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Myocardial infarction is aleading cause of death globally but is notoriously
difficult to predict. We aimed to identify biomarkers of an imminent first
myocardial infarction and design relevant prediction models. Here, we
constructed a new case-cohort consortium of 2,018 persons without

prior cardiovascular disease from six European cohorts, among whom 420
developed a first myocardial infarction within 6 months after the baseline
blood draw. We analyzed 817 proteins and 1,025 metabolites in biobanked
blood and 16 clinical variables. Forty-eight proteins, 43 metabolites, age,

sex and systolic blood pressure were associated with the risk of an imminent
first myocardial infarction. Brain natriuretic peptide was most consistently
associated with the risk of imminent myocardial infarction. Using clinically
readily available variables, we devised a prediction model for animminent

first myocardial infarction for clinical use in the general population, with
good discriminatory performance and potential for motivating primary

prevention efforts.

Despite declining age-standardized rates, myocardial infarction
remains the leading and increasing cause of death globally'. Prevention
of myocardial infarction is highly prioritized?, but the targeting of pri-
mary preventive effortsishampered by inefficient means of identifying
individuals at the highest risk for an imminent myocardial infarction
(IM1I). This could be partially explained by the inability of most risk
prediction models to account for the highly dynamic nature of the
period leading up to a myocardial infarction. For instance, traumatic
events, such asacancer diagnosis or loss of aspouse, markedly increase
therisk of myocardial infarction®*. Inaddition, the degree of stenosis
inthe culprit lesion in the coronary artery appears to increase in the
months just before the myocardial infarction’. Nonetheless, to date,
most biomarkers have beeninvestigated over several years of follow-up
because of alow number of individuals with a first myocardial infarc-
tion shortly after baseline in the general population. Hence, a large
population-based study focusing on identifying biomarkers of an IMI
isneeded.

Primary prevention for asymptomatic risk factors over a long
period is costly, and motivation among patients and providers is lim-
ited even for secondary prevention®. Risk predictionin the short term
based on biomarkers of IMI might tilt the scales for prevention, as the
knowledge of an increased risk of a first myocardial infarction within
the ensuing few months might motivate patients and doctors to con-
sider preventive strategies.

We hypothesized that circulating biomarkers of the dynamic bio-
logical processes that operate in the months preceding a myocardial
infarction could be measured and used to assess risk. We tested thisin
anew nested case-cohortstudy and devised a prediction model foran
imminent first myocardial infarction.

Results

We assembled anew nested case-cohort study, the Markers of Immi-
nent Myocardial Infarction (MIMI) study. The study includes initially
cardiovascular disease-free individuals in six European general
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Fig.1|Derivation of the sample representing 169,053 individuals without
previous cardiovascular disease from six European population-based
cohorts. The distribution of MIMI participants across Europe is shown, with
the participating countries and cohort centers indicated. Cases (n = 420) were
initially sampled, and center-specific stratabased on sex and median age were

constructed. From each cohort center, up to four subcohort representatives were
drawn for each case from the same stratum. A subcohort (n =1,598) weighted to
represent the total cohort (N =169,053) based on the number of individualsin the
age and sex stratain the total cohort was thus assembled. NA, not applicable.

population-based cohorts who developed a myocardial infarction
within the first 6 months after the baseline examination, with up
to four cohort representatives per case (Fig. 1 and Supplementary
Table 1). The case-cohort design allows for time-to-event analyses
and derivation of accurate prediction models; it is also less prone to
certain biases than the case-control design’. After exclusions, data
of 2,018 individuals weighted to represent the full cohort of 169,053
persons were available for analysis (420 IMI cases and 1,598 subco-
hort representatives). Their characteristics at baseline are shown in
Extended Data Table 1.

Thereafter, we determined the levels of 817 proteins (some dupli-
cates) and 1,025 metabolites in biobanked plasma samples from the
cohortbaseline examinationsinacorelaboratory and harmonized 16
clinical variables between the cohorts. We divided the study sample
into a discovery sample (EpiHealth, Trgndelag Health Study (HUNT)

and Lifelines; 70% of the sample) and an external validation sample
(European Prospective Investigation into Cancer and Nutrition—Car-
diovascular Disease (EPIC-CVD), Estonian Biobank study and Malmo
Preventive Project (MFM);30% of the sample). Considering the limited
sample size of the study, we also performed an internal validation as
an exploratory analysis by randomly splitting the study sampleinto a
70:30 discovery/validation sample, repeated in 100 random draws.
We investigated the associations of proteins, metabolites and
clinical variables with the risk of a first myocardial infarction within
6 months after baseline using weighted, stratified Cox proportional-
hazards regression models in the discovery sample. Biomarkers that
passed multiple testing bounds (a Benjamini-Hochberg false discovery
rate (FDR) of <0.05) were verified in the same modelsin the validation
sample (this was done in the external and internal validation sets),
with directionally consistent results at P < 0.05 considered replicated.
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Fig.2| Associations of proteins, metabolites and clinical variables with
IMIrisk. The associations of 817 proteins, 1,025 metabolites and 16 clinical
variables with the risk of a first myocardial infarction within 6 months in the full
MiMI study, adjusted for technical covariates, are shown by biomarker category
(clinical, metabolite or protein). HR relates to a doubling of the concentration
of proteins and metabolites and a one-unit higher level of clinical biomarkers
on their original scale (for example, years, mmol I"). The top 25 biomarkers that
passed external validation and ranked on how many internal validation splits
the biomarker passed the replication criteria in the model adjusted for technical
covariatesin addition to the external validation are highlighted. °IL-6 and °’KIM1
were measured on multiple Olink panels and tested in separate statistical tests.
n =420 cases and 1,598 noncases.

In one-by-one models adjusting for technical covariates (season,
storage time and plate; Fig. 2), 48 proteins, 43 metabolites and 3 clini-
cal variables (age, sex and systolic blood pressure) were found to be
associated with IMI after the discovery-validation process (Fig. 3 and
Supplementary Table 2).

Thereafter, we investigated promising markers in models fur-
ther adjusting for age and sex. Among them, brain natriuretic peptide
(BNP) was the only biomarker with aborderline significant association
with IMI (HR per doubling of BNP level (95% confidence interval (95%
Cl)) =1.33(1.15,1.55), P=1.63 x 10, FDR = 0.11in the discovery sample
and1.40 (1.00,1.94), P= 0.049 inthe validation sample; Extended Data
Fig.2). BNP was the only biomarker with a suggestive associationin the
internal validation, passing the formal replication criteriain 22 of 100
random splits. By comparison, stem cell factor (SCF) and interleukin-6
(IL-6), biomarkers withaweaker support of an association, replicated in
only5or4of100 randomsplits. The cumulative hazard of IMI by fourths
of BNPisshownin Extended DataFig. 3. The associations of BNP with IMI
insensitivity analyses excluding one cohortatatimeandinarandom-
effects meta-analysis were similar, as shown in Extended Data Figs. 4
and 5. For some of the 94 variables, we observed substantial between-
cohort heterogeneity in the estimates when they were evaluated in a

random-effects meta-analysis (Supplementary Table 3). The addition
of interaction terms between sex and the biomarkers did not reveal
any additional associations. Associations with IMIwithin 3 months (185
cases) were similar to those within 6 months (Extended Data Fig. 6).

In a model investigating the total effect of the BNP-IMI associa-
tion (with a priori selected confounders, not mediators, according to
Extended DataFig.1), adjusting for age, sex, weight, height, creatinine
and systolicblood pressure, the association of BNP with IMIremained
similar (HR (95% CI) =1.34 (1.14,1.57), P=3.12 x10™* in the discovery
sample and 1.51 (1.05, 2.18), P=0.028 in the validation sample; per
doubling of BNP level).

We then investigated the association of the most promising
marker, BNP, with the coronary artery calcium score (CACS) at acardiac
computer tomography examination in an external population-based
cohort of 1,586 participants of the Swedish CArdioPulmonary biolm-
age Study (SCAPIS) who were free from self-reported cardiovascular
disease. Here, a higher CACS was not notably associated with a higher
BNP level (odds ratio (95% CI) =1.14 (0.91,1.42), P= 0.25; per doubling
of BNP level) in an ordinal regression model adjusting for the same
covariates as in the total-effects model.

Finally, weinvestigated the possibility of developing a clinical risk
prediction algorithm for a first IMI using clinically available variables
and a weighted Cox ridge regression model. The prediction model
achieved an internally validated C-index of 0.78, indicating a good
ability to discriminate between IMI cases and noncases. When validat-
ing the modelin the UK Biobank, a C-index of 0.82 was obtained, while
a calibration plot showed some overestimation of 6-month IMI risks.
As a comparison, the recalibrated SCORE2 achieved C-indexes of 0.77
(MIMI cohort) and 0.81 (UK Biobank) and overestimated the IMI risksin
both samples (Extended DataFig. 7). Anomogram based on the model
is shown in Fig. 4, with a worked example of its intended use displayed
in Extended Data Fig. 8 and its cross-validated calibration presented
in Extended Data Fig. 7. An interactive web application is presented at
miscore.org. Coefficients for predicting IMIfrom the model are shown
inSupplementary Table 4.

No biomarkersimprovedrisk predictioninaLASSO (least absolute
shrinkage and selection operator) Cox regression model; the variable
selection by the LASSO was unstable, with the 95% bootstrap Cl on
the model size being 0-128 variables. No biomarkers improved risk
predictionin arandom forest model using 2,000 trees; it also ranked
BNPand N-terminal pro-BNP (NT-proBNP) at the top but with very large
Cls (Supplementary Table 5).

Discussion

We here set out to identify and test biomarkers and the predictability
of animminent first myocardial infarction using a new case-cohort
consortium of individuals without prior cardiovascular disease and
with biobanked blood samples. From more than 1,800 biomarkers,
weidentified 48 proteins, 43 metabolites and 3 clinical variables asso-
ciated with the risk of an imminent first myocardial infarction inde-
pendent of technical covariates. Further analyses revealed BNP as the
only biomarker consistently associated with IMI risk. We also derived
a prediction model to discriminate between subsequent cases and
noncases. The IMI phenotype has rarely been studied prospectively
in the general population and with a broad panel of biomarkers. The
findings may have implications for both clinical primary prevention
studies and further etiological studies.

In the current study, higher BNP levels in individuals without a
known cardiovascular disease were linked to a higher risk of a first myo-
cardial infarction within 6 monthsin several models. Cardiomyocytes
produce BNPinresponsetostrain®, and NT-proBNP measurementisa
pillar of the clinical management of heart failure’ butis not used in diag-
nosing myocardialinfarction’. Diastolic dysfunctionis anearly feature
of myocardial ischemia, and a higher BNP level in this context is likely
underpinned by diastolic dysfunction caused by subclinical ischemia™

Nature Cardiovascular Research | Volume 3 | February 2024 | 130-139

132


http://www.nature.com/natcardiovascres
https://miscore.org

Letter

https://doi.org/10.1038/s44161-024-00422-2

Predictor HR (95% Cl) P value
Age 1.06 (1.04, 1.07) (] <1x107°
1.04 (1 01,1.07) = 4.09x107°
Male sex 1.82 (1. 6 2.43) ———| 4.95x107°
3.30 (2.0 L 1,5.42) —_— <1x107°
Pyroglutamine 1.46 (1.23,1.73) —— 1.04x107°
1.83 (1.36, 2.46) —_— 7.52x107°
X-25790 1.61(1.35, 1.93) —— <1x107°
2.06 (1.45, 2.92) —_— 5.42 x107°
KIT 0.44 (0.31, 0.62) f———i <1x107°
0.53(0.28, 0.98) 0.044
FASLG 0.51(0.37, 0.72) —_— 118 x107*
0.27 (0.16, 0.47) —_— <1x107°
DSG4 0.55 (0.44, 0.71) f——i <1x10™
0.54 (0.33, 0.90) L ——m 0.019
IL-6° 1.23 (1.08, 1.41) —n— 1.66 x 107
1.86 (1.41, 2.47) ——i 1.29 x107°
PTN 1.35 (1.21, 1.49) = <1x107°
1.39 (1.02, 1.90) —— 0.036
IL-6° 1.23 (1.07, 1.41) —n— 2.83x107°
1.97 (1.48, 2.63) ———i <1x107°
IL-6° 1.24 (1.08, 1.42) —— 1.99x107°
1.98 (1.49, 2.64) —_— <1x10™
IL-6° 1.25 (1.10, 1.42) —n— 7.06 x107
1.95 (1.50, 2.55) [—— <1x107
ADGRG1 1.42 (1.24,1.64) —a— <1x107°
1.55 (1.13, 2.13) [ — 6.38x107°
CALCA 1.47 (1.25,1.72) — <1x107
1.66 (1.29, 2.14) — 9.13x107°
CHI3L1 1.47 (1.25,1.73) —— <1x107°
1.52 (1.20, 1.94) — 5.59x107
KIM1® 1.40 (1.19, 1.64) — 4.82x107°
2.11(1.57, 2.83) ——i <1x107
Kim1® 1.42 (1.21,1.66) —— 1.38x107°
2.18 (1.63, 2.92) — <1x107
BNP 1.62 (1.44, 1.82) —u—t <1x10™
1.59 (1.12, 2.25) ——i 9.39x107°
GDF15 1.62 (1.32, 2.00) — <1x107°
3.43(2.06, 5.72) —_— <1x10™
REG1A 1.71(1.38, 2.13) — <1x107°
1.48 (1.07, 2.06) —_— 0.018
MMP12 1.62 (1.32, 1.98) f——f <1x10™
1.82(1.22, 2.72) [ —————— 3.52x107°
FUT3/FUT5 1.95 (1.44, 2.63) —_— 1.27x107°
2.56 (1.60, 4.09) —_— 8.41x107°
TRAIL-R2 2.30 (1.60, 3.31) —_— <1x107°
2.56 (1.40, 4.68) 216x107°
TREM1 2.37(1.71, 3.30) ————| <1x107°
3.50 (1.91, 6.41) b 4.81x107°
WFDC2 2.51(1.75, 3.62) —_— <1x107
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Fig.3| Top variables associated with IMI risk. The top 25 biomarkers that
passed external validation and ranked on how many internal validation splits
the biomarker passed the replication criteria in the model adjusted for technical
covariates in addition to the external validation are shown. Each predictor is
represented by two rows, with the discovery result (blue) presented first and
the validation result presented second (red). The results are sorted by predictor
type (clinical, metabolite or protein) and effect size from the combined analysis
ofthe discovery and validation samples. Pvalue was calculated based on a

log(HR) (95% CI)

2 d.f. Wald test for metabolites analyzed using the missing indicator method
(biomarker and missing indicator) and ald.f. Wald test otherwise (biomarker
only), two-sided in both cases. The 95% ClI of the point estimate (log(HR)) was
calculated for the biomarker only and mightinclude 1evenif P< 0.05 from the
2d.f. (biomarker + indicator) Wald test. °IL-6 and *’KIM1 values were determined
from multiple Olink panels and tested in separate statistical tests. n = 296 cases
and 1,121 noncasesin the discovery sample; n =124 cases and 477 noncases in the
validation sample.

inindividuals with some degree of coronary stenosis. Thisis supported
by the weak association of BNP and CACS observed herein, although
theassociation should beinterpreted carefully. The noncausal explana-
tionis further supported by the noncausality suggested by Mendelian
randomization studies (acknowledging that associations of geneti-
cally determined lifelong BNP levels with coronary disease may have
limited relevance to atemporally boxed-in series of events): a genetic
variant affecting the expression of the BNP gene (NPPB, rs198389) is
not associated with cardiovascular endpoints' or coronary artery
disease”. Theinfluence of chance on the finding is low, as NT-proBNP
was also significantly associated with IMlin the discovery sample, with
aborderlineassociationin the validation sample (Extended DataFig. 5).
While BNP may hence reflect an underlying coronary artery disease, it
did not add materially to a risk prediction model for IMI composed of
more readily available biomarkers.

Several known mechanisms implicated in atherosclerosis and
ischemia were represented among the other 94 biomarkers associ-
ated with an IMI in both the discovery and validation samples after
adjusting for technical covariates, including inflammation (IL-6)*,

extracellular matrix metabolism (WAP four-disulfide core domain pro-
tein2 (WFDC2))", hypertrophy (adhesion G-protein-coupled receptor
G1 (AGRG1))", apoptosis (triggering receptor expressed on myeloid
cells 1 (TREM1), tumor necrosis factor receptor superfamily member
10B (TRAIL-R2)) and cell adhesion (AGRG1). We also observed associa-
tions with markers representing mechanisms less oftenimplicated in
coronary diseases, such as markers of kidney injury (kidney injury
molecule 1 (KIM1))", appetite regulation (growth differentiation fac-
tor 15 (GDF15))"®, and an a-amino acid found in dietary supplements
and associated with paracetamol use (pyroglutamine)”. While some
associations may be causal, others, such as associations with levels of
chitinase-3-like protein 1 (CHI3L1)*, pleiotrophin (PTN) or KIT, may
more likely be responses to myocardial ischemia. These findings may
accelerate further etiological studies of acute coronary events.

We here developed a prediction model for IMI in the general
population. Animminent infarction is difficult to predict; the signals
are weak, and we faced power limitations. The model achieved good
discriminative ability, with acceptable calibration in the lower risk
range. It is possible to transpose to other settings by entering the
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(bottom two rulers). Equation, S coefficients, 6-month survival and mean
variable values are provided in Supplementary Table 4. Aworked example is
shownin Extended Data Fig. 8. The model is also presented as an interactive web
application at miscore.org.

base hazards and variable means of those settings, for example, inter-
actively at miscore.org. Given the increasing global burden of deaths
from myocardial infarction, the importance of predicting them and
increasing the individual motivation for preventing such deaths may
be substantial; this can be tested in clinical trials.

The current study has several limitations. First, the use of multiple
cohortsintroduced heterogeneity. We addressed this at the sampling,
biomarker analysis and statistical analysis stages, with the resulting
limitation that the heterogeneity decreases statistical power. The
strengths are the same as in other multicenter studies, including that
only biomarkers with consistent importance in different settings are
brought forward. Other study limitations are inherent to the uncer-
tainty of ranking the top findings and the inability of one-by-one strat-
egies to capture complex interrelationships. The instability of the
variableimportances from the random forest was unsurprising, assuch
methods are notoriously data hungry and require far larger datasets
than classical modeling techniques®. While the studied markers are eas-
ily obtainable by asimple blood test or clinical assessment, alimitation
isthatablood sample will not always capture tissue-specific processes.
In addition, our study was limited to proteins and metabolites that
remain stable in the freezer for many years. The biomarker analyses
used herein are currently not availablein clinical practice, and we lacked

the clinically available and more precise immunoassay measurements
of, forexample, NT-proBNP and cardiac troponin; hence, imprecision
in the proximity extension assay and ultra-high performance liquid
chromatography-mass spectrometry (UPLC-MS) technologies may
preclude definitive mechanistic insights and maximal clinical utility.
Further, making causal assumptions is fundamentally challenging in
amultimarker landscape where many causal pathways are unknown.
Most markers could be potential mediators in pathways for known
causes of myocardial infarction, including age and sex. Consequently,
we provided models adjusted for technical covariates only and models
with further biological covariate adjustment. Thus, some associations
could be explained by confounding by, for example, age and sex. Nota-
bly, mediators of causal effects are also important to identify, with
implications for prediction and use as treatment targets.

Inconclusion, we identified biomarkers associated with the risk of
animminent first myocardial infarction, including BNP. Delineation of
the distinctbiological processes that operate in the months before the
first myocardial infarction will be key to discovering preventiontargets.
We developed and validated a prediction model with a fair ability to dis-
criminate between persons with and without risk of animminent first
myocardial infarction. Risk prediction in the short term may enhance
the motivation of patients and doctors for primary prevention.
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Methods
Study sample and outcome
The MIMI study sample draws biobanked blood and data from six
European cohorts of the BBMRI-LPC (Biobanking and Biomolecular
Research Infrastructure—Large Prospective Cohorts) collaboration?,
asshownin Fig.1and Supplementary Table 1. After sample size deter-
mination, we supplied each cohort with a standardized protocol (in
which all definitions are described in detail) and an R script for select-
ing cohortrepresentatives for the subcohort (Supplementary Notes).
Cohort participants with biobanked samples (at least 250 pl of
plasma or serum; eventually, only plasmawas included) and no previ-
ous clinical cardiovascular disease were eligible for inclusionin the pre-
sent study. The exclusion criteria were previous clinical cardiovascular
disease (defined as the presence at any time before baseline of any of
the following: myocardialinfarction, coronary procedure, heartfailure,
structural heart disease, tachyarrhythmias, stroke, thromboembolic
disease and peripheral vascular disease) and renal failure.
Individuals with acute myocardial infarction (International Classi-
fication of Diseases, tenth revision (ICD-10), 121;ICD-9,410.0-410.6 and
410.8) asthe primary cause of hospitalization or death within 6 months
after baseline were defined as IMI cases. Weincluded both ST-elevation
and non-ST-elevation myocardial infarctions; we encouraged effortsto
include only type 1 myocardial infarctions by not counting cases with
any of the following ICD codes in secondary positions: anemia (for
example, ICD-10, D50-D64; ICD-9, 280-285), tachyarrhythmias (for
example, ICD-10, 147-149;1CD-9,427), heart failure (for example, ICD-
10,150;1CD-9,428), renal failure (for example, ICD-10, N17-N19; ICD-9,
584-586), chronic obstructive pulmonary disease (for example, ICD-10,
J43-J44; 1CD-9, 491, 492 and 496), sepsis and other severe infections
(for example, ICD-10, A40-A41;1CD-9, 038), or hypertensive crises.
Up to four cohort representatives per available IMI case were
randomly drawn from the full cohort to the subcohort in 50 strata
based on sex, age (above/below median) and study center in a strati-
fied case-cohort design’. All 420 IMI cases, and 1,598 subcohort rep-
resentatives, were drawn from the full cohort 0f 169,053 participants,
assummarized in Fig. 1.

Exposures

Clinical variables (age, sex, height, weight, waist circumference, systolic
and diastolic blood pressure, triglycerides, high-density lipoprotein
(HDL) cholesterol, non-HDL cholesterol, low-density lipoprotein
(LDL) cholesterol, total cholesterol, glucose, diabetes status, high-
est education, smoking status, previous smoking exposure, alcohol
intake and physical activity) were harmonized between the cohorts
(Supplementary Notes). Non-HDL cholesterol was calculated as total
cholesterol - HDL cholesterol. LDL levels were calculated using the
extended Martin-Hopkins equation®.

All blood samples were randomized into appropriate measure-
ment plates, stratified by cohort (with a similar number from each
cohortonevery plate), and aliquoted into the plates. Quality controls
are summarized below and described in detail in the Supplementary
Notes.

Protein measurements were done using the Olink proximity exten-
sion assay (Olink), a highly specific 92-pleximmunoassay. Overall,
829 proteins across nine panels (cardiometabolic, cardiovascular II,
cardiovascular Ill, development, immune response, inflammation,
metabolism, oncology Iland organ damage) were analyzed, including
804 unique proteins (considering overlap between panels). Relative
protein values on a log, scale are reported, with each protein value
normalized by plate by centering all plates at the same median, assum-
ing random plate placement. Values below the assay’s lower limit of
detection (LOD) were also included in the analyses.

Metabolites were analyzed using the UPLC-tandem MS (UPLC-
MS/MS)-based Metabolon platform (Metabolon) by four different
methods: reversed-phase UPLC-MS/MSwith positive-mode electrospray

ionization (early and late phase), reversed-phase UPLC-MS/MS with
negative-mode electrospray ionization, and hydrophilic interaction
LC/UPLC-MS/MS with negative-mode electrospray ionization. Over-
all, 1,135 metabolites were captured, including 925 with known iden-
tity and 210 with unknown identity. Relative metabolite levels were
determined and normalized by analysis day. Metabolite levels were
log, transformed, and nondetectable levels (<LOD or metabolite not
present in the sample) were constant value imputed to a value below
the minimum metabolite value (minimum/sqrt(2)).

Samples that did not satisfy the quality control criteria were
initially excluded; exclusion filters were applied separately for the
proteomics and metabolomics analyses, and only samples passing
quality control for both analyses were included in the analysis set.
For the proteomics analysis, samples with more than 50% of panels
failing for technical reasons were excluded (n excluded = 33). For the
metabolomics analysis, samples were excluded because of low volume
or detection of fewer metabolites than expected (n excluded = 4).Con-
sequently, samples for 420 cases and 1,598 subcohort representatives
remained for analysis.

Next, biomarkers with an extremely high proportion of nonde-
tectable or below-LOD measurements were excluded, with the same
exclusion filters for proteins and metabolites. Biomarkers had to be
detected in all six cohorts with at least 30 detectable values across
all cohorts (-1.5% of the MIMI samples) or were otherwise excluded.
Consequently, 817 proteins (some duplicates) and 1,025 metabolites
were retained for analysis.

Statistical analysis
Allanalyses were done usingR (version 4.1.1)* with the glmnet”, mice®,
rms”, ranger”® and survival® add-on packages.

One-by-one etiological analyses. Inthe discovery sample, the associ-
ations of all clinical variables (listed in Extended Data Table 1), proteins
and metabolites with IMIwere analyzed in separate weighted, stratified
Cox proportional-hazards regression models adjusting for covariates,
as described below. Inverse sampling probability weights (Borgan
1) were applied to account for the case-cohort design in a stratified
model, allowing for a different shape of the baseline hazard for each
MIMI cohort (six levels) and using arobust variance estimator (Huber-
White). Nonlinear relationships between continuous covariates (not
including the biomarkers) and IMIwere modeled using restricted cubic
splines, and all factor variables were considered unordered.

Associations with an FDR (Benjamini-Hochberg) of <0.05 were
taken forward to the validation sample, inwhich directionally consist-
entresults with P<0.05 were considered replicated.

Cox proportional-hazards models adjusting for technical covari-
ates (season, storage time and plate) wereinitially applied. Replicating
biomarkers from the model adjusting for technical covariates were
investigated in a model further adjusting for age and sex. A model
allowing for aninteraction between the biomarker and sex was further
tested. Replicating biomarkers in the model adjusted for age and sex
were then subjected to causal assumptions (Extended DataFig.1),and a
bias-minimized model for each biomarker wasinvestigated, estimating
the total effects (including the effects of mediators).

Missingness and sensitivity analyses. Clinical variables with high
missingness (previous smoking exposure, alcoholintake and physical
activity) were not used in the analyses. Protein values below the LOD
were included in the analyses; nondetectable metabolite levels were
replaced with a constant value, and a missing indicator was added, as
described below. The remaining missing values in the covariates were
multipleimputed (nimputations = 20) using chained equations includ-
ing the outcome, clinical covariates and other variables correlated
with the variable in theimputation model*°. Regression results across
imputed datasets were combined using Rubin’s rules®.

Nature Cardiovascular Research | Volume 3 | February 2024 | 130-139

135


http://www.nature.com/natcardiovascres

Letter

https://doi.org/10.1038/s44161-024-00422-2

Interactions with sex were investigated by analyzing an interac-
tion term for sex and each biomarker in models adjusting for technical
covariates, age and sex. The interaction terms and all terms including
the biomarker were tested using amultivariable chi-squared test with
the same multiple-testing correction described above, requiring direc-
tionally consistent discovery and validation results.

The following secondary sensitivity analyses were inclu-
ded: random-effects inverse variance-weighted meta-analyses
(DerSimonian-Laird) combining per-cohort results, leave-one-out
analyses investigating the influence of single cohorts, complete-case
analyses not imputing missing values in the clinical covariates, and
analyses limiting the follow-up time to 3 months.

Simultaneous modeling and development of a prediction model. To
attempt predicting this phenotype, we developed a prediction model
for IMI using age, sex, anthropometric variables (height, weight and
waist circumference), variables routinely collected in the laboratory
(LDL cholesterol, HDL cholesterol, creatinine, glucose and triglycer-
ides), systolic and diastolic blood pressure, smoking status (never,
former or current) and education level. Regression coefficients were
estimated using aweighted Coxridge regression model, which shrinks
coefficients toward zero using an L, penalty to accommodate over-
fitting. The strength of the penalty (lambda) was determined using
tenfold cross-validation over a grid of 250 lambda values, repeated
100 times. The lambda selection was repeated in each imputed data-
set, and the coefficients associated with the lambda giving the lowest
cross-validated deviance were extracted. The final coefficient set was
obtained by taking the median of the coefficients from eachimputed
dataset. Asingle-imputed dataset was used for validation and calibra-
tion. The C-index, whichindicates amodel’s ability to rank the risks, was
determined using 100 repeats of tenfold cross-validation. A calibration
curve was constructed using 100 repeats of tenfold cross-validation®.
Allmodeling steps were repeated in each fold to assess the calibration
accuracy objectively. The model containing only clinical variables was
thenreduced by approximating thelinear predictor from the fullmodel
through stepwise regression. Predictions from the full model were
used asthe outcomeinalinear model wherein variables were dropped
sequentially until R*> 0.95. This yielded a highly parsimonious final
model incorporating the main drivers of predictions. The prediction
modelwas compared to SCORE2, avalidated prediction model for the
10-yearrisk of cardiovascular disease developed using multiple Euro-
pean cohorts®. The 10-year survival probability and the covariate mean
values usedinthe SCORE2 equations were replaced with the estimated
6-month survival probability and mean values from the current data
to calculate the SCORE2-estimated 6-month cardiovascular disease
risk**. Two additional external validations of the model were performed
in the UK Biobank. First, all coefficients and covariate mean values in
Supplementary Table 4 were used to validate the model. Second, the
model wasrecalibrated using mean values and the estimated baseline
risk from the UK Biobank cohort before validation.

To evaluate whether any biomarkers added to the clinical predic-
tionmodelimprove risk prediction, we used the linear predictor from
the prediction model as an offset in a LASSO Cox regression model.
Before model fitting, all proteins and metabolites were adjusted for
technical variables. Briefly, each biomarker was used as the outcome
variableinaregression model with all technical variables as covariates.
The residuals from these models were used in place of the original
biomarker values in the LASSO model. The LASSO model fitting was
bootstrapped 250 times to investigate the stability of the variable
selection.

As the biomarkers may have nonlinear associations with the out-
come and interact with one another, and prior knowledge about non-
linearities and interactions among these variablesis scarce,arandom
forest with 2,000 trees was fitted to the dataas an exploratory analysis.
Briefly, the random forest fits survival trees to bootstrap datasamples

using arandom subset of the variables in each tree, handling interac-
tions and nonlinearities naturally. A variable importance measure is
associated with each variable and calculated based on the number
of splits in which a variable is involved. The random forest was boot-
strapped 250 times to obtain Cls for the variable importance measures.

Further analysis of relevant biomarkers

Theassociations of proteins detected using the Olink panels cardiovas-
cular Iland cardiovascular Il with the CACS were available for testingin
individuals free from cardiovascular disease (self-reported myocardial
infarction, angina, coronary intervention, heart failure, atrial fibril-
lation, stroke and peripheral artery disease) for 1,586 participants at
the Malmo or Uppsala centers of SCAPIS®. A higher CACS reflects a
higher myocardial infarction risk. Proteins replicated in the primary
MIMl analysis (BNP) were tested for an association with the CACS using
an ordinal regression model adjusting for age, sex, body mass index,
systolic blood pressure, creatinine, center, Olink plate, analysis date
and season.

Consent

This study was approved by the Uppsala Ethics Authority (Dnr
2016/197). All Estonian Biobank participants signed abroad informed
consent form. The study was carried out under ethical approval
258/M-21 from the research ethics committee of the University of
Tartu and data release JO8 from the Estonian Biobank. The Lifelines
protocol was approved by the University Medical Center Groningen
medical ethical committee under number 2007/152. The study was per-
formedinaccordance with the Declaration of Helsinki. The EpiHealth
study was approved by the ethics committee of Uppsala University,
and all participants provided informed written consent. The MFM
was approved by the previous regional research committee in Lund,
Sweden (2014/643), and all participants provided informed consent.
Ethical review boards of the cohorts in EPIC-CVD approved the study
protocol, and all participants provided written informed consent.
Participation in the HUNT study was based on informed consent, and
the Datalnspectorate and the Regional Ethics Committee for Medical
Researchin Norway approved the study.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Data supporting the findings of this study are provided in the article
and related files. Raw data are not publicly available, as they contain
sensitive personal information, but may be obtained from the origi-
nal cohorts upon request, with varying processes, requirements and
responsetimes. For example, researchers can apply to use the Lifelines
data used in this study; information on how to request access to Life-
lines data and the conditions of use can be found at https://lifelines.
nl/researcher/how-to-apply. Data accession codes for this study are
described below.

Code availability
The prediction model equation is available at miscore.org. Code is
available at https://github.com/stefan-gustafsson-work/mimi. All
code used to analyze UK Biobank data is deposited at the UK Biobank
repository. Questions about the analyses and code can be sent to the
correspondingauthor.
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Extended Data Fig. 1| Causal assumptions for developing bias- minimized models. Directional acyclic graph (DAG) showing the best-guess relationship between
the exposure (BNP) and the outcome (IMI) and other factors influencing this relationship together with the expected direction.
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Extended Data Fig. 2| Variables associated with risk of animminent is calculated for the biomarker only whereas the p-value in the tables is based on
myocardial infarction, further adjusted for age and sex. Scatter plot the 2 d.f. Wald test (two-sided) of biomarker and missing indicator (when used),
comparing the point estimate (log[HR]) and corresponding 95% confidence hence the 95% C.I. might overlap with null for a p-value < 0.05. N=420 cases and
interval from models adjusting for technical covariates (x-axis) and models 1598 non-cases.

additionally adjusting for age and sex (y-axis) in the full MIMI study. The 95% C.1.
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Extended Data Fig. 3| Association of BNP with Risk of an Imminent Myocardial Infarction. Kaplan-Meier graph of unadjusted cumulative hazard of animminent
myocardial infarction (IMI) by fourths (Q) of brain natriuretic peptide (BNP), weighted by sampling weights.
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Extended Data Fig. 4 | Leave-one-out analyses of the association of BNP with imminent myocardial infarction. Model with BNP and technical covariates in leave-
one-out analyses where one cohort was omitted at time.
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Extended Data Fig. 5| Associations of BNP and NT-proBNP with imminent
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0.023
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0.214

corresponding 95% confidence interval is presented. NT-proBNP is measured on
both the CVD2 (*) and Metabolism panel (**). Individual cohort sample sizes are
giveninSupplementary Table 1.

Nature Cardiovascular Research


http://www.nature.com/natcardiovascres

Letter

https://doi.org/10.1038/s44161-024-00422-2

(metoprolol acid

SO ENP,
GWEN WX o
¥{CALCA

‘metabolite*

beta Ml <3m

—24

DSG4)

FASLG)

-2

-1

beta Ml <

0
6m

Pass validation
(technical model)

® Both
Ml =3m
Ml <6m
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Extended Data Table 1| Baseline Characteristics

2 Missingness, % Cases of imminent
Variable (cascs/sﬁ:cohon) myocardial infarction Subcohort Cobort
Number of individuals 420 1598 169,053
| Age, years 64.1 63.0 52.5

Male, % 63.8 63.8 42.7
Body mass index, kg/m? 0.7/0.6 27.6 27.4 26.1
Systolic blood pressure, mmHg 5.2/3.1 142.1 139.7 134.2
Diabetes, % 0.2/0.1 12.6 9.0 6.2
Glucose, mmol/L 6.2/4.9 6.0 5.8 54
LDL-cholesterol, mmol/L 5.2/4.5 39 3.8 34
Non-HDL cholesterol, mmol/L 5.2/4.4 4.7 4.5 4.0
Total cholesterol, mmol/L 4.8/4.3 6.0 5.8 54
Education, % 14.8/12.0

Low 44.1 38.1 16.3

Medium 34.1 39.9 50.6

High 21.8 22.0 33.1
Smoking, % 3.8/3.8

Never 334 37.8 46.6

Previous 33.9 37.8 28.7

Current 32.7 24.4 24.7

Baseline characteristics of the cases and weighted estimates of the full cohort of 169053 individuals from which the subcohort was drawn are shown. Numbers are percentages or arithmetic
means, as indicated. LDL, low-density lipoprotein.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size Sample size calculations are described in supplementary methods, and are available in the supplemental document PowerMIMI_v1_2.pdf.
Briefly, in this project a case-cohort analysis will be performed with data from several different cohorts. For each cohort a subcohort of the
same size as number of cases will be drawn (stratified on gender and below/above median age). In the analysis, the subcohort and all cases of
the cohort (regardless of being drawn in the subcohort or not) will participate. Since the cases will be over represented the observations will
be weighted with the inverse probability of being drawn when analysed with Cox regression. We follow the analysis outlined in [1] where
cases outside the subcohort contributes to the risk set only at their event times. For each parameter set we will simulate data and for m =
1000 times sample subcohorts and analyse the sampled data set according to [1]. The power is estimated as the proportion of the simulated
data sets where the null hypothesis is rejected. We assume there is a contious variable x with a specific HR. We create a large dataset
(n=1.000.000) with event time Ti based on x and independent censoring time Ci,i=1, 2, ..., 1000000. The observed time for each individual
is min(Ti,Ci) with indicator variable = 1 if Ti < Ci and 0 (censored) if Ti > Ci. Since we only observe the cases until day 180, we adjust the times
and indicator to that time. When drawing subcohorts to the analysis in the MIMI project a gender and age stratification will be performed. We
assume therefore that the gender and age distribution does not matter in this simulation study. The simulation algorithm is the following:
Draw a large data set (n=1.000.000) using
1.x ? N(0,1)

2. T ? Weibull(shape = 1, scale = 9125 x exp(-px)) where B is log(HR) (corresponds to constant hazard)

3. C ? Weibull(shape = 1, scale = 150)

4. Tobs =min(T,C), 6=1 if T<C otherwise O

5. if Tobs>180 set Tobs=180 and 6=0

For m = 1.000 simulations

1. for each cohort, draw number of events and number of eligible individuals according to table 1 from the created data set
2. draw a subsample of size k x number of events from the cohort data, keep track of x variables and sample probabilities
3. analyse the data
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[1] Kulathinal, S. et al, Case-Cohort design in practice - experiences from the MORGAM Project Epidemiologic Perspectives and Innovations,
2007, 4:15. 1

Data exclusions | Exclusion criteria were pre-specified to the extent it was possible. Samples that did not satisfy quality-control criteria were initially excluded:
exclusion filters were applied separately for the proteomics and metabolomics analyses, and only samples passing quality control for both
analyses were included in the analysis set. For the proteomics analysis, samples with more than 50% of panels failing for technical reasons
were excluded (n-excluded=33). For the metabolomics analysis, samples were excluded because of low volume, or detection of fewer
metabolites than expected (n-excluded=4). Consequently, samples for 420 cases and 1598 subcohort representatives remained for analysis.
Next, biomarkers with an extremely high proportion of non-detectable/below LOD measurements were excluded, with the same exclusion
filters for proteins and metabolites. Biomarkers had to be detected in all 6 cohorts with at least 30 detectable values across all cohorts (~1-5%
of the MIMI samples), or were otherwise excluded.

Replication The study sample was divided into a discovery sample (EpiHealth, HUNT, and LifeLines; 70% of the sample) and an external validation sample
(EPIC-CVD, Estonia, and MFM; 30% of the sample). Considering the limited sample size of the study, an internal validation was performed as
an exploratory analysis by randomly splitting the study sample into 70/30 discovery/validation sample, repeated in 100 random draws.
Associations of proteins, metabolites, and clinical variables with the risk of subsequent first myocardial infarction within 6 months of baseline
in the discovery sample were investigated. Biomarkers that passed multiple-testing bounds were verified in the validation sample (this was
done in the external and internal validation sets). Promising markers were thereafter investigated in further models, and their associations
with coronary calcium score at a cardiac computer tomography examination were examined in an external population-based cohort. Finally,
the possibility to develop a clinical risk prediction algorithm in the discovery sample was investigated, and tested in the validation sample. All
replication results described in the manuscript.

Randomization  Replicating biomarkers in the model adjusted for age and sex were subjected to causal assumptions, and a bias-minimized model for each
biomarker was investigated, estimating the total effects (including the effects of mediators).

Blinding Blinding irrelevant; all data were collected before biomarker analyses were made. All biomarker analyses were automated.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.
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