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Abstract  Cardiovascular diseases are the leading 
cause of death globally. Consequently, metabolomics 
studies have in recent years aimed at identifying rel-
evant biomarkers, yet no studies have been performed 
in twin populations, which reduce confounding due 
to genetic and environmental factors. We included 
11,217 twins (age at intake, 47–94 years (mean = 65)) 
from the Swedish Twin Registry, holding data on 173 
nuclear magnetic resonance metabolomic biomark-
ers and nationwide register-based data on diagnoses 
of ischemic stroke, ischemic heart disease, myocar-
dial infarction, angina pectoris, and coronary artery 
disease. Only incident cases (i.e., exclusively hold-
ing diagnosis after blood sampling) were included 

for statistical analyses, which were performed at the 
individual level and the twin-pair level by Cox regres-
sion analyses. Lastly, biomarkers significant in both 
analyses were inspected, hence conditioning on the 
twin pair design. Fifty-one biomarkers were found 
to be associated with myocardial infarction after 
correction for multiple testing, all showing a hazard 
ratio above 1. LASSO regression analysis of these 
biomarkers identified four biomarkers, all related 
to ApoB lipoprotein biology, potentially reflecting 
a pro-atherogenic effect. Investigation of biomark-
ers with p-values < 0.05 identified 20 biomarkers 
for ischemic heart disease, all showing hazard ratios 
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below 1 and primarily related to ApoA1 lipoprotein 
biology, potentially reflecting an anti-atherogenic 
effect. Lastly, three biomarkers, i.e., acetoacetate, 
bOHbutyrate, and isoleucine, were found for ischemic 
stroke, all showing a hazard ratio above 1. Taken 

together, different biomarkers associated with the dis-
ease phenotypes indicate that their molecular profiles 
are different, despite their common basis. The ApoB 
stands out as a promising biomarker for myocardial 
infarction.

Graphical abstract 
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Abbreviations 
apoA1	� Apolipoprotein A1
apoB	� Apolipoprotein B
BMI	� Body mass index
CVD	� Cardiovascular diseases
L.LDL.CE	� Cholesteryl esters in large LDL
M.VLDL.CE	� Cholesteryl esters in medium VLDL
CI	� Confidence interval
CAD	� Coronary artery disease
FDR	� False discovery rate
HR	� Hazard ratio increase per 1 SD 

increase in the biomarker level
HDL	� High-density lipoproteins
ICD	� International classification of 

diseases
LASSO	� Least absolute shrinkage and selec-

tion operator
LDL	� Low-density lipoprotein

NMR	� Nuclear magnetic resonance
apoB/apoA1	� Ratio of apolipoprotein B to apolipo-

protein A1
SD	� Standard deviation
SBP	� Systolic blood pressure
L.LDL.TG	� Triglycerides in large LDL
VLDL	� Very-low-density lipoproteins

Introduction

Cardiovascular diseases (CVD) are the leading cause 
of death globally, accounting for 32% of all deaths in 
2019 [1]. The risk of CVD increases with age, and as 
life expectancy increases, the number of CVD cases 
increases with devastating consequences for individu-
als and higher costs for society and healthcare sys-
tems. Eighty-five percent of all CVD is attributed to 
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heart attacks and ischemic stroke [1], of which heart 
attacks are often caused by coronary artery disease 
(CAD) involving blockage of the blood vessels sup-
porting the cardiac muscle, whereas ischemic stroke 
can be caused by blockage of brain blood vessels 
[1]. In both diseases, this blockage of blood vessels 
is often caused by atherosclerotic processes in which 
lipoproteins play a central role (reviewed in [2, 3]). 
In addition to atherosclerosis as a primary underly-
ing cause, CAD and ischemic stroke share other risk 
factors, such as smoking, hypertension, and diabe-
tes (reviewed in [4]). However, studies have also 
revealed differences between the two diseases, such 
as plaque morphology, which indicate that they are 
partly distinct [5]. Thus, separating the diseases by 
their molecular biomarkers might reveal information 
regarding their distinct pathophysiological mecha-
nisms, improving the understanding of these diseases, 
which is essential for preventive strategies, treatment 
recommendations, and risk stratification.

Important molecular biomarkers for CAD and 
ischemic stroke could be discovered by investigating 
metabolomics data, i.e., the study of small molecules 
that measure intermediate and end metabolites in, for 
instance, a blood sample. As metabolomics offers a 
holistic signature of biochemical activities related 
to a given trait, it provides a unique opportunity to 
investigate metabolic signatures of CAD or ischemic 
stroke in which the circulating metabolite profile 
might be altered years before the onset [6]. Indeed, 
a systematic review from 2017, including 12 studies 
that investigated metabolomic biomarkers associated 
with incident CVD, showed that several metabolic 
classes were linked to CVD, including lipids, amino 
acids, and carnitines [7]. However, in general it has 
been difficult to compare across studies, as the num-
ber of metabolites included, analytic platforms, and 
statistical models have varied significantly. Thus, a 
standardized laboratory method has been lacking. In 
recent years, however, high-throughput nuclear mag-
netic resonance (NMR) spectroscopy, like the Night-
ingale technology (Nightingale Health Ltd., Helsinki, 
Finland), has enabled fast and simultaneous quantifi-
cation of several biomarkers from a single blood sam-
ple. These biomarkers include lipoprotein subclasses, 
various cholesterol measures, triglycerides, as well 
as low-molecular-weight metabolites, such as amino 
acids, glycolysis-related metabolites, and ketone bod-
ies. Nightingale NMR data has been investigated in 

relation to different aspects of CVD (reviewed in [8]). 
For instance, a large-scale prospective study using 
Nightingale NMR included 89,422 participants, of 
which 3821 had an incident CAD event, and showed 
that CAD risk was strongly related to particle concen-
tration of lipoproteins [9].

However, a challenge when evaluating the associa-
tion between metabolites and CVD is the confound-
ing induced by genetic and environmental factors. To 
reduce such confounding, the use of twin pair–level 
studies is advantageous, particularly those apply-
ing the discordant twin pair design, i.e., the study of 
twin pairs where one twin develops a given disease, 
whereas the co-twin remains disease-free. This design 
is a statistically effective approach to control con-
founding factors, particular factors related to genetics 
and shared early-life environment, but also age, sex, 
and cohort effects (reviewed in [10, 11]). A previous 
power estimation [10] of the monozygotic discordant 
twin pair design for the use of Illumina 450K DNA 
methylation array data revealed that this design needs 
down to only one-tenth the number of individuals 
compared to the classical case–control study, depend-
ing on the heritability of the trait and the correlation 
in DNA methylation within the twin pairs. To the best 
of our knowledge, no systematic power estimation 
has been put forward for analysis of metabolome data 
using the discordant twin pair design.

The current study aims to identify metabolite bio-
markers associated with incident CAD or ischemic 
stroke. We included 173 biomarkers measured in 
blood samples from 11,217 Swedish twins with com-
prehensive register data including information on 
time to diagnosis, as well as survey data. To the best 
of our knowledge, this is the first twin study to use 
metabolomics measurements to identify biomarkers 
of CAD and ischemic stroke, which could potentially 
constitute novel therapeutic targets.

Methods

Study population

The study population comprised 12,306 middle-aged 
and older Swedish twins from the TwinGene study, 
which is a sub-cohort study within the Swedish Twin 
Registry with blood samples collected in 2004–2008 
[12, 13]. Health and medication data were collected 
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in 1998–2002 based on a telephone interview survey 
in the prior Screening Across the Lifespan Twin 
(SALT) study [14, 15], or in a shorter survey at the 
time of blood sampling. We excluded participants 
with missing values in body mass index (BMI), 
smoking status, systolic blood pressure (SBP), 
LDL measurements, and diabetes status, as these 
were considered potential confounders (see below). 
Furthermore, only participants with vital status as 
“alive” or “dead” and known zygosity were included, 
which resulted in a total of 11,217 participants. The 
study was approved by the Swedish Ethical Review 
Authority (nr 2022–06634-01). Informed consent 
was obtained from all participants. The study 
was conducted in accordance with the Helsinki II 
declaration.

Cardiovascular disease diagnoses

The CVD subgroups investigated comprised five 
phenotypes: ischemic stroke, angina pectoris, 
ischemic heart disease, myocardial infarction, and 
a combined group called CAD consisting of angina 
pectoris, ischemic heart disease, and myocardial 
infarction. Diagnoses were collected from the Swedish 
National Patient Register and the Swedish Causes of 
Death Register, where the former includes hospital 
discharge records since 1964/1965 (national coverage 
since 1987), while the latter includes information 
on causes and date of death (nationwide coverage 
since 1961). Diagnoses were coded according to the 
Swedish revisions of the International Classification 
of Diseases (ICD) codes from versions 7 to 10 with 
the corresponding timespans: ICD-7 before 1969, 
ICD-8 from 1969 to 1986, ICD-9 from 1987 to 
1996, and ICD-10 1997 onward. The included ICD 
codes are shown in Supplementary Table S1 (Online 
Resource 1). For analysis of each phenotype, all 
participants were followed from the date of blood 
sample collection until the date of first phenotype 
diagnosis, respectively, date of death (for individuals 
without a diagnosis within the phenotype of interest), 
or December 31, 2016 (end of follow-up), whichever 
came first. For each cardiovascular phenotype, 
prevalent cases, defined as phenotype diagnoses 
occurring before the blood sample collection date, 
were excluded in each corresponding analysis, such 
that only incident cases were analyzed. The number 
of discordant twin pairs was identified for each 

phenotype, defined as pairs in which one twin had a 
diagnosis after blood sample collection, whereas the 
co-twin remained disease-free of the given phenotype 
until the end of the follow-up or death, as well as twin 
pairs where both twins received a diagnosis yet at 
different time points.

Metabolomics data

Measurements of circulating metabolomic biomarkers 
were performed using a targeted high-throughput 
NMR metabolomics platform (Nightingale Health 
Ltd., Helsinki, Finland). Details of the laboratory 
methods and quality control of the TwinGene 
metabolomics data can be found in [6]. Briefly, 173 
clinically validated metabolomic biomarkers were 
quantified from blood serum samples, for which the 
participants were fasting overnight before the blood 
collection. The biomarkers include amino acids, 
cholesterol, fatty acids, and lipoprotein subclasses, 
as well as four ratios derived from triglycerides 
to phosphoglycerides, omega-6 fatty acids to 
omega-3 fatty acids, polyunsaturated fatty acids to 
monounsaturated fatty acids, and apolipoprotein B 
to apolipoprotein A1 (apoB/apoA1). An additional 
77 ratios were provided by the Nightingale platform, 
yet they were excluded from analysis due to unclear 
biological interpretations, similarly to [16]. Thus, a 
total of 173 metabolomic biomarkers were included 
in the statistical analyses. Descriptive statistics are 
summarized in Supplementary Table  S2 (Online 
Resource 1), and Spearman’s correlations between 
the biomarkers are visualized as heatmaps in 
Supplementary Fig. S1 (Online Resource 2) and 
Supplementary Table  S3 (Online Resource 1), as 
well as histograms showing biomarker distribution 
in Supplementary Figs. S2–S4 (Online Resource 2). 
The 173 biomarkers were standardized to mean = 0 
and standard deviation (SD) = 1 to enable effect size 
comparison of biomarkers that originally possess 
different units and concentration ranges, similarly to 
[16].

Survey data included as covariates

In the statistical analyses, we considered variables 
that have been associated with the risk of CVD and 
have been considered as potential confounders in 
similar metabolomics-based CVD studies and/or have 
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been put forward by the European Association of 
Preventive Cardiology for estimation of CVD disease 
(e.g., [7, 17]). These include sex, SBP (mmHg), BMI 
(kg/m2), diabetes status, and smoking status. SBP 
was measured at the same time as blood sampling; 
after 5  min of rest, SBP was measured twice with 
the participant sitting in an upright position, with 
a 1-min break between measurements. The SBP 
variable was defined as the mean of the two SBP 
measurements. Diabetes was defined as self-reported 
use of antidiabetic medication or glucose levels ≥ 7 
(mmol/L) measured by the standard techniques at 
Karolinska Institutet Laboratory. BMI was calculated 
by recorded height and weight measurements. 
Smoking status was defined as ever (current or former 
smoker) or never smoker based on self-reported 
questionnaires. Education attainment was defined as 
the highest educational level obtained and classified 
as 0–9 years, 10–12 years, and above 12 years, similar 
to [18]. Additional information on the covariates is 
provided in [12].

Statistical analysis

For analysis of the metabolomic biomarkers, Cox 
proportional hazards regression was conducted 
both at the individual level and at the twin-pair 
level with status being first occurring diagnosis, or 
for individuals without diagnosis either death or 
end-of-follow-up. All analyses were adjusted for 
multiple testing by the Benjamini–Hochberg false 
discovery rate (FDR) correction method [19]. In 
the individual-level analysis, age was used as the 
underlying timescale (delayed entry at blood sample 
collection) and adjusted for the abovementioned 
potential confounders: sex, SBP, diabetes, BMI, and 
smoking status. To consider the dependency between 
twins in each twin pair, the analyses were adjusted for 
within-pair dependence (applying the cluster function 
in the survival library in R). Each metabolomic 
biomarker was considered as an explanatory variable. 
In the twin pair–level analysis, the discordant twin 
pairs were studied similarly to the individual-
level analysis, except applying the stratified Cox 
regression, of which the baseline hazard function 
was twin pair specific. The Cox proportional hazard 
assumption was tested for the individual biomarkers 
(by the Schoenfeld residuals (cox.zph()-function 
in R)); the assumption was fulfilled considering the 

number of tests performed (data not shown). Finally, 
the overlap in biomarkers displaying statistical 
significance in both the individual-level and the twin 
pair–level analyses was inspected. These biomarkers 
were considered the most promising biomarkers, 
as the twin pair–level analysis reduces the potential 
confounding, as explained above.

Before the abovementioned statistical models were 
defined, three sensitivity analyses were performed 
with the following aims: (1) to investigate whether the 
inclusion of educational attainment as an additional 
co-variate led to the same overall conclusion, (2) to 
minimize reverse causation and investigate whether 
the exclusion of the disease diagnoses occurring in 
the first 2 years after blood sampling led to the same 
overall conclusion, and (3) to investigate whether the 
exclusion of the metabolome values being of more 
than 4.5 SDs from the mean led to the same overall 
conclusion. All sensitivity analyses showed no 
overall alterations in results (see Online Resource 3, 
Supplementary Tables 1–33).

Finally, given the large number of statistically 
significant biomarkers identified for myocardial 
infarction, Least Absolute Shrinkage and Selec-
tion Operator (LASSO) was applied to identify the 
most influential independent biomarkers, which con-
tributed the most to the variance in the myocardial 
infarction phenotype, similar to [7]. We constructed 
a LASSO linear regression model using myocardial 
infarction as the dependent variable and the metabo-
lites passing correction for multiple testing in both 
the individual-level and twin pair–level analyses as 
exploratory variables together with sex and age. We 
applied a tenfold cross-validation to find the mini-
mum λ value.

All statistical analyses were performed using R 
V4.3.1 (R Foundation for Statistical Computing, 
Vienna, Austria) with the use of the survival pack-
age for Cox regression analyses, glmnet for LASSO 
logistic regression, ggforestplot, ggforce, ggrepel, and 
ggpubr for visualization, as well as tidyverse for visu-
alization and transformation of data.

Results

In the present study, we investigated the association 
between metabolomic biomarkers and incident diag-
nosis of five CVD phenotypes, i.e., ischemic stroke, 
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angina pectoris, ischemic heart disease, myocardial 
infarction, and a combined group of the latter three 
called CAD, in 11,217 Swedish twins. The character-
istics of the twins are summarized in Table 1. Details 
on the measured metabolomic biomarkers are shown 
in Supplementary Tables S2 and S3 (Online Resource 
1) and Supplementary Figs. S1–S4 (Online Resource 
2). The 169 metabolomic biomarkers included for sta-
tistical analysis, and the four ratios derived from eight 
of these biomarkers, reflected amino acids, choles-
terol, fatty acids, lipoproteins, as well as metabolites 
involved in inflammation and fluid balance. High cor-
relations were expected and were detected between 
the biomarkers, particularly in those within the same 
biological domains (see Supplementary Table  S3 
(Online Resource 1) and Supplementary Fig. S1 
(Online Resource 2)). All results from the statisti-
cal analyses can be found in Supplementary Tables 
S4–S18 (Online Resource 1).

For each Cox regression analysis, we identi-
fied metabolites with an FDR corrected p-value 
below 0.05, as well as metabolites with p-values 
below 0.05, and metabolites overlapping between 
the individual-level and twin pair–level analyses 
at these two cut-offs were identified; the number of 

metabolites is summarized in Table  2. Also, the 
direction of estimates for these overlapping metabo-
lites was inspected (see Table 2). As seen from this 
table, only the myocardial infarction analyses identi-
fied metabolites passing correction for multiple test-
ing in the twin pair–level analysis. Here, 119 and 51 
biomarkers were identified to be statistically signifi-
cant (FDR below 0.05) associated with myocardial 
infarction in the individual-level analysis and in the 
twin pair–level analysis (see Supplementary Table S4 
(Online Resource 1), respectively Supplementary 
Table S5 (Online Resource 1)). Of these, 51 biomark-
ers were identified in both the individual-level and in 
the twin pair–level analyses, and all showed a hazard 
ratio increase per 1 SD increase in the biomarker level 
(HR) above 1 (see Fig. 1 and Supplementary Table S6 
(Online Resource 1)). Investigation of these 51 bio-
markers by LASSO linear regression revealed four 
biomarkers: the apoB/apoA1 ratio, cholesteryl esters 
in large low-density lipoprotein (LDL) (L.LDL.CE), 
triglycerides in large LDL (L.LDL.TG), and choles-
teryl esters in medium very-low-density lipoproteins 
(VLDL) (M.VLDL.CE) (see Table 3 and Supplemen-
tary Table S7 (Online Resource 1)). Of these 51 bio-
markers, the apoB/apoA1 ratio had the largest effect 

Table 1   Characteristics of 
the study population

* CAD consisted of angina 
pectoris, ischemic heart 
disease, and myocardial 
infarction
BMI body mass index, 
BP blood pressure, CAD 
coronary artery disease, DZ 
dizygotic, MZ monozygotic, 
os opposite sex, SD 
standard deviation, ss same 
sex

Number of participants 11,217

Women (%) 6160 (55%)
Mean age at blood sample (SD) (range), years 65 (8) (47–94)
Year of blood sample 2004–2008
Zygosity (MZ (%); DZ ss (%); DZ os (%) 2900 (26%); 4193 

(37%); 4124 (37%)
Smoking status (Never (%), Ever (%)) 4908 (44%); 6309 (56%)
Mean BMI (SD) (range), kg/m2 25 (3) (14–47)
Mean Systolic BP (SD) (range), mmHg 139 (20) (70–228)
Diabetes (%) 931 (8%)
Ischemic stroke incident (prevalent) (total participants) 523 (229) (10,988)
Ischemic stroke incident discordant twin pairs 345
Angina pectoris, incident (prevalent) (total participants) 599 (714) (10,503)
Angina pectoris incident discordant twin pairs 360
Ischemic heart disease incident (prevalent) (total participants) 917 (464) (10,753)
Ischemic heart disease incident discordant twin pairs 533
Myocardial Infarction Incident (prevalent) (total participants) 577 (444) (10,773)
Myocardial Infarction Incident discordant twin pairs 350
CAD* Incident (prevalent) (total participants) 1019 (958) (10,259)
CAD* Incident discordant twin pairs 561



GeroScience	

Vol.: (0123456789)

sizes in both the individual-level analysis and in the 
twin pair–level analysis with an HR of 1.27, [95% 
confidence interval (CI), 1.18 to 1.37], and an HR of 
1.43 [95% CI, 1.15 to 1.78], respectively.

Lastly, as no biomarkers were found to pass cor-
rection for multiple testing in both the individual-
level and in the twin pair–level analyses for the 
remaining four CVD phenotypes (see Table  2), the 
biomarkers with p-values below 0.05 were inspected. 
For ischemic heart disease, 20 overlapping biomark-
ers were identified in both the individual-level and in 
the twin pair–level analyses, in which the majority 
of these related to high-density lipoproteins (HDL) 
biology (see Fig.  2 and Supplementary Table  S10 
(Online Resource 1)). All 20 biomarkers showed an 
HR below 1. No biomarkers overlapped in the analy-
ses of angina pectoris analyses (see Supplementary 
Fig. S5 (Online Resource 2)). One overlapping bio-
marker, i.e., the apoB/apoA1 ratio, was identified in 
the CAD analyses with HRs above 1 (see Fig. 1 and 
Supplementary Table S15 (Online Resource 1)). For 
ischemic stroke, three overlapping biomarkers, i.e., 
acetoacetate, bOHbutyrate, and isoleucine, were iden-
tified, all with HRs above 1 (see Fig. 2 and Supple-
mentary Table S18 (Online Resource 1)).

Discussion

We investigated the associations between metabo-
lomic biomarkers and CVD in a prospective cohort of 
11,217 middle-aged and older twins to identify bio-
markers for five incident cardiovascular phenotypes: 
ischemic stroke, angina pectoris, ischemic heart dis-
ease, myocardial infarction, and a combined group 
of the latter three called CAD. The twin setup ena-
bled us to effectively reduce the potential genetic and 
environmental confounding by which the results pre-
sented have a stronger causal interpretation than bio-
markers identified in studies of singletons.

For myocardial infarction, 51 such biomarkers 
were identified, of which the majority were related 
to lipoprotein biology. Subsequent LASSO regres-
sion identified four biomarkers, which were all related 
to apoB lipoprotein biology. The apoB/apoA1 ratio 
showed the largest effect sizes, which indicates that 
this ratio could be a promising biomarker. Note-
worthy, the apoB/apoA1 ratio was also found as the 
sole overlapping biomarker with p-values below 
0.05 in the CAD analyses and had the largest HR in 
these analyses. ApoB is a surface protein present on 
all pro-atherogenic lipoproteins (VLDL, LDL, and 
intermediate-density lipoprotein (IDL)), whereas 

Table 2   Overview of the number of biomarkers identified in each analysis

The numbers indicate the number of biomarkers identified in the individual-level analysis and in the twin pair–level analysis for each 
of the five phenotypes, as well as the number of biomarkers being in overlap, i.e., identified in the individual-level and in the twin 
pair–level analyses for each of the five phenotypes. The four columns to the right show the direction of effect of the biomarkers found 
to be in overlap. CAD consisted of angina pectoris, ischemic heart disease, and myocardial infarction
– not relevant, FDR false discovery rate, HR hazard ratio increase per SD increase, pval p-value

Cardiovas-
cular phe-
notypes

Analysis Pval < 0.05 FDR < 0.05 pval 
overlap

FDR 
overlap

HR < 1 
pval

HR > 1 
pval

HR < 1 
FDR

HR > 1 FDR

Ischemic 
stroke

Individual 21 6 3 0 0 3 – –
Twin pair 4 0

Ischemic 
heart 
disease

Individual 97 86 20 0 20 0 – –
Twin pair 21 0

Myocardial 
infarction

Individual 122 119 71 51 0 71 0 51
Twin pair 76 51

Angina 
pectoris

Individual 71 35 0 0 0 0 – –
Twin pair 2 0

CAD Individual 110 102 1 0 0 1 – –
Twin pair 2 0
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Fig. 1   Observational associations of metabolomic biomark-
ers with coronary artery disease (left) and myocardial infarc-
tion (right) in Swedish twins. The outer track (blue) represents 
individual-level analyses, while the inner track (yellow) rep-
resents the twin-pair level. Estimates represent hazard ratio 
increase per 1 standard deviation increase in the biomarker 
level obtained from Cox proportional hazards regressions. The 
corresponding numeric estimates are shown in Supplemen-
tary Tables S13, S14, S4, and S5 (Online Resource 1). ApoA, 
apolipoprotein A; ApoB, apolipoprotein B; BCAA, branched 
chain amino acids; bOHbutyrate, 3‐hydroxybutyrate; C, cho-
lesterol; CE, cholesteryl esters; DHA, docosahexaenoic acid; 

FC, free cholesterol; HDL, high‐density lipoproteins; IDL, 
intermediate‐density lipoproteins; L, large (when used as pre-
fix) or total lipids (when used as suffix); LA, linoleic acid; 
LDL, low‐density lipoproteins; M, medium; MUFA, mono-
unsaturated fatty acids; NMR, nuclear magnetic resonance; 
P, particle concentrations; PL, phospholipids; PUFA, polyun-
saturated fatty acids; S, small; SD, standard deviation; SFA, 
saturated fatty acids; TG, triglycerides; Unsaturation, degree of 
unsaturation; VLDL, very‐low‐density lipoproteins; XL, very 
large; XS, very small; XXL, extremely large

Table 3   The four biomarkers associated with myocardial infarction identified by LASSO

ApoB.ApoA1 ApoB/ApoA1 ratio, L.LDL.CE cholesteryl esters in large LDL, L.LDL.TG triglycerides in large LD, M.VLDL.CE 
cholesteryl esters in medium VLDL, FDR false discovery rate, HR hazard ratio increase per 1 SD increase in the biomarker level, 
LASSO least absolute shrinkage and selection operator, pval p-value, SE standard error

Biomarker HR SE pval FDR Analysis Description

ApoB.ApoA1 1.27 0.03 7.35E − 07 1.27E − 04 Individual Ratio of apolipoprotein B to apolipoprotein A1
ApoB.ApoA1 1.43 0.11 1.18E − 03 4.79E − 02 Twin pair
L.LDL.CE 1.13 0.04 3.11E − 03 6.25E − 03 Individual Cholesteryl esters in large LDL
L.LDL.CE 1.30 0.10 1.21E − 02 4.79E − 02 Twin pair
L.LDL.TG 1.14 0.03 3.12E − 04 8.31E − 04 Individual Triglycerides in large LDL
L.LDL.TG 1.29 0.10 1.28E − 02 4.93E − 02 Twin pair
M.VLDL.CE 1.18 0.04 5.41E − 05 2.12E − 04 Individual Cholesteryl esters in medium VLDL
M.VLDL.CE 1.32 0.10 6.95E − 03 4.79E − 02 Twin pair
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apoA1 is present on the anti-atherogenic lipoproteins 
(HDL). Thus, the apoB/apoA1 ratio reflects the bal-
ance between pro-atherogenic and anti-atherogenic 
lipoproteins in which a larger ratio indicates that the 
atherogenic lipoproteins are more likely to be trapped 
inside the atrial wall promoting atherogenesis [2]. 
These opposite atherogenic effects of apoA1 and 
apoB were also found in the present study. Based 
on the results from the present study, it appears that 
apoB is the driving force underlying the association 
of the apoB/apoA1 ratio to myocardial infarction as 
the identified biomarkers relate to apoB biology and 
not apoA1 biology, and that apoB might be used on 
its own as a biomarker. In the literature, the addition 
of apoA1 in the myocardial infarction risk assessment 
is debated. Some studies supported the inclusion of 

the apoB/apoA1 ratio [20–24], whereas other studies 
found that apoB alone is superior to other lipid meas-
urements [25–27]. ApoA1 is often found to be nega-
tively, but not significantly, associated with myocar-
dial infarction, which indicates that apoA1 does not 
appear to be an effective biomarker on its own [20], 
as also seen in our study. Of all the 173 biomark-
ers investigated in the present study, 88 biomarkers 
(51%) are related to ApoB biology (i.e., VLDL, LDL, 
and IDL), 37 biomarkers (21%) are related to ApoA1 
biology (i.e., HDL), and 48 biomarkers (28%) are 
related to other types of biology. Hence, the identifi-
cation of 51 biomarkers for myocardial infarction, all 
related to ApoB biology, is a clear overrepresentation 
as what would be expected by chance (p < 0.0001 by 
a chi-square test). Lastly, as mentioned in the results 

Fig. 2   Observational associations of metabolomic biomarkers 
with ischemic heart disease (left) and ischemic stroke (right) 
in Swedish twins. The outer track (blue) represents individual-
level analyses, while the inner track (yellow) represents the 
twin-pair level. Estimates represent hazard ratio increase per 
1 standard deviation increase in the biomarker level obtained 
from Cox proportional hazards regressions. The correspond-
ing numeric estimates are shown in Supplementary Tables 
S8, S9, S16, and S17 (Online Resource 1). ApoA, apolipo-
protein A; ApoB, apolipoprotein B; BCAA, branched chain 
amino acids; bOHbutyrate, 3‐hydroxybutyrate; C, cholesterol; 
CE, cholesteryl esters; DHA, docosahexaenoic acid; FC, free 

cholesterol; HDL, high‐density lipoproteins; IDL, intermedi-
ate‐density lipoproteins; L, large (when used as a prefix) or 
total lipids (when used as a suffix); LA, linoleic acid; LDL, 
low‐density lipoproteins; M, medium; MUFA, monounsatu-
rated fatty acids; NMR, nuclear magnetic resonance; P, parti-
cle concentrations; PL, phospholipids; PUFA, polyunsaturated 
fatty acids; S, small; SD, standard deviation; SFA, saturated 
fatty acids; TG, triglycerides; Unsaturation, degree of unsatu-
ration; VLDL, very‐low‐density lipoproteins; XL, very large; 
XS, very small; XXL, extremely large
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section, the effect sizes of the apoB/apoA1 ratio in 
the analyses of myocardial infarction were found to 
be HR = 1.27 [95%CI, 1.18 to 1.37] and HR = 1.43 
[95%CI, 1.15 to 1.78] for the individual-level and 
the twin pair–level analyses, respectively. The corre-
sponding effects of smoking were HR = 1.23 [95%CI, 
1.04 to 1.46] and HR = 1.43 [95%CI, 0.89–2.27], 
respectively, i.e., of comparable size, although the 
effect size for smoking is for a binary variable (never 
and ever smoker), while for the metabolite it is a HR 
increase per 1 SD increase in biomarker level, poten-
tially a large effect.

Finally, as apoB is present on the surface of all 
pro-atherogenic lipoproteins, it reflects the total num-
ber of LDL and VLDL particles. This is also reflected 
in the present study where the three additional bio-
markers identified by the LASSO regression indeed 
were related to LDL and VLDL biology: cholesteryl 
esters in large LDL, triglycerides in large LDL, and 
cholesteryl esters in medium VLDL. Also, looking at 
the 51 overlapping biomarkers (FDR below 0.05), 24 
biomarkers were related to LDL and 24 were related 
to VLDL. Hence, these findings also point to the pre-
sent clinical practice for assessment of atherosclero-
sis and CVD risk [26]. In the clinic, the number of 
LDL and VLDL particles is routinely estimated based 
on LDL-cholesterol and triglyceride concentrations, 
respectively [26, 28]. However, some studies show 
that these two measurements are not good estimates 
for the number of LDL or VLDL particles [26, 28], 
and, furthermore, they are somewhat inaccurate for 
myocardial infarction and CAD risk assessment [26, 
27, 29]. Hence, the literature on whether it is LDL 
or VLDL which best indicates the atherogenic pro-
cesses is mixed [30, 31]. It has been pointed out that 
the total (combined) number of lipoprotein particles 
relates closer to the atherogenic risk [29], and this 
total number correlates close to the apoB concentra-
tion [26, 28]. Thereof, a number of studies recom-
mend the integration of either apoB or apoB/apoA1 
ratio in routine clinical practice in the risk assess-
ment of myocardial infarction and CAD [20, 25–27, 
32–35], which is indeed very much supported by the 
current study. Nonetheless, in the present guidelines 
by the European Society of Cardiology and the Euro-
pean Atherosclerosis Society, apoB is not considered 
a primary marker [36].

For ischemic heart disease, no biomarkers were 
found to pass correction for multiple testing, yet of 

the 20 biomarkers with a p-value below 0.05, all had 
an HR below 1, of which ten biomarkers were related 
to HDL and ApoA1 biology. Hence, these biomarkers 
found for ischemic heart disease reflect an anti-ather-
ogenic effect, whereas the biomarkers for myocardial 
infarction reflect an atherogenic effect. Considering 
that for the overall CAD group only one biomarker 
was found, i.e., the ApoB/ApoA1 ratio with an HR 
above 1, this might indicate associations of relevance 
specifically for ischemic heart disease and myocardial 
infarction, respectively. These differences in findings 
could potentially be caused by differences in the rela-
tion between the lipoprotein levels and risk of CVD, 
i.e., between LDL and VLDL (as reflected by ApoB) 
and myocardial infarction versus HDL (reflected by 
ApoA1) and ischemic heart disease. First of all, the 
association of HDL biology for ischemic heart dis-
ease is in line with the literature in which the car-
diovascular protective effects of HDL have been 
established. It is believed to be attributed to HDL’s 
fundamental role in the reverse cholesterol transport, 
where cholesterol located in the peripheral tissue is 
transported back to the liver [2, 3], as well as hav-
ing anti-inflammatory, anti-oxidant, and antithrom-
botic properties [37]. However, the protective effect 
of HDL is debated in which evidence indicates that 
the relation between HDL levels and CVD risk is not 
linear and that a plateau exists above a certain HDL 
level, roughly ~ 60 to 80 mg/dL [37, 38]. Noteworthy, 
there is even evidence indicating that extreme high 
HDL levels are associated with increased CVD risk 
[37, 39]. This is in contrast with LDL levels in which 
studies have found a linear relationship for the asso-
ciation between LDL levels and an increased CAD 
risk, and no evidence indicates that a threshold exists 
for LDL at which no further decrease in CAD risk 
occurs [37]. Hence, as the Cox regression analyses 
performed in the present study assume a linear rela-
tionship [40], we cannot exclude that the differences 
seen between ischemic heart disease and myocardial 
infarction might be due to differences in linearity 
between the exposure and the outcome. Hence, future 
research could include the application of different 
statistical models assuming linearity or not (e.g., non-
parametric models) to systematically investigate this 
issue. Nevertheless, our findings could also indicate 
that the biology differs between myocardial infarc-
tion and ischemic heart disease. This finding is dif-
ficult to verify, as the classifications of CAD (ICD-10 
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codes I20–25), myocardial infarction (ICD-10 codes 
I21–I23), and ischemic heart disease (ICD-10 codes 
I24–I25) vary across studies. For instance, some 
studies report on CAD but include solely myocardial 
infarction diagnoses in their methods [38], whereas 
other studies use diagnoses from each subgroup [33]. 
Such differences in definition can be due to changes 
in ICD definitions over time, yet it might also, in our 
experience, simply be differences in phrasing, which 
potentially might lead to misclassification bias imped-
ing the comparability between studies.

Lastly, for ischemic stroke, no biomarkers passed 
correction for multiple testing, yet three biomarkers 
held a p-value below 0.05 in both the individual-level 
and the twin pair–level analyses: isoleucine, ace-
toacetate, and bOHbutyrate, which all displayed HR 
above 1. The increased ischemic stroke risk of iso-
leucine could be due to its ability to promote plate-
let activation [41]. Yet, to the best of our knowledge, 
it has not been reported for ischemic stroke before. 
Nevertheless, studies of other branch-chain amino 
acids such as valine and leucine support the direc-
tion of effect seen for isoleucine [42–44]. Although 
valine and leucine were not statistically significant 
in the current study, their HRs were indeed above 1. 
Acetoacetate and bOHbutyrate are ketone bodies in 
which bOHbutyrate composes 70% of the circulat-
ing ketone body pool and are the most studied ketone 
bodies. bOHbutyrate has been associated with poor 
prognosis in ischemic stroke patients and having pro-
inflammatory effects [45, 46]. However, bOHbutyrate 
has also been reported to have cardioprotective prop-
erties, such as reducing neuroinflammatory responses 
[46]. It appeared that its anti- or pro-inflammatory 
effects depend on the cell type, the duration of bOH-
butyrate exposure, the bOHbutyrate concentration, 
and the presence of different co-modulators [45]. Its 
anti-inflammatory effects are hypothesized to be via 
a role in neuroinflammation, where it acts as an anti-
inflammatory agent at the microglial level, likely by 
blocking the NLR family pyrin domain containing 3 
inflammasome by inhibition of apoptosis-associated 
speck-like protein, although the mechanisms are 
still partially unknown [46–48]. Regarding the pro-
inflammatory effects, it has been shown that acetoac-
etate is the key player that independently can induce 
oxidative stress and attract monocytes, which poten-
tially lead to stroke, although the exact mechanism is 
still to be revealed [49].

As seen from the findings for ischemic stroke, we 
identify different biomarkers compared to the CAD 
phenotypes indicating that the biological mecha-
nisms are partly distinct for these phenotypes. It 
might reflect the fact that the heart and brain are two 
distinct organs with respect to their physiology and 
anatomy, and they possess their own characteristics 
in circulation. For instance, although coronary ves-
sels and carotid vessels have several similarities, they 
also possess unique features such as fat distribution 
and plaque morphology [5]. This might also relate 
to lipoproteins being excluded from the brain due to 
the blood–brain barrier and blood–cerebrospinal-fluid 
barrier [50].

The current study has several strengths. First, it is 
a large prospective twin cohort study, of which diag-
nosis and survival status were retrieved from nation-
wide health registers, which makes the phenotype 
data less biased as compared to self-report. Secondly, 
we used a standardized NMR metabolomics plat-
form to identify novel biomarkers, a platform which 
has become increasingly popular in recent years as 
it is high throughput for molecular epidemiologi-
cal studies. Thirdly, by applying the discordant twin 
design, we can effectively reduce genetics and share 
early environmental confounding factors. However, 
the study also holds some limitations: firstly, the use 
of blood samples means that the measured biomark-
ers reflect the circulation of the individual, and not 
the specific biology of the heart or brain cells. Hence, 
we cannot exclude that analysis of brain or heart tis-
sue would reveal other metabolomic biomarkers that 
were identified here, i.e., biomarkers specifically rel-
evant for brain or heart cells. However, the discovery 
of novel biomarkers in blood samples would possess 
great potential because of the non-invasive nature 
of blood sampling. Secondly, for four out of the five 
phenotypes studied, no biomarkers passed correction 
for multiple testing in both the individual-level and in 
the twin pair–level analyses. Hence, we performed an 
explorative study of biomarkers with a p-value below 
0.05. We cannot exclude that false positives might 
exist in these findings. However, as all biomarkers 
identified showed the same direction of effect in both 
the individual-level analysis and in the twin pair–level 
analysis, this confirmation in the strong discordant 
twin pair design does, in our opinion, justify perform-
ing the explorative approach. Thirdly, the Nightingale 
Health NMR platform does not capture the entire 
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blood metabolome; hence, we cannot exclude that 
additional relevant metabolites exist. On the other 
hand, the platform holds many biomarkers related to 
lipid biology, considered to be important for CVD 
biology, and that might explain the high number of 
biomarkers passing correction for multiple testing in 
the myocardial infarction analyses: all 51 biomark-
ers were related to apoB-containing lipoproteins or 
apoB itself. Why more biomarkers are found for myo-
cardial infarction compared to the other phenotypes 
is beyond the scope of the present study to explore, 
yet the larger effect sizes could potentially indicate 
that its disease pathology must be stronger reflected 
in the metabolome as compared to the other pheno-
types. Validation studies, also with functional studies, 
could potentially help elucidate this aspect. Fourthly, 
the present study only included Swedish individuals; 
hence, additional studies in populations of other ori-
gins are needed to establish the generalizability of the 
present findings. Considering that differences in life-
style, such as diet or exercise habits, could affect the 
metabolomic biomarkers, studies investigating such 
aspects are highly warranted. Unfortunately, detailed 
information on diet or exercise was not available for 
the present study population. Moreover, regarding 
lifestyle factors, a limitation of the present study is the 
nature of the smoking information, i.e., as smoking 
was recorded in the prior SALT study in 1998–2002, 
while the metabolome was measured in 2004–2008. 
Consequently, details regarding the level and the dura-
tion of smoking exposure are compromised, leading 
to the use of the categories of never and ever smokers. 
Hence, future studies with more detailed information 
on this important covariate are needed. Fifthly, a rele-
vant aspect, which was not our focus here as we chose 
to condition on the within twin pair differences, is to 
investigate the interaction between genetic variation, 
CVD, and the metabolome. Such studies are relevant 
and also seen from a clinical point of view. Lastly, the 
identification of metabolic CVD biomarkers could 
also help develop prediction models, potentially also 
integrating with other types of data, e.g., epigenetic 
or proteome biomarkers derived from omics data or 
multi-omics analysis, or integrating with imaging 
data. Such predictors could potentially be used to dif-
ferentiate between CVD subgroups also in a clinical 
setting.

In conclusion, we present novel metabolome mark-
ers for myocardial infarction, ischemic heart disease, 

CAD, and ischemic stroke, making use of the discord-
ant twin-pair design. The identified biomarkers could 
potentially benefit the detection of patients at risk of 
suffering from these age-related phenotypes. Espe-
cially the ApoB for myocardial infarction appears 
appealing, yet additional studies are needed to verify 
the association, preferably including twins.
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