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Abstract
Background

Hypertrophic cardiomyopathy (HCM) is characterized by substantial 

heterogeneity in both clinical phenotype and risk of adverse outcomes 

including heart failure and sudden cardiac death. This highlights the need 

for robust biomarkers for risk stratification and while previous studies 

have identified the role of select plasma proteins, comprehensive large-

scale proteomic analyses have been limited in HCM.  

Methods

We performed case-control analysis of 2922 plasma proteins in 49,588 UK 

Biobank participants (100 HCM cases) to identify proteins associated with 

HCM. External replication analyses were performed in the deCODE 

Genetics Icelandic study (51 cases/38,904 controls) and All of Us (546 

cases/41,049 controls) datasets. Associations with adverse clinical 

outcomes and cardiac endophenotypes of disease severity were further 

identified, and causal relationships evaluated using Mendelian 

randomisation. Relative biomarker importance was also assessed by joint 

modelling via machine learning. 

Results

We identified novel associations between angiopoietin-2 (ANGPT2) and 

latent transforming growth factor-beta binding protein 2 (LTBP2) with HCM,

with both also showing prognostic utility for heart failure-related outcomes

in HCM cases. We also confirmed the associations of established 

2



biomarkers (e.g. NTproBNP, troponins I and T) with HCM cases, cardiac 

imaging markers of disease severity, and adverse outcomes. Mendelian 

randomisation analyses supported a causal effect of HCM on increasing 

NTproBNP and troponin T levels. 

Conclusions

This biobank-scale plasma proteomic study in HCM identified ANGPT2 and 

LTBP2 as novel HCM biomarkers with potential diagnostic and prognostic 

utility. These findings highlight the potential for plasma proteomics to 

improve risk prediction and provide insight into HCM pathobiology.
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Non-standard Abbreviations and Acronyms
ANGPT2: Angiopoietin-2
AoU: All of Us
CI: Confidence interval
CMR: Cardiac magnetic resonance
DCM: Dilated cardiomyopathy
HCMR: Hypertrophic Cardiomyopathy Registry
HF: Heart failure
LTBP2: Latent transforming growth factor-beta binding protein 2
MR: Mendelian randomisation
NPPB: Brain natriuretic peptide
NTproBNP: N-terminal pro-brain natriuretic peptide
TNNI3: Troponin I
TNNT2: Troponin T
UKB: UK Biobank
UKB-PPP: UK Biobank Pharma Proteomics Project
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Introduction

Hypertrophic cardiomyopathy (HCM) is one of the most common inherited 

heart diseases, afflicting 1 in 500 people worldwide1. It is characterised by

hypertrophy of the left ventricle (LV) which can cause LV dysfunction, 

heart failure (HF), and sudden cardiac death (SCD)2. This potential severity

in conjunction with its marked clinical heterogeneity2 have prompted the 

need for reliable biomarkers to aid risk stratification. Plasma proteins 

present an accessible, low-cost modality to evaluate underlying 

pathological changes and have aided risk prediction for various diseases3. 

In HCM, prior studies have implicated proteins including N-terminal pro-

brain natriuretic peptide (NTproBNP) and troponins which reflect 

pathophysiological processes such as myocardial wall stress and necrosis4.

Various cohort studies have also demonstrated their associations with 

imaging-derived endophenotypes of disease severity including myocardial

fibrosis5,6, and with adverse clinical outcomes7,8. 

The advent of biobank-scale plasma proteomic datasets as the UK Biobank

Pharma Proteomics Project (UKB-PPP) measuring ~3000 plasma proteins 

in >50,000 individuals9 has enabled comprehensive, population-scale 

analyses. These have identified novel biomarkers and disease 

mechanisms in cardiac conditions as heart failure, myocardial infarction 

and coronary artery disease3,10. In this study (Figure 1), we leveraged the 

UKB-PPP to evaluate the association of 2922 proteins with HCM to discover

disease-associated plasma protein biomarkers. We further validated a 

subset of these biomarkers in external replication datasets including the 
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deCODE Genetics SomaScan V4 study, All of Us (AoU) and HCM Registry 

(HCMR) cohorts, and demonstrated their prognostic utility through 

association with adverse clinical outcomes. We also explored their causal 

relevance for HCM using Mendelian randomisation (MR) and leveraged 

machine learning (ML)-based classifiers to infer their relative importances 

in a joint setting. Together, these analyses refine our understanding of the 

plasma proteomic landscape in HCM, delineating the diagnostic and 

prognostic utility of both established and novel biomarkers.

Methods

Full methods detailed in the Supplemental Material. Analysis code 

provided at https://github.com/JonChan0/HCM_Plasma_Proteomics. UKB 

and AoU data available to approved researchers at 

https://biobank.ndph.ox.ac.uk/showcase/ and 

https://www.researchallofus.org/. The National Research Ethics Service 

approved the UKB (16/NW/0274) and the HCMR studies (14/SC/0190). The 

National Bioethics Committee of Iceland approved the deCODE study. All 

patients provided written informed consent. 
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Results

Discovery association analysis identified known and 

novel biomarkers of HCM

The UKB-PPP (Table S1) enabled discovery association analysis across 

2922 plasma proteins in 49,588 individuals (100 HCM cases). Our case-

control differential expression analysis identified 5 proteins significantly 

associated with prevalent HCM (Figure 2a). These included established 

biomarkers as NTproBNP, its related brain natriuretic peptide (NPPB), and 

troponin I (TNNI3)4. The remaining 2 biomarkers angiopoietin-2 (ANGPT2) 

and latent transforming growth factor-beta binding protein 2 (LTBP2) had 

not previously been associated with HCM disease status. Among the 

49,546 controls (including 58 incident HCM cases), we performed time-to-

event (TTE) analysis to evaluate associations between baseline protein 

levels and incident HCM diagnosis in UKB-PPP with median follow-up time 

14.9 years [IQR, 14.1 - 15.7 years]. This provided orthogonal support for 

NTproBNP (HR per SD=2.40 [1.81 – 3.19] 95% CI, p=1.13 x 10-5) (Figure 

2b).

Some of the HCM-associated biomarkers had previously been associated 

with heart failure (HF)11 so we repeated case-control analyses in the non-

HCM HF cohort (Figure S1a). All HCM biomarkers except Troponin I were 

also associated with HF, indicating that they likely reflect pathobiological 

changes, including cardiac wall stress and cellular damage, which are 

known features of all-cause HF. However, the overall signal in HCM was 
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not driven solely by HF-positive HCM cases because analysis of non-HF 

HCM cases showed significant associations with 3 of these 5 biomarkers 

(Figures S2b).

Biomarkers were validated in external deCODE 

Genetics, All of Us and HCM Registry datasets

The deCODE Genetics SomaScan V4 study provided Icelandic population-

scale data for external replication of significant findings from the primary 

analysis. Of the 5 HCM-associated biomarkers, both known (NTproBNP and

Troponin I) and novel (ANGPT2) biomarkers were replicated in this external

study with the other 2 (NPPB and LTBP2) not tested due to data 

unavailability (Figure 3a). This highlights the robustness of these signals 

especially of the novel biomarker ANPGT2 across 2 distinct population 

cohorts in the UK and Iceland.

The All of Us cohort (Table S2) also provided population-scale data for 

known biomarkers NTproBNP, NPPB, troponins I and T. Such proteins 

replicated albeit with smaller effect sizes (Figure 3b). This may reflect 

AoU’s non-standardised measurements and differences in cohort 

composition relative to UKB. Sensitivity analysis of the only-HF subgroup 

replicated the biomarker non-specificity observed in UKB (Figure S1c). 

HCMR provided a case-only dataset with joint cardiac magnetic resonance 

(CMR) imaging and plasma protein data (Table S2). As such, we also 

investigated cross-phenotype correlations between plasma proteins and 

CMR imaging-derived LV measures in HCMR. We specifically evaluated 
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measures of hypertrophy, fibrosis and contractile function. Increased 

levels of NTproBNP and troponin T associated with greater hypertrophy, 

fibrosis, and less contractile function (Table 1). These external datasets 

ultimately supported both novel associations as ANGPT2 and known 

associations of NTproBNP/troponins with HCM4, and also provided insight 

into their link to imaging-derived endophenotypes of severity.

Known (NTproBNP) and novel biomarkers (ANGPT2 & 

LTBP2) showed prognostic utility in UK Biobank cases

Given these indirect associations with disease severity, we also directly 

investigated the association of known (NTproBNP) and novel (ANGPT2 & 

LTBP2) biomarkers with adverse clinical outcomes in UKB cases. Median 

follow-up times (years) for each of the composite outcomes were 11.2 

[IQR, 7.5 – 14.5] for Overall, 14.3 [IQR, 9.7 – 15.4] for HF and 14.7 [13.9 – 

15.5] for ventricular arrhythmia (VA) with summary numbers of events 

detailed in Table S4.  Consistent with previous studies8, NTproBNP was a 

significant predictor of adverse clinical outcomes including the Overall (HR

per SD=2.16 [1.46 – 3.21] 95% CI, p=1.0 x 10-4), HF (HR per SD=3.70 

[2.22 – 6.16] 95% CI, p=4.91 x 10-7) and VA (HR per SD=2.52 [1.16 – 5.05]

95% CI, p=0.0093) composites. ANPGT2 and LTBP2 were also associated 

with incidence of HF composite (HR per SD=1.76 [1.22 – 2.54] 95% CI, 

p=0.0026) and (HR per SD=1.99 [1.22 – 3.25] 95% CI, p=0.0056) 

respectively (Figure 4a). Stratification of cases by their plasma protein 

levels further supported these associations (Figure 4b–d). These TTE 

analyses validated NTproBNP’s prognostic utility and identified ANGPT2 
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and LTBP2 as novel biomarkers associated with HF-related outcomes in 

HCM patients.

Mendelian randomisation analyses established causal 

relationships between HCM and its biomarkers 

NTproBNP and troponin T

The analyses so far represented observational approaches without 

clarifying underlying causality. Thus, we also evaluated the causal 

relevance of these associations using MR. We used common genetic 

variants associated with phenotypes as instrumental variables to test 

whether differences in genetically-determined levels of an exposure were 

associated with an outcome independently of unmeasured confounders12. 

Analyses demonstrated that increased genetic liability to HCM was 

causally associated with higher plasma levels of NTproBNP and troponin T 

levels with effects [95% CI] of 0.10 ([0.05-0.16]) and 0.07 ([0.02-0.11]) 

standard deviations respectively per doubling of liability (Figure 5). 

Sensitivity analyses (Figure S4, Figure S5) including colocalisation 

analyses (Figure S6) highlighted the importance of variants at BAG3 and 

MYOZ1/SYNPO2L loci respectively in driving effects, but these analyses 

were constrained by the limited power of the HCMR-derived GWASs. From 

the UKB-derived GWASs of plasma proteins, nominally significant signals 

were obtained for HCM causing increased levels of NTproBNP and NPPB 

(Table S5) but these were non-significant after multiple testing correction. 

The discrepancy for the HCM-to-NTproBNP signal between the HCMR and 
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UKB-derived GWASs may arise from the UKB’s ‘healthy volunteer’ bias13 

such that for UKB’s ‘healthier’ HCM cases, this may result in lower 

biomarker levels than the clinically enrolled HCMR cases. As such, the 

HCM instruments had weaker NTproBNP associations in the UKB GWAS 

relative to HCMR’s (Figure S7). Overall, MR showed that HCM causes 

elevated NTproBNP and troponin T plasma levels, validating their roles as 

biomarkers.

Machine learning enabled joint proteomic modelling to 

evaluate relative predictive importance

Discovery analyses evaluated the relationship between proteins and HCM 

marginally, with each protein assessed individually. To evaluate these 

relationships in a joint analysis, we used ML to model proteins jointly, 

capture potential non-linear effects and ultimately, assess each 

biomarker’s relative importance. SHAP values enabled this by quantifying 

how much a specific protein's measured level shifts the model's prediction

for an individual towards or away from ‘case’ prediction14. As expected, 

the biomarkers had greater average predictive contribution in cases 

relative to controls (Figure 6a). Specifically, NTproBNP had the greatest 

mean |SHAP| value in both groups (cases: 0.85 [0.62–1.07]; controls: 

0.041 [0.040–0.042] 95% CI), reflecting its greatest predictive utility in a 

combined setting. This was mostly driven by high NTproBNP values 

pushing the model towards ‘case’ prediction (high positive SHAP value) 

(Figure 6b/c, Figure S8). Troponin I and ANGPT2 also had significant joint 

contributions (Figure 6a). Medium-high levels pushed individuals towards 
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‘case’ prediction albeit with reduced magnitudes relative to NTproBNP. 

(Figure 6b/c, Figure S8). In a jointly modelled setting, elevated levels of 

these 3 biomarkers (especially NTproBNP) had substantial additive 

predictive utility in predicting cases.

Discussion

HCM is characterized by clinical heterogeneity and potential for severe 

adverse outcomes, motivating a need for biomarkers with predictive and 

prognostic utility2. Leveraging UKB-PPP and external datasets including 

deCODE Genetics, AoU and HCMR, this study presents a biobank-scale 

interrogation of the plasma proteome in HCM and highlights both 

established and novel proteins with potential relevance for diagnosis, 

prognosis and understanding of latent disease pathways.

These novel biomarkers included ANGPT2 and LTBP2. ANGPT2 is a context-

dependent regulator of vascular permeability at the endothelium, 

controlling the balance between its stable, and its permeable, destabilized

state15. This is mediated by the TIE1/2 tyrosine kinase receptors. ANGPT2 

has been linked to numerous heart conditions. Specifically, elevated 

plasma ANGPT2 was associated with HF-linked hospitalisation in atrial 

fibrillation patients16, as well as with incidence and severity of HF in 

cardiovascular disease-free and HF cohorts respectively17. This likely 

reflects shared pathobiological mechanisms with HCM such as endothelial 

stress. Pathological changes in HCM as hypertrophy and fibrosis may 

cause strain on the microvasculature, resulting in protective activation of 
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ANPGT2 expression as an agonist of TIE2 receptor to inhibit vascular 

leakage15. However, overexpression of ANGPT2 in mouse hearts resulted 

in increased endothelial destabilisation and myocardial fibrosis18 likely via 

antagonism of TIE2. This context-dependent activity of ANGPT2 confounds

our understanding of its role in HCM but regardless, elevated levels 

associate with disease in population-scale datasets from both the UK and 

Iceland.

LTBP2 is a secreted glycoprotein which incorporates and stabilises 

extracellular matrix components such as microfibrils19. While it was not 

present in the deCODE Genetics SomaScan V4 study for external 

replication, previous studies have identified it as a marker of cardiac 

fibrosis with upregulated expression and protein localisation in fibrotic 

regions from HF mouse models and patient-derived tissues20. A rat DCM 

model study further indicated its role in driving fibrosis as siRNA-mediated

knockdown reduced fibrosis19. Plasma LTBP2 levels have also been 

correlated with myocardial levels, and event-free survival from SCD in 

DCM patients21. This known biology of LTBP2, and the increased plasma 

levels we observed in HCM, suggests increased expression of this ECM 

remodelling protein likely by activated cardiac fibroblasts. As such, plasma

LTBP2 may serve as a novel biomarker of HCM reflecting active ECM 

remodelling and fibrosis.

NTproBNP, troponins I and T are established biomarkers of HCM4,22. 

NTproBNP is produced by proteolysis of pro-brain natriuretic peptide 

released by cardiomyocytes under wall stress4. In contrast, Troponins I and
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T plasma levels reflect extracellular release following myocardial injury4, 

or even elevated mechanical stress in the absence of injury23. They were 

associated with imaging markers of disease severity6 and adverse clinical 

outcomes in HCM patients7,8,24. Our analyses also confirmed their disease 

association at the population-scale and via MR, demonstrated the causal 

role of HCM in increasing NTproBNP and Troponin T levels. NTproBNP’s 

association with incident disease may also indicate its ability to reflect 

subclinical, pathological changes prior to clinical presentation as 

suggested by studies of non-hypertrophic individuals carrying causal 

sarcomeric mutations22,25. 

We also leveraged ML via SHAP analysis to move beyond marginal 

associations and assess the joint predictive contributions of biomarkers. 

This identified the importance of NTproBNP in a multi-marker context, 

driven by its elevated levels signifying ‘case’ status. Troponin I and 

ANGPT2 also had significant additive predictive contributions to ‘case’ 

prediction in a joint setting, suggesting the utility of a multi-marker panel 

whereby each protein contributes distinct information.

A limitation of our analyses was the heterogeneity of datasets such that 

not all datasets measured the same proteins of interest. For example, 

limited proteins were profiled in HCMR and AoU datasets, and some were 

not measured in UKB (Troponin T) and deCODE (LTBP2). However, this 

deCODE study enabled external validation of most primary findings 

despite the only modest correlation in protein measurements previously 

reported between the differing platforms of Olink and SomaScan V426. The
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use of targeted panels in UKB and deCODE also likely biases towards 

those with known disease associations and limits discovery of unknown 

proteins with potential association. A key limitation was also the low 

number of HCM cases in UKB which limited the statistical power of our 

biomarker discovery analyses. We also assumed prevalent case status if 

individuals were diagnosed up to 5 years after blood collection to capture 

signal from undiagnosed HCM patients. This does provide a limiting 

assumption given the lack of ground truth for disease manifestation, but is

justified by our sensitivity analysis of this lag time (Figure S9) and 

previous reports27.

Conclusions

We leveraged population-scale biobank and clinical cohort data to identify 

novel (ANGPT2 and LTBP2) and known (e.g. NTproBNP and troponins) 

plasma protein biomarkers with diverse functional relevance in HCM. We 

further demonstrated their association with incident diagnoses, cardiac 

imaging markers of disease severity, and adverse clinical outcomes. This 

highlights the utility of plasma protein profiling in aiding risk and severity 

prediction in HCM and paves the way for further studies and mechanistic 

interrogation to clarify the link between HCM and these novel biomarkers.
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Tables
Phenotyp

e Group

CMR Phenotype Plasma

Protein

Beta [95% CI] p-value

Hypertroph

y

Left Ventricular Mass 

Index (SD)

NTproBN

P (SD)

0.53 [0.50,

0.57]

1.24E-

150

Max LV Wall Thickness 

(SD)

0.51 [0.47,

0.54]

1.39E-

124

Contractile

Function

Left Ventricular Ejection 

Fraction (SD)

-0.19 [-0.24, -

0.15]

1.32E-

17

23



-Longitudinal Peak 

Systolic LV Strain- 

Transmural - Mean (SD)

-0.42 [-0.46, -

0.38]

7.57E-

75

-Circumferential Peak 

Systolic LV Strain- 

Transmural - Mean (SD)

-0.27 [-0.32, -

0.23]

1.90E-

30

Radial Peak Systolic LV 

Strain- Transmural - 

Mean (SD)

-0.14 [-0.19, -

0.10]

1.83E-

09

Cardiac Index (SD) 0.03 [-0.01,

0.08]
0.19

Fibrosis

Total LGE Over All 

Segments (SD)

0.27 [0.23,

0.31]

4.72E-

45

Extracellular Cytoplasmic

Volume Fraction (SD)

0.28 [0.23,

0.33]

2.03E-

30

Hypertroph

y

Left Ventricular Mass 

Index (SD)

Troponin

T (SD)

0.47 [0.43,

0.51]

3.75E-

110

Max LV Wall Thickness 

(SD)

0.35 [0.31,

0.39]

1.96E-

54

Contractile

Function

Left Ventricular Ejection 

Fraction (SD)

-0.25 [-0.29, -

0.21]

4.21E-

28

-Longitudinal Peak 

Systolic LV Strain- 

Transmural - Mean (SD)

-0.43 [-0.48, -

0.39]

1.21E-

78

-Circumferential Peak 

Systolic LV Strain- 

s-0.34 [-0.39, -

0.30]

1.93E-

47

24



Transmural - Mean (SD)

Radial Peak Systolic LV 

Strain- Transmural - 

Mean (SD)

-0.17 [-0.21, -

0.12]

2.80E-

12

Cardiac Index (SD) 0.02 [-0.02,

0.07]
0.36

Fibrosis

Total LGE Over All 

Segments (SD)

0.32 [0.29,

0.36]

1.73E-

62

Extracellular Cytoplasmic

Volume Fraction (SD)

0.26 [0.21,

0.31]

2.48E-

25

Table 1. Cross-phenotype association analyses in HCM Registry of NTproBNP and 

Troponin T with imaging-derived measures of hypertrophy, fibrosis and contractile 

function. LV: left ventricle, SD: standard deviation.

25



Figures with Figure Legends

Figure 1. Overview of analyses and datasets involved. Hypertrophic cardiomyopathy (HCM) 

cases in UK Biobank, deCODE Genetics, and All of Us datasets were divided into ‘prevalent’ cases 

(those diagnosed before the blood sample collection date or within 5 years) and ‘incident’ cases 

(those diagnosed after the blood sample collection date + 5 years). This represents an assumed 

potential lag between disease manifestation and clinical diagnosis. HCMR: Hypertrophic 

Cardiomyopathy Registry.
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Figure 2. Plasma proteomic association analyses in UK Biobank identified known and 

novel HCM biomarkers. a) Case-control differential protein expression analysis using prevalent 

HCM cases identified previously reported biomarkers of disease (e.g. NTproBNP) and novel ones 

(ANGPT2 and LTBP2). b) Time-to-event analysis of incident HCM diagnosis in the ‘controls’ from 

above analysis (which includes incident HCM cases) provided orthogonal support for NTproBNP’s 

association with disease. Multiple testing correction (MTC) applied via Benjamini-Hochberg 

procedure to control false discovery rate at 5%. SD: standard deviation.
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Figure 3. Known and novel biomarkers were validated in external DeCODE Genetics and 

All of Us datasets. Case-control differential protein expression analysis in external replication a) 

DeCODE Genetics and b) All of Us datasets validated known hypertrophic cardiomyopathy (HCM) 

associations of biomarkers NTproBNP and Troponin I (TNNI3), and novel biomarker ANGPT2 

(angiopoietin-2). Plasma proteins tested in external replication DeCODE Genetics dataset included 

all those significant at the 5% FDR threshold (Figure 2a) if they were also measured in the 

SomaScan V4 study. Multiple testing correction (MTC) applied via Benjamini-Hochberg procedure to

control FDR at 5% (dashed horizontal line).
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Figure 4. Known and novel biomarkers showed potential prognostic utility. a) 

Multivariable Cox regression with incident adverse clinical outcomes in UK Biobank showed 

associations of known (NTproBNP) and novel (ANGPT2 and LTBP2) biomarkers with composite 

outcomes after covariate adjustment. Error bars indicate 95% confidence intervals. Multiple testing

correction applied via Benjamini-Hochberg procedure to control false discovery rate at 5%. b-d) 

Kaplan-Meier event curves with stratification by b/c) NTproBNP, c) ANGPT2 and d) LTBP2 levels at 

baseline (threshold at 75th percentile: 2.06, 1.2 and 1.23 SD respectively) showed significant 

difference in event incidence between <75th percentile and ≥ 75th percentile subgroups for 

biomarker-composite combinations prior to covariate adjustment. Statistical test for difference in 

subgroups via log-rank test. HF: heart failure, SD: standard deviation, VA: ventricular arrhythmia. 
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Figure 5. Mendelian randomisation analyses established causal associations between 

hypertrophic cardiomyopathy (HCM) and known biomarkers. a) Bidirectional, 2-sample 

Mendelian randomisation analyses showed significant causality between HCM disease status and 

plasma proteins (X) prioritised by case-control association analyses. Multiple testing correction 

(MTC) applied via Benjamini-Hochberg procedure to control FDR at 5%. Associations labelled if 

significant after MTC. b) Forest plot of significant conclusions indicated that common genetic risk 

of HCM causes increased NTproBNP and Troponin T (TNNT2) levels. Error bars represent 95% 

confidence intervals. HCMR: Hypertrophic Cardiomyopathy Registry, UKB: UK Biobank.
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Figure 6. Machine learning-based joint modelling of prioritised plasma proteins 
highlighted additive predictive contributions of known and novel biomarkers. a) SHAP 
values quantify how much a specific protein's measured level pushed the model's prediction for an 
individual towards or away from a ‘case’ prediction. Mean absolute SHAP values (unit = log(odds of
HCM)) for each plasma protein for prevalent HCM cases and controls showed the relative feature 
importance and impact on prediction by trained XGBoost classifier. NTproBNP has the greatest 
predictive contribution in both cases and controls. Error bars represent 95% confidence intervals 
computed by bootstrapping the evaluated dataset. b/c) Beeswarm plots of SHAP values for each 
plasma protein stratified for b) cases and c) controls indicates the distribution of SHAP values over 
all per-individual predictions in the dataset. The extended positive tail for NTproBNP reflects the 
strong impact of high NTproBNP values for predicting cases whereas its truncated negative tail 
reflects a weak impact of low NTproBNP values in predicting controls. SHAP: Shapley additive 
explanation, tnni3: Troponin I, XGBoost: Extreme-Gradient boosted trees.
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