LPC, namely LYPLA2, was increased in the 
serum of patients with ASCVD events (Fig. 4; Additional 
file  2: Fig. S8). Furthermore, RF analyses indicated that 
the increased baseline levels of LPC and LPC-O spe-
cies were significantly associated with ASCVD events in 
HoFH patients. These results suggested that perturbed 
phospholipid metabolism might also play important roles 
in the progression of ASCVD.

Another important finding from this study was that 
HoFH patients showed profound perturbations in the 
pathways of arachidonic acid metabolism and sphingolipid 
metabolism compared to HeFH and non-FH subjects 
(Fig.  3a; Additional file  2: Table  S3). Ceramide (Cer), the 
bioactive metabolite in the pathway of sphingolipid metab-
olism, could accumulate in atherosclerotic lesions [47], 
and the higher circulating levels of Cer displayed strong 
predictive value of plaque instability and future adverse 
cardiovascular events that went far beyond LDL-C [47, 
48]. Numerous studies have demonstrated the negative 
functions of arachidonic acid (FA 20:4) and its oxidative 
metabolism derivatives (oxylipins) in regulating athero-
genesis, inflammation, and thrombosis, thus holding a 
critical role in the emergence and progression of cardio-
vascular diseases [49, 50]. In this study, we found that the 
increased levels of oxylipins were significantly correlated 
with the decreased levels of anti-inflammatory HDL-C 
and APOA1. The Kaplan–Meier curve analysis (Fig.  5d) 
demonstrated that HoFH patients with baseline con-
centrations of FA 20:4 and two oxylipins (15-HETE and 
12,13-EpOME) in the upper half had lower probability of 
ASCVD event-free survival than individuals in the lower 
half. Furthermore, the proteomic analysis revealed that 
LYPLA2 and ALOX12B were elevated in patients with 
ASCVD events (Additional file 2: Fig. S8). These two pro-
teins play crucial roles in the release of FA 20:4 from phos-
pholipids and the synthesis of oxylipins from FA 20:4 [51].

Excess cholesterol undoubtedly plays a causing role 
in promoting the formation of xanthomas and corneal 
arcus. Interestingly, we found that LDL-C and TC only 
showed a non-statistically positive correlation trend with 
the presences of xanthomas and corneal arcus in patients 
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with HoFH (Fig.  3). Alternatively, our data demon-
strated that Lp(a), three lysophosphatidic acid (LPA) spe-
cies (LPA 18:1, LPA 18:2, LPA 20:4), and four oxidative 
metabolites of arachidonic acid (including 12(S)-HPETE, 
12-HETE, 15-oxoETE, and 11b-PGE2) showed positive 
associations with corneal arcus and xanthomas. Previous 
studies revealed that inflammation was a pathogenetic 
factor of xanthomas [52]. LPA is the end-product of Lp(a) 
metabolism [53]. Like arachidonic acid-derived oxylipins, 
the pro-inflammatory properties of Lp(a) and LPA have 
also been well documented [54, 55].

The high prevalence of aortic stenosis is another major 
cause of mortality in HoFH patients [56]. Although the 
risk of aortic stenosis and specifically SVAS in the long-
term statin era was decreased, the risk of calcific VAS 
remained high. Moreover, VAS progression cannot be 
affected by LLT, even with normalization of cholesterol 
levels [9, 18]. Interestingly, our results indicated that 
LDL-C and TC only showed a significant correlation with 
SVAS, but not calcific VAS. Sex, ages, and Lp(a) were 
found to be significantly associated with calcific VAS 
(Fig. 3). At metabolomic level, our findings demonstrated 
that three LPA species (16:0, 18:0, 18:2), arachidonic acid, 
and its oxidative metabolites (15-HETE and 11b-PGE2) 
were independently correlated with calcific VAS. These 
findings suggested that elevated metabolic productions 
from the Lp(a) and arachidonic acid metabolism path-
ways together with extremely elevated cholesterol might 
synergistically contribute to the formation of corneal 
arcus, xanthomas, and calcific VAS in HoFH patients.

Although this study highlighted new molecular evi-
dences of unknown origin in human HoFH. Several poten-
tial limitations deserve closer attention. First, the ethnic 
homogeneity of our study population might limit the gen-
eralizability of our findings to other populations. Second, 
future validation of the ASCVD prediction accuracy of the 
identified metabolomic/clinical marker panel in external 
and larger HoFH cohorts is warranted. Third, our proteom-
ics study had a limited number of patients, and future stud-
ies on investigating the altered proteins in a large panel of 
HoFH patients will offer great promise for the comprehen-
sive understanding of molecular perturbations in human 
HoFH. Fourth, additional data will be needed to explore 
the source of HoFH-associated circulating metabolites and 
identify the pathophysiological roles of key metabolites in 
the development of cardiovascular complications.

Conclusions
Collectively, this study demonstrated that human HoFH 
was associated with diverse metabolic repercussions and 
was more complex than previously known. Importantly, we 
identified a variety of bioactive and functional metabolites 

that were closely associated with the aggressive clinical 
phenotypes and cardiovascular complications in patients 
with HoFH. Our findings offer new mechanistic avenues 
to better understand the cholesterol dysregulation, aortic 
stenosis, and atherosclerosis progression of HoFH and may 
help in providing future directions for developing novel 
therapeutic strategies and accurate ASCVD risk prediction 
models that might benefit HoFH patients.

Supplementary Information
The online version contains supplementary material available at https:// doi. 
org/ 10. 1186/ s12916- 023- 02967-8.

Additional file 1. Supplementary methods.

Additional file 2: Fig. S1. Stability assessment of untargeted metabo-
lomic data from the discovery and validation cohorts. Fig. S2. Assess-
ment and establishment of PLS-DA models for discriminating groups 
and identifying differentiated metabolites in discovery cohort. Fig. S3. 
PLS-DA model validation of the differentially expressed metabolites for 
discriminating HoFH from non-FH and HeFH in validation cohort. Fig. 
S4. Correlation pattern analyses between discriminatory metabolites and 
clinical features. Fig. S5. The association of clinical/genetic risk factors with 
ASCVD. Fig. S6. Volcano plot of metabolite variations in pairwise compari-
sons of events vs. non-events. Fig. S7. Correlations between ASCVD-asso-
ciated metabolomic markers. Fig. S8. Differentiated proteins identified 
in the comparison of patients with and without ASCVD events. Table S1. 
Demographic and clinical characteristics of all subjects in the validation 
cohort. Table S2. Detailed information on lipid-lowering therapies in 
both cohorts. Table S3. Metabolites for differentiating HoFH from HeFH 
and non-FH in the discovery cohort. Table S4. Associations between sera 
metabolites and corneal arcus/xanthomas by using regression analyses. 
Table S5. Associations between serum metabolites and supravalvular aor-
tic stenosis by using regression analyses. Table S6. Associations between 
serum metabolites and calcific valvular aortic stenosis by using regression 
analyses. Table S7. Associations between serum metabolites and the 
presence of ASCVD by using regression analyses. Table S8. Differenti-
ated metabolites identified in the comparison of HoFH patients with and 
without ASCVD events. Table S9. Concentrations of ASCVD-associated 
metabolites in HoFH patients with at least one LDLR mutation.

Additional file 3. The annotated metabolites in the metabolomics and 
lipidomics analysis.

Additional file 4. List of detailed metabolites contributing to the 
enriched metabolic pathway.

Acknowledgements
We acknowledge Peking University Health Science Center, Metware Ltd., 
and Novogene Co., Ltd. for their assistance in metabolomic, proteomic, and 
biostatistical analyses.

Authors’ contributions
YQ, LW, and ZD conceived and designed the project and managed the study. 
YQ, LW, YY, and JL made clinical diagnoses and recruited subjects. HY, YW, XJ, 
and YL collected samples and clinical phenotypes. HS, CH, and LJ performed 
genetic phenotyping. ZD performed metabolomics and data analysis. FL, LL, 
and YD performed bioinformatics analyses. ZD and YQ wrote the manuscript. 
All authors read and approved the final manuscript.

Funding
This work was supported by the National Key Research and Development Program 
of China (Grant Nos. 2021YFC2500600, 2021YFC2500603, and 2021YFC2500602), 
National Natural Science Foundation of China (Grant Nos. 82100295), Beijing Munici-
pal Medical Research Institutes Pilot Reform Project (Grant No. 2021-07), and State Key 
Laboratory of Natural and Biomimetic Drugs, Peking University (Grant No. K202227).

https://doi.org/10.1186/s12916-023-02967-8
https://doi.org/10.1186/s12916-023-02967-8


Page 18 of 19Du et al. BMC Medicine          (2023) 21:275 

Availability of data and materials
Raw metabolomic data have been deposited at https:// servi ce. most. gov. cn/ and 
are available from the corresponding authors (L.Y. Wang and Y.W. Qin) and the 
manager of National Key Research and Development Program of China upon 
request. Any additional information required to reanalyze the data reported in 
this paper is available from the corresponding authors on reasonable request.

Declarations

Ethics approval and consent to participate
Ethics approval was obtained from the Ethics Committee of Beijing Anzhen 
Hospital of the Capital University of Medical Sciences (Ethical number: 
2017035) and Peking University First Hospital (Ethical number: 2022143–005). 
Written informed consent has been obtained from the patient(s) to publish 
this paper.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Author details
1 Key Laboratory of Remodeling-Related Cardiovascular Diseases, Ministry 
of Education, National Clinical Research Center for Cardiovascular Diseases, 
Beijing Anzhen Hospital, Capital Medical University, Beijing 100029, China. 
2 Beijing Institute of Heart Lung and Blood Vessel Disease, Beijing 100029, 
China. 3 Department of Cardiology, The Second Affiliated Hospital of Nan-
chang University, Nanchang 330006, Jiangxi Province, China. 4 Department 
of Cardiology, Peking University First Hospital, Beijing 100034, China. 5 Suzhou 
Municipal Hospital, Suzhou 215002, Jiangsu Province, China. 6 Key Labora-
tory of Cardiovascular Intervention and Regenerative Medicine of Zhejiang 
Province, Department of Cardiology, College of Medicine, Sir Run Run Shaw 
Hospital, Zhejiang University, Hangzhou 310020, Zhejiang Province, China. 

Received: 15 December 2022   Accepted: 28 June 2023

References
 1. Defesche JC, Gidding SS, Harada-Shiba M, Hegele RA, Santos RD, 

Wierzbicki AS. Familial hypercholesterolaemia. Nat Rev Dis Primers. 
2017;3:17093. https:// doi. org/ 10. 1038/ nrdp. 2017. 93.

 2. Watts GF, Gidding SS, Mata P, Pang J, Sullivan DR, Yamashita S, et al. 
Familial hypercholesterolaemia: evolving knowledge for designing 
adaptive models of care. Nat Rev Cardiol. 2020;17(6):360–77. https:// 
doi. org/ 10. 1038/ s41569- 019- 0325-8.

 3. Onorato A, Sturm AC. Heterozygous familial hypercholesterolemia. 
Circulation. 2016;133(14):e587–9. https:// doi. org/ 10. 1161/ CIRCU LATIO 
NAHA. 115. 020701.

 4. Beheshti SO, Madsen CM, Varbo A, Nordestgaard BG. Worldwide preva-
lence of familial hypercholesterolemia: meta-analyses of 11 million 
subjects. J Am Coll Cardiol. 2020;75(20):2553–66. https:// doi. org/ 10. 
1016/j. jacc. 2020. 03. 057.

 5. Tromp TR, Hartgers ML, Hovingh GK, Vallejo-Vaz AJ, Ray KK, Soran H, 
et al. Worldwide experience of homozygous familial hypercholester-
olaemia: retrospective cohort study. Lancet. 2022;399(10326):719–28. 
https:// doi. org/ 10. 1016/ S0140- 6736(21) 02001-8.

 6. Cuchel M, Raal FJ, Hegele RA, Al-Rasadi K, Arca M, Averna M et al: 2023 
Update on European Atherosclerosis Society Consensus Statement 
on homozygous familial hypercholesterolaemia: new treatments and 
clinical guidance. Eur Heart J. 2023;44(25):2277–91. https:// doi. org/ 10. 
1093/ eurhe artj/ ehad1 97.

 7. Chen P, Chen X, Zhang S. Current status of familial hypercholester-
olemia in China: a need for patient FH registry systems. Front Physiol. 
2019;10:280. https:// doi. org/ 10. 3389/ fphys. 2019. 00280.

 8. Jiang L, Stoekenbroek RM, Zhang F, Wang Q, Yu W, Yuan H, et al. 
Homozygous familial hypercholesterolemia in China: genetic and clinical 

characteristics from a real-world, multi-center, cohort study. J Clin Lipidol. 
2022;16(3):306–14. https:// doi. org/ 10. 1016/j. jacl. 2022. 03. 003.

 9. Belanger AM, Akioyamen LE, Ruel I, Hales L, Genest J. Aortic stenosis in 
homozygous familial hypercholesterolaemia: a paradigm shift over a 
century. Eur Heart J. 2022;43(34):3227–39. https:// doi. org/ 10. 1093/ eurhe 
artj/ ehac3 39.

 10. Alves AC, Alonso R, Diaz-Diaz JL, Medeiros AM, Jannes CE, Merchan A, 
et al. Phenotypical, clinical, and molecular aspects of adults and children 
with homozygous familial hypercholesterolemia in Iberoamerica. Arte-
rioscler Thromb Vasc Biol. 2020;40(10):2508–15. https:// doi. org/ 10. 1161/ 
ATVBA HA. 120. 313722.

 11. Cuchel M, Bruckert E, Ginsberg HN, Raal FJ, Santos RD, Hegele RA, et al. 
Homozygous familial hypercholesterolaemia: new insights and guidance 
for clinicians to improve detection and clinical management. A position 
paper from the Consensus Panel on Familial Hypercholesterolaemia of 
the European Atherosclerosis Society. Eur Heart J. 2014;35(32):2146–57. 
https:// doi. org/ 10. 1093/ eurhe artj/ ehu274.

 12. Crea F. Screening, diagnosis, and treatment of familial hypercholesterol-
aemia: a call to action. Eur Heart J. 2022;43(34):3185–8. https:// doi. org/ 10. 
1093/ eurhe artj/ ehac4 79.

 13. Thompson GR, Blom DJ, Marais AD, Seed M, Pilcher GJ, Raal FJ. Survival 
in homozygous familial hypercholesterolaemia is determined by the 
on-treatment level of serum cholesterol. Eur Heart J. 2018;39(14):1162–8. 
https:// doi. org/ 10. 1093/ eurhe artj/ ehx317.

 14. Raal FJ, Pilcher GJ, Panz VR, van Deventer HE, Brice BC, Blom DJ, et al. 
Reduction in mortality in subjects with homozygous familial hypercho-
lesterolemia associated with advances in lipid-lowering therapy. Circula-
tion. 2011;124(20):2202–7. https:// doi. org/ 10. 1161/ CIRCU LATIO NAHA. 
111. 042523.

 15. Akioyamen LE, Genest J, Chu A, Inibhunu H, Ko DT, Tu JV. Risk factors for 
cardiovascular disease in heterozygous familial hypercholesterolemia: 
a systematic review and meta-analysis. J Clin Lipidol. 2019;13(1):15–30. 
https:// doi. org/ 10. 1016/j. jacl. 2018. 10. 012.

 16. Bianconi V, Banach M, Pirro M. Why patients with familial hypercholester-
olemia are at high cardiovascular risk? Beyond LDL-C levels. Trends Cardio-
vasc Med. 2021;31(4):205–15. https:// doi. org/ 10. 1016/j. tcm. 2020. 03. 004.

 17. Ravnskov U, de Lorgeril M, Kendrick M, Diamond DM. Importance of 
coagulation factors as critical components of premature cardiovascular 
disease in familial hypercholesterolemia. Int J Mol Sci. 2022;23(16):9146. 
https:// doi. org/ 10. 3390/ ijms2 31691 46.

 18. Bajaj A, Cuchel M. From supravalvular to valvular aortic stenosis: are 
statins contributing to the phenotypic shift in homozygous familial 
hypercholesterolaemia? Eur Heart J. 2022;43(34):3240–2. https:// doi. org/ 
10. 1093/ eurhe artj/ ehac3 38.

 19. Vernon HJ. Inborn errors of metabolism: advances in diagnosis and 
therapy. Jama Pediatr. 2015;169(8):778–82. https:// doi. org/ 10. 1001/ jamap 
ediat rics. 2015. 0754.

 20. Cheng Y, Schlosser P, Hertel J, Sekula P, Oefner PJ, Spiekerkoetter U, et al. 
Rare genetic variants affecting urine metabolite levels link population 
variation to inborn errors of metabolism. Nat Commun. 2021;12(1):964. 
https:// doi. org/ 10. 1038/ s41467- 020- 20877-8.

 21. Argmann CA, Houten SM, Zhu J, Schadt EE. A next generation multiscale 
view of inborn errors of metabolism. Cell Metab. 2016;23(1):13–26. 
https:// doi. org/ 10. 1016/j. cmet. 2015. 11. 012.

 22. Ussher JR, Elmariah S, Gerszten RE, Dyck JR. The emerging role of metabo-
lomics in the diagnosis and prognosis of cardiovascular disease. J Am Coll 
Cardiol. 2016;68(25):2850–70. https:// doi. org/ 10. 1016/j. jacc. 2016. 09. 972.

 23. Joshi A, Rienks M, Theofilatos K, Mayr M. Systems biology in cardiovascu-
lar disease: a multiomics approach. Nat Rev Cardiol. 2021;18(5):313–30. 
https:// doi. org/ 10. 1038/ s41569- 020- 00477-1.

 24. Li D, Zhang L, Dong F, Liu Y, Li N, Li H, et al. Metabonomic changes associ-
ated with atherosclerosis progression for  LDLR-/- mice. J Proteome Res. 
2015;14(5):2237–54. https:// doi. org/ 10. 1021/ acs. jprot eome. 5b000 32.

 25. Saulnier-Blache JS, Wilson R, Klavins K, Graham D, Alesutan I, Kastenmul-
ler G, et al.  Ldlr-/- and  ApoE-/- mice better mimic the human metabolite 
signature of increased carotid intima media thickness compared to other 
animal models of cardiovascular disease. Atherosclerosis. 2018;276:140–7. 
https:// doi. org/ 10. 1016/j. ather oscle rosis. 2018. 07. 024.

 26. Olkowicz M, Czyzynska-Cichon I, Szupryczynska N, Kostogrys RB, Kochan 
Z, Debski J, et al. Multi-omic signatures of atherogenic dyslipidaemia: 

https://service.most.gov.cn/
https://doi.org/10.1038/nrdp.2017.93
https://doi.org/10.1038/s41569-019-0325-8
https://doi.org/10.1038/s41569-019-0325-8
https://doi.org/10.1161/CIRCULATIONAHA.115.020701
https://doi.org/10.1161/CIRCULATIONAHA.115.020701
https://doi.org/10.1016/j.jacc.2020.03.057
https://doi.org/10.1016/j.jacc.2020.03.057
https://doi.org/10.1016/S0140-6736(21)02001-8
https://doi.org/10.1093/eurheartj/ehad197
https://doi.org/10.1093/eurheartj/ehad197
https://doi.org/10.3389/fphys.2019.00280
https://doi.org/10.1016/j.jacl.2022.03.003
https://doi.org/10.1093/eurheartj/ehac339
https://doi.org/10.1093/eurheartj/ehac339
https://doi.org/10.1161/ATVBAHA.120.313722
https://doi.org/10.1161/ATVBAHA.120.313722
https://doi.org/10.1093/eurheartj/ehu274
https://doi.org/10.1093/eurheartj/ehac479
https://doi.org/10.1093/eurheartj/ehac479
https://doi.org/10.1093/eurheartj/ehx317
https://doi.org/10.1161/CIRCULATIONAHA.111.042523
https://doi.org/10.1161/CIRCULATIONAHA.111.042523
https://doi.org/10.1016/j.jacl.2018.10.012
https://doi.org/10.1016/j.tcm.2020.03.004
https://doi.org/10.3390/ijms23169146
https://doi.org/10.1093/eurheartj/ehac338
https://doi.org/10.1093/eurheartj/ehac338
https://doi.org/10.1001/jamapediatrics.2015.0754
https://doi.org/10.1001/jamapediatrics.2015.0754
https://doi.org/10.1038/s41467-020-20877-8
https://doi.org/10.1016/j.cmet.2015.11.012
https://doi.org/10.1016/j.jacc.2016.09.972
https://doi.org/10.1038/s41569-020-00477-1
https://doi.org/10.1021/acs.jproteome.5b00032
https://doi.org/10.1016/j.atherosclerosis.2018.07.024


Page 19 of 19Du et al. BMC Medicine          (2023) 21:275  

pre-clinical target identification and validation in humans. J Transl Med. 
2021;19(1):6. https:// doi. org/ 10. 1186/ s12967- 020- 02663-8.

 27. Du Z, Li F, Li L, Wang Y, Li J, Yang Y, et al. Low-density lipoprotein receptor 
genotypes modify the sera metabolome of patients with homozygous 
familial hypercholesterolemia. iScience. 2022;25(11):105334. https:// doi. 
org/ 10. 1016/j. isci. 2022. 105334.

 28. Du Z, Du Y, Li L, Sun H, Hu C, Jiang L, et al. Metabolomic approach to 
screening homozygotes in Chinese patients with severe familial hyper-
cholesterolemia. J Clin Med. 2023;12(2):483. https:// doi. org/ 10. 3390/ 
jcm12 020483.

 29. Wu Y, Jiang L, Zhang H, Cheng S, Wen W, Xu L, et al. Integrated analysis of 
microRNA and mRNA expression profiles in homozygous familial hyper-
cholesterolemia patients and validation of atherosclerosis associated 
critical regulatory network. Genomics. 2021;113(4):2572–82. https:// doi. 
org/ 10. 1016/j. ygeno. 2021. 05. 036.

 30. Jiang L, Benito-Vicente A, Tang L, Etxebarria A, Cui W, Uribe KB, et al. 
Analysis of LDLR variants from homozygous FH patients carrying multiple 
mutations in the LDLR gene. Atherosclerosis. 2017;263:163–70. https:// 
doi. org/ 10. 1016/j. ather oscle rosis. 2017. 06. 014.

 31. Gallo A, Perez DIL, Charriere S, Vimont A, Alonso R, Muniz-Grijalvo O, et al. 
The added value of coronary calcium score in predicting cardiovascu-
lar events in familial hypercholesterolemia. JACC Cardiovasc Imaging. 
2021;14(12):2414–24. https:// doi. org/ 10. 1016/j. jcmg. 2021. 06. 011.

 32. Du Z, Sun H, Du Y, Li L, Lv Q, Yu H, et al. Comprehensive metabolomics and 
machine learning identify profound oxidative stress and inflammation sig-
natures in hypertensive patients with obstructive sleep apnea. Antioxidants 
(Basel). 2022;11(10):1946. https:// doi. org/ 10. 3390/ antio x1110 1946.

 33. Zhou J, Chen X, Chen W, Zhong L, Cui M. Comprehensive plasma 
metabolomic and lipidomic analyses reveal potential biomarkers for 
heart failure. Mol Cell Biochem. 2021;476(9):3449–60. https:// doi. org/ 10. 
1007/ s11010- 021- 04159-5.

 34. Blume JE, Manning WC, Troiano G, Hornburg D, Figa M, Hesterberg L, 
et al. Rapid, deep and precise profiling of the plasma proteome with 
multi-nanoparticle protein corona. Nat Commun. 2020;11(1):3662. 
https:// doi. org/ 10. 1038/ s41467- 020- 17033-7.

 35. Cui S, Li L, Zhang Y, Lu J, Wang X, Song X, et al. Machine learning identifies 
metabolic signatures that predict the risk of recurrent angina in remit-
ted patients after percutaneous coronary intervention: a multicenter 
prospective cohort study. Adv Sci. 2021;8(10):2003893. https:// doi. org/ 10. 
1002/ advs. 20200 3893.

 36. Chen C, Chen H, Zhang Y, Thomas HR, Frank MH, He Y, et al. TBtools: an 
integrative toolkit developed for interactive analyses of big biological data. 
Mol Plant. 2020;13(8):1194–202. https:// doi. org/ 10. 1016/j. molp. 2020. 06. 009.

 37. Ramos R, Masana L, Comas-Cufi M, Garcia-Gil M, Marti-Lluch R, Ponjoan 
A, et al. Derivation and validation of SIDIAP-FHP score: a new risk model 
predicting cardiovascular disease in familial hypercholesterolemia phe-
notype. Atherosclerosis. 2020;292:42–51. https:// doi. org/ 10. 1016/j. ather 
oscle rosis. 2019. 10. 016.

 38. Perez DIL, Alonso R, Mata N, Fernandez-Perez C, Muniz O, Diaz-Diaz JL, 
et al. Predicting cardiovascular events in familial hypercholesterolemia: 
the SAFEHEART registry (Spanish familial hypercholesterolemia cohort 
study). Circulation. 2017;135(22):2133–44. https:// doi. org/ 10. 1161/ CIRCU 
LATIO NAHA. 116. 024541.

 39. Paquette M, Carrie A, Bernard S, Cariou B, Hegele RA, Genest J, et al. Effect 
of LDL receptor mutation type on incident major adverse cardiovascular 
events in familial hypercholesterolemia. Eur J Prev Cardiol. 2022. https:// 
doi. org/ 10. 1093/ eurjpc/ zwac1 88.

 40. Sjouke B, Kusters DM, Kindt I, Besseling J, Defesche JC, Sijbrands EJ, 
et al. Homozygous autosomal dominant hypercholesterolaemia in the 
Netherlands: prevalence, genotype-phenotype relationship, and clinical 
outcome. Eur Heart J. 2015;36(9):560–5. https:// doi. org/ 10. 1093/ eurhe 
artj/ ehu058.

 41. Luo J, Yang H, Song BL. Mechanisms and regulation of cholesterol 
homeostasis. Nat Rev Mol Cell Biol. 2020;21(4):225–45. https:// doi. org/ 10. 
1038/ s41580- 019- 0190-7.

 42. Ahmad T, Kelly JP, Mcgarrah RW, Hellkamp AS, Fiuzat M, Testani JM, et al. 
Prognostic implications of long-chain acylcarnitines in heart failure 
and reversibility with mechanical circulatory support. J Am Coll Cardiol. 
2016;67(3):291–9. https:// doi. org/ 10. 1016/j. jacc. 2015. 10. 079.

 43. Blair HC, Sepulveda J, Papachristou DJ. Nature and nurture in atheroscle-
rosis: the roles of acylcarnitine and cell membrane-fatty acid intermedi-
ates. Vascul Pharmacol. 2016;78:17–23. https:// doi. org/ 10. 1016/j. vph. 
2015. 06. 012.

 44. Semova I, Levenson AE, Krawczyk J, Bullock K, Gearing ME, Ling AV, et al. 
Insulin prevents hypercholesterolemia by suppressing 12alpha-Hydroxy-
lated bile acids. Circulation. 2022;145(13):969–82. https:// doi. org/ 10. 1161/ 
CIRCU LATIO NAHA. 120. 045373.

 45. Mukherjee P, Hough G, Chattopadhyay A, Grijalva V, O’Connor EI, 
Meriwether D, et al. Role of enterocyte stearoyl-Co-A desaturase-1 in 
LDLR-null mice. J Lipid Res. 2018;59(10):1818–40. https:// doi. org/ 10. 1194/ 
jlr. M0835 27.

 46. Qin X, Qiu C, Zhao L. Lysophosphatidylcholine perpetuates macrophage 
polarization toward classically activated phenotype in inflammation. Cell 
Immunol. 2014;289(1–2):185–90. https:// doi. org/ 10. 1016/j. celli mm. 2014. 
04. 010.

 47. Summers SA. Could ceramides become the new cholesterol? Cell Metab. 
2018;27(2):276–80. https:// doi. org/ 10. 1016/j. cmet. 2017. 12. 003.

 48. Choi RH, Tatum SM, Symons JD, Summers SA, Holland WL. Ceramides and 
other sphingolipids as drivers of cardiovascular disease. Nat Rev Cardiol. 
2021;18(10):701–11. https:// doi. org/ 10. 1038/ s41569- 021- 00536-1.

 49. Badimon L, Vilahur G, Rocca B, Patrono C. The key contribution of platelet 
and vascular arachidonic acid metabolism to the pathophysiology of 
atherothrombosis. Cardiovasc Res. 2021;117(9):2001–15. https:// doi. org/ 
10. 1093/ cvr/ cvab0 03.

 50. Zordoky BN, El-Kadi AO. Effect of cytochrome P450 polymorphism on ara-
chidonic acid metabolism and their impact on cardiovascular diseases. 
Pharmacol Ther. 2010;125(3):446–63. https:// doi. org/ 10. 1016/j. pharm 
thera. 2009. 12. 002.

 51. Powell WS, Rokach J. Biosynthesis, biological effects, and receptors 
of hydroxyeicosatetraenoic acids (HETEs) and oxoeicosatetraenoic 
acids (oxo-ETEs) derived from arachidonic acid. Biochim Biophys Acta. 
2015;1851(4):340–55. https:// doi. org/ 10. 1016/j. bbalip. 2014. 10. 008.

 52. Oosterveer DM, Versmissen J, Yazdanpanah M, van der Net JB, Defesche 
JC, Kastelein JJ, et al. 5-Lipoxygenase activating protein (ALOX5AP) gene 
variants associate with the presence of xanthomas in familial hyper-
cholesterolemia. Atherosclerosis. 2009;206(1):223–7. https:// doi. org/ 10. 
1016/j. ather oscle rosis. 2009. 02. 019.

 53. Surendran A, Edel A, Chandran M, Bogaert P, Hassan-Tash P, Kumar AA, 
et al. Metabolomic signature of human aortic valve stenosis. JACC Basic 
Transl Sci. 2020;5(12):1163–77. https:// doi. org/ 10. 1016/j. jacbts. 2020. 10. 001.

 54. Reyes-Soffer G, Westerterp M. Beyond lipoprotein(a) plasma measure-
ments: lipoprotein(a) and inflammation. Pharmacol Res. 2021;169:105689. 
https:// doi. org/ 10. 1016/j. phrs. 2021. 105689.

 55. Zhou Y, Little PJ, Ta HT, Xu S, Kamato D. Lysophosphatidic acid and its 
receptors: pharmacology and therapeutic potential in atherosclerosis and 
vascular disease. Pharmacol Ther. 2019;204:107404. https:// doi. org/ 10. 
1016/j. pharm thera. 2019. 107404.

 56. Zhang R, Xie J, Zhou J, Xu L, Pan Y, Qu Y, et al. Supravalvular aortic stenosis 
and the risk of premature death among patients with homozygous 
familial hypercholesterolemia. Am J Cardiol. 2021;145:58–63. https:// doi. 
org/ 10. 1016/j. amjca rd. 2020. 12. 080.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

https://doi.org/10.1186/s12967-020-02663-8
https://doi.org/10.1016/j.isci.2022.105334
https://doi.org/10.1016/j.isci.2022.105334
https://doi.org/10.3390/jcm12020483
https://doi.org/10.3390/jcm12020483
https://doi.org/10.1016/j.ygeno.2021.05.036
https://doi.org/10.1016/j.ygeno.2021.05.036
https://doi.org/10.1016/j.atherosclerosis.2017.06.014
https://doi.org/10.1016/j.atherosclerosis.2017.06.014
https://doi.org/10.1016/j.jcmg.2021.06.011
https://doi.org/10.3390/antiox11101946
https://doi.org/10.1007/s11010-021-04159-5
https://doi.org/10.1007/s11010-021-04159-5
https://doi.org/10.1038/s41467-020-17033-7
https://doi.org/10.1002/advs.202003893
https://doi.org/10.1002/advs.202003893
https://doi.org/10.1016/j.molp.2020.06.009
https://doi.org/10.1016/j.atherosclerosis.2019.10.016
https://doi.org/10.1016/j.atherosclerosis.2019.10.016
https://doi.org/10.1161/CIRCULATIONAHA.116.024541
https://doi.org/10.1161/CIRCULATIONAHA.116.024541
https://doi.org/10.1093/eurjpc/zwac188
https://doi.org/10.1093/eurjpc/zwac188
https://doi.org/10.1093/eurheartj/ehu058
https://doi.org/10.1093/eurheartj/ehu058
https://doi.org/10.1038/s41580-019-0190-7
https://doi.org/10.1038/s41580-019-0190-7
https://doi.org/10.1016/j.jacc.2015.10.079
https://doi.org/10.1016/j.vph.2015.06.012
https://doi.org/10.1016/j.vph.2015.06.012
https://doi.org/10.1161/CIRCULATIONAHA.120.045373
https://doi.org/10.1161/CIRCULATIONAHA.120.045373
https://doi.org/10.1194/jlr.M083527
https://doi.org/10.1194/jlr.M083527
https://doi.org/10.1016/j.cellimm.2014.04.010
https://doi.org/10.1016/j.cellimm.2014.04.010
https://doi.org/10.1016/j.cmet.2017.12.003
https://doi.org/10.1038/s41569-021-00536-1
https://doi.org/10.1093/cvr/cvab003
https://doi.org/10.1093/cvr/cvab003
https://doi.org/10.1016/j.pharmthera.2009.12.002
https://doi.org/10.1016/j.pharmthera.2009.12.002
https://doi.org/10.1016/j.bbalip.2014.10.008
https://doi.org/10.1016/j.atherosclerosis.2009.02.019
https://doi.org/10.1016/j.atherosclerosis.2009.02.019
https://doi.org/10.1016/j.jacbts.2020.10.001
https://doi.org/10.1016/j.phrs.2021.105689
https://doi.org/10.1016/j.pharmthera.2019.107404
https://doi.org/10.1016/j.pharmthera.2019.107404
https://doi.org/10.1016/j.amjcard.2020.12.080
https://doi.org/10.1016/j.amjcard.2020.12.080

	Metabolic systems approaches update molecular insights of clinical phenotypes and cardiovascular risk in patients with homozygous familial hypercholesterolemia
	Abstract 
	Background 
	Methods 
	Results 
	Conclusions 

	Background
	Methods
	Subjects and study design
	Diagnosis of familial hypercholesterolaemia
	Sample collection and clinical laboratory lipid profiles
	High-throughput metabolomics and lipidomics
	Targeted metabolomics and deep proteomics
	Statistical analysis
	Pathway analysis

	Results
	Demographic and clinical characteristics of all participants
	HoFH, HeFH, and non-FH subjects show distinct serum metabolite profiles
	HoFH is characterized by profound serum metabolite alterations
	HoFH-associated metabolites are implicated in a variety of metabolic and functional pathways
	Inflammatory and oxidative stress-related metabolites are correlated with corneal arcus and xanthomas
	Metabolic alterations in arachidonic acid and lysophospholipid metabolism show significant associations with aortic stenosis
	HoFH patients with and without ASCVD events show less heterogeneity in routine clinical risk factors
	Targeted metabolomics identifies significant metabolic alterations in HoFH patients with ASCVD events
	Integration of deep proteomics and metabolomics reveals a complex ASCVD-associated metabolic network
	Random Forest algorithm identifies a panel of metabolicclinical features that shows significant performances in predicting ASCVD events

	Discussion
	Conclusions
	Anchor 29
	Acknowledgements
	References


