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Overview: 

Heart failure remains an important clinical question despite significant advances in treatment. 1 

Healthcare providers can intervene early and personalize treatment plans by predicting a patient's 

risk of developing heart failure or worsening symptoms. 2 Identifying new biomarkers can help 

guide drug development and improve the effectiveness of treatment options for heart failure 

patients. 3 Previous studies have revealed that machine learning (ML) -based models that 

consider proteomics as predictors can make more precise time-to-event predictions than 

traditional regression models and facilitate biomarker identification. 4,5 In our first manuscript, 

we investigated whether machine learning will improve risk prediction of cardiovascular death 

(CVD) and heart failure hospitalization (HFH) using proteomic predictors in heart failure with 

reduced ejection fraction (HFrEF) patients and generalize to heart failure with preserved ejection 

fraction (HFpEF). We then worked towards discover important proteins and pathways involved 

in the high performing models. In our second manuscript, we aimed to determine if a proteomic 

risk score derived in HFpEF patients is superior to a previous proteomic score derived in HFrEF, 

as well as clinical risk factors, NT-proBNP, or high-sensitivity cardiac troponin, and identify 

serum proteins associated with the risk of HFH and CVD in patients with HFpEF in the 

proteomic risk predictive model. We then analyzed the most influential prognostic proteins in 

HFpEF for clinical outcome prediction. 
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Abstract 

Background: Large-scale assays measuring thousands of proteins now enable creation of multi-

protein risk prediction scores. Previous work has suggested that proteomic risk scores created 

using machine learning techniques rather than classical regression models may demonstrate 

superior discrimination for cardiovascular outcomes. Whether these models improve risk 

prediction in heart failure is unknown.  

Methods: Serum levels of 4076 proteins were measured at baseline in the PARADIGM-HF 

(n=1257, 287 events) and PARAGON-HF (n=1117, 191 events) trials of chronic HF with 

reduced and preserved ejection fraction using a modified aptamer-based proteomics assay. 

Proteomic risk scores were derived in PARADIGM-HF using Cox LASSO penalized regression 

(standard technique) and 5 machine learning techniques: XGBoost, random forest, 

SparseDeepHitPlus, XGBoost with feature selection, and random forest with feature selection. 

Model discrimination was evaluated in PARADIGM-HF with cross-validation (internal 

validation) and PARAGON-HF (external validation.) The most important proteins and protein 

pathways in high-performing proteomic scores were identified.  

Results: In PARADIGM-HF internal validation, only random forest with initial variable 

selection by LASSO provided significantly greater discrimination than Cox LASSO, and this 

improvement was of modest clinical significance (C-statistic difference 0.02, p=0.01). In 

PARAGON-HF external validation, none of the machine learning models improved the C-

statistic compared to the Cox LASSO model. The most important proteins in the Cox LASSO 

and random forest models included known heart failure biomarkers as well as several novel 

biomarkers.  

Conclusions:  



Machine learning approaches did not make clinically meaningful improvements in proteomic 

risk score discrimination for heart failure outcomes. Going forward, these data support use of the 

interpretable Cox LASSO to create proteomic risk scores until larger sample sizes are available.   



Introduction 

Patients with chronic heart failure (HF) face high rates of death and hospitalization.1, 2 

Circulating biomarkers such as natriuretic peptides have improved risk prediction in HF,3 and 

large-scale proteomics assays measuring thousands of circulating proteins may capture a larger 

portion of HF event risk than individual biomarkers.4 We previously showed that a proteomic 

risk score developed using penalized Cox regression improved discrimination compared to 

clinical parameters or individual biomarkers in chronic HF with reduced ejection fraction 

(HFrEF).5 A recent report suggested that machine learning (ML)-driven multiprotein risk models 

are superior to penalized regression in predicting death in patients at increased cardiovascular 

risk. 6 We investigated whether machine learning could create proteomic risk scores with higher 

discrimination than penalized regression in patients with chronic HF. We then performed 

correlation analysis between models, feature importance review, pathway and disease association 

investigation, and SHAP value analysis to better understand the mechanism of actions of the 

machine learning models. 

 

Methods 

Patient Population 

The design and primary results of the PARADIGM-HF and PARAGON-HF trials have been 

reported previously. 7,8 The PARADIGM-HF trial randomized a population of 8442 patients with 

left ventricular ejection fraction ≤ 40% to either sacubitril/valsartan or enalapril. The 

PARAGON-HF trial randomized 4796 patients with heart failure, left ventricular ejection 

fraction ≥ 45%, and elevated plasma NT-proBNP concentration to either sacubitril/valsartan or 

valsartan. The primary outcome of both studies was a composite of time to cardiovascular death 



or first heart failure hospitalization. Endpoints were adjudicated by a central clinical events 

committee in both trials.   

 

Measurements of Circulating Proteins 

Serum samples for proteomic assays were available at baseline for 1257 patients in 

PARADIGM-HF and 1117 patients in PARAGON-HF. Samples were stored centrally at -80°C. 

The SomaScan version 3 proteomics assay was performed to quantify levels of 5068 SOMAmers 

(slow off-rate modified aptamers) targeting circulating proteins in serum samples at baseline in 

both trials. 4,9,10 Modified aptamers are DNA oligonucleotides which have been selected to bind 

target proteins with high affinity and slow dissociation rates.11 The specificity of this assay for 

the correct target protein has been confirmed by mass spectrometry for approximately 1000 

aptamers 12 and by the discovery of cis genetic variants associated with protein levels for 

additional aptamers. 12,13 Median intra-assay and inter-assay coefficients of variation are <6%. 14 

We applied a global median normalization to correct for technical batch effects between plates. 

 

Derivation and Validation of ML models Predicting time-to-Heart Failure Events 

In PARADIGM, prediction models for the primary endpoint of time to first cardiovascular death 

or hospitalization for heart failure (287 events, median 2.3 years follow up) were created using 

penalized Cox LASSO regression and three contemporary machine-learning approaches: a 

modified XGBoost survival estimator, a modified Random Forest survival, and a DeepHit neural 

network with automatic feature selection for sparse data sets15–17. To address the possibility that 

proteomic data were too sparse for machine-learning models, we created two additional models 

in which only proteins selected by Cox LASSO were included in XGBoost and random forest 



models Hyperparameters for each model were optimized within internal validation by random 

search. To ensure that the most optimized form of each machine learning model was used, we 

performed the random search in a wide range of hyperparameters (Supplemental table 1). 

Each’s model’s discrimination C-statistic was estimated within PARADIGM-HF using 5-fold 

cross-validation. Risk discrimination was measured using Harrell’s C-statistic. 95% confidence 

intervals for C-statistics and C-statistic differences, and p-values for differences in C-statistics, 

were estimated by the Somer’s D method using the somersd package in STATA version 16. We 

then explored the generalizability of these scores by calculating them in HFpEF patients in 

PARAGON-HF, and assessing their discrimination for the same outcome. We further calculated 

the correlation between scores obtained from all models except SparseDeepHitPlus, which does 

not provide a single numerical score but rather different risk scores over time. 

 

Feature Importance of the Cox LASSO Model, Pathway Analysis, and Disease Association 

Analysis 

We identified proteins with non-zero coefficients in this Cox LASSO model which represent the 

features with greatest importance in predicting the outcome. We conducted a pathway analysis 

with the proteins selected by Cox LASSO model using the ShinyGO enrichment analysis tool. 

This analysis tool allowed us to investigate the functional enrichment of gene ontology terms in 

our selected proteins 18 and identify important functional pathways and biological processes that 

may be associated with the progression of heart failure. We also analyzed the diseases associated 

with these selected proteins using functional enrichment analysis and the STRING database. The 

STRING database includes information on protein-protein interactions. The STRING functional 

enrichment could facilitate discovering interacting proteins that involved in a specific disease. 19 



 

SHAP Value Analysis of the Best Performing Model 

For the best performing model, random forest with variable selection, we performed SHAP value 

analysis with a beeswarm plot to identify the most important proteins contributing to model 

predictions. The SHAP value is a tool for explainable artificial intelligence that measures the 

impact of each feature on the model predictions. 20 Global interpretability referred to 

understanding the importance of each feature across the entire dataset. Local interpretability 

referred to understanding the importance of each feature for a particular patient. SHAP values 

could calculate the average contribution of each feature to the predicted risk score across all 

patients in the dataset. By providing global and local interpretability, SHAP value analysis 

helped improve the transparency and interpretability of the model. 21 

 

Informed consent was obtained from all patients in PARADIGM-HF and PARAGON-HF. The 

study protocol was approved by local institutional review boards and ethics committees. 

Analyses were conducted in Python v3.8.12 and STATA version 16. 

 
 
Results 

Baseline Characteristics and Outcomes 

The baseline characteristics of patients in the PARADIGM-HF and PARAGON-HF trials with 

proteomic data are shown in Table 1. PARADIGM-HF patients with available proteomic data 

(n=1,257) were younger (median 68 years vs 74 years), less likely female (19% vs 51.7%), less 

likely enrolled in western Europe (49% vs 29.5%), had greater anticoagulant use (45% vs 32.8%) 

and greater NT-proBNP (1492 vs 945 pg/mL) than the enrolled PARAGON-HF cohort. Ejection 



fraction (median 31.5% vs 30%) and eGFR (median 64 vs 60 ml/min/1.73m2) were similar. 

Rates of the primary endpoint, heart failure hospitalization or cardiovascular death, were higher 

in PARADIGM-HF (10.5 events per 100 patient-years) compared with PARAGON-HF (6.7 

events per 100 patient-years).  

 

Comparison of ML Model Performance on Internal and External Validation Sets 

Using PARADIGM-HF as a derivation set, we created 6 proteomic risk scores for the primary 

endpoint using Cox LASSO regression, XGBoost, random forest, SparseDeepHitPlus, XGBoost 

with feature selection, and random forest with feature selection. The optimized combination of 

the hyperparameter set for each model was found by random search (Supplemental Table 1). 

Discrimination C-statistics in PARADIGM-HF are shown in Figure 1, and the statistical 

significance of c-static differences compared to Cox LASSO are shown in Table 2. The Cox 

LASSO model had a c-statistic of 0.70. Without variable selection, the XGBoost (C-statistic 

0.66) and Random Forest (0.67) models demonstrated statistically inferior discrimination 

compared to Cox LASSO. The C-statistics were numerically higher for XGBoost with variable 

selection (0.72, P=0.07) and statistically significantly higher for the random forest with variable 

selection (0.72, P=0.01) compared to Cox LASSO. SparseDeepHitPlus demonstrated similar 

discrimination to Co LASSO.  

In the PARAGON-HF external validation, all the models showed reasonable 

generalizability to HFpEF patients, but none of the machine learning models provided a 

numerical improvement in C-statistic compared to Cox LASSO. XGBoost and random forest 

with variable selection showed similar discrimination to Cox LASSO (all C-statistics 0.67). 

Models without variable selection showed worse discrimination.  



 

Correlations of Proteomic Risk Scores between Models 

Correlations between the proteomic risk scores in the two trials are shown in Figure 2. In 

PARADIGM, the correlations between scores were high, ranging from 0.70 to 0.91. The highest 

correlation was between XGBoost and random forest both with feature selections. In 

PARAGON, the correlations between scores were lower (range: 0.42 to 0.80). The strongest 

correlations were between scores in which variables were defined by penalized regression: Cox 

LASSO and XGBoost and random forest with variable selection (range: 0.76-0.80).  

 

Feature Importance for Cox LASSO and Associated Pathways and Diseases 

The Cox LASSO model included 39 proteins with non-zero coefficients. The 20 top proteins are 

shown in Figure 3. PCDHGA10 (protocadherin gamma subfamily A, 10) was the most 

prognostic factor in the model, and CILP2 (cartilage intermediate layer protein 2) has the 

strongest negative association with the clinical outcome. Using the fold enrichment analysis tool, 

ShinyGO, we identified 14 associated pathways (FDR < 0.05) (Figure 4). Seven pathways had 

an FDR < 0.01, including hypertrophic, dilated, and diabetic cardiomyopathy, cardiac muscle 

contraction, hematopoietic cell lineage, JAK-STAT signaling pathway, and cytokine-cytokine 

receptor interaction. The associated protein names included in these pathways shown in 

Supplemental Table 2. A disease-gene association analysis using the STRING database 

identified that proteins related to chronic kidney disease and coronary heart disease were 

enriched within the set of proteins selected by the Cox LASSO model. (Figure 5). 

 

SHAP Value Analysis of the Best Performing Model 



As the best performing model was random forest with feature selection, we performed a SHAP 

Value analysis to understand the most influential proteins in this model (Figure 6). NPPB (B-

type natriuretic peptide) was the most influential factor in the model. CILP2 was the second most 

prognostic protein and the most negatively associated protein to the clinical outcome. The figure 

also illustrated how proteins in the random forest with feature selection model exerted their 

influence on predicting risks for a single patient. SVEP1 (Sushi, Von Willebrand Factor Type A, 

EGF And Pentraxin Domain Containing 1) and EPO had strong positive impacts on the risk 

prediction for some patients while to most of the patients, these two predictors were not as 

informative. 

 

Discussion 
 
In two clinical trials in heart failure with reduced ejection fraction and preserved ejection 

fraction, we leveraged a large-scale proteomic assay to build time-to-event prediction models 

with various contemporary ML algorithms and evaluated their discrimination. The purpose of 

this exercise was to evaluate the hypothesis that proteomic risk scores created using machine 

learning may be better than those using Cox LASSO penalized regression. We used a wide 

hyperparameter search space in order to ensure that the machine learning models were fully 

optimized. Overall, the machine learning models did not lead to a meaningful improvement in 

risk discrimination in the internal or external validation datasets, within the limitations of our 

sample size and clinical context. In the internal validation, random forest with feature selection 

provided slightly greater discrimination than Cox LASSO, but this difference was not clinically 

meaningful. For predicting heart failure events, proteomic data either may not have complex 

interactions between proteins or non-linear relationships, or these higher-level associations were 



not learned by the machine learning models at the available sample size. These data suggest that 

future studies creating proteomic risk scores for heart failure outcomes should focus on 

interpretable penalized regression models until a much greater sample size is available. 

 The nature of proteomic risk prediction may explain why we did not see large 

improvements in discrimination in this study.  The added value of machine learning compared to 

linear Cox regression approaches is in incorporating complex interactions between variables, or 

non-linear relationships between variables and outcomes. However, it is conceivable that the 

relationships between circulating proteins and outcomes are likely mostly linear, and not may not 

depend on complex interactions. Moreover, even if these interactions are present in biology, it 

may not have been possible to model them with our limited sample size. The machine learning 

models without feature selection performed poorly, perhaps because the number of features 

exceeded the available sample size.  

 One reason why the different models had similar discrimination is that the numerical 

proteomic risk scores were highly correlated. In the internal validation set, high correlations of 

greater than 0.7 indicate that the models found the same patients to be high risk. When the 

models were applied to PARAGON-HF, the correlation between Cox LASSO, XGBoost, and 

random forest was low, but became substantially higher with feature selection by Cox LASSO 

due to shared features.  

 Though we started with 5068 modified aptamers targeting 4076 unique proteins, the Cox 

LASSO model only selected 39 non-zero-coefficient proteins, which implied only a small 

fraction of proteins had independent prognostic value in our large feature pool. This observation 

also highlights a key limitation of proteomic risk scores: levels of many prognostic circulating 

proteins are correlated with one another, so including many proteins does not necessarily provide 



independent information.  It was reassuring to see the Cox LASSO model automatically selected 

many known biomarkers for heart failure. The protein with the greatest importance in the model, 

PCDHGA10 was not well studied. A similar protein in its family, PCDHGA3 was reported as a 

novel biomarker for decreased stroke volume and ventricular dysfunction. 22 The protein, CILP2 

recognized by both Cox LASSO and random forest with feature selection was described to be 

inversely associated with cardiac fibrosis. 23 Whether it could become a therapeutic target for 

heart failure remains unknown. 

We were also reassured that pathway and disease association analyses identifies clinically 

reasonable association. Through the pathway analysis, the pathways identified with the highest 

fold enrichment and the lowest FDR were multiple cardiomyopathy pathways and JAK-STAT 

cytokine pathways related to some known prognostic biomarkers for heart failure, such as 

erythropoietin and thrombopoietin. For the disease association analysis, the two diseases we 

ascertained with FDR < 0.05 were chronic kidney disease and coronary heart disease, consistent 

with the known role of these clinical factors in heart failure risk prediction. All these analyses 

explained the generalizability from the HFrEF-derived model to HFpEF patients, as these 

pathways and comorbidities are mostly common across the range of ejection fraction.  

Our results should be considered in the context of several limitations. The superiority of 

machine learning models tends to emerge in very large training datasets; the sample size of 

PARADIGM-HF may have been too small. However, PARADIGM-HF and PARAGON-HF 

represent two of the largest cohorts of HF patients with proteomic data available. The UK 

Biobank Pharma Proteomics Project (UKB-PPP) characterized the proteomics profiles of 1,463 

proteins for the 54,306 subjects. 24 Though the sample size was larger, it was hard to match 

another dataset with similar selected proteomics features to serve as an external validation 



dataset. We also noticed that the expression levels of the proteomics in UKB-PPP were partially 

influenced by COVID-19, which could lead to more complexity. Second, given the confidence 

intervals for the C-statistic estimates, we cannot exclude a modest improvement in 

discrimination with the machine learning models. However, our results suggest that the large 

improvements in discrimination (C-statistic increase >0.10) observed by others6 may be 

uncommon. Third, thresholds for heart failure hospitalization (the most common component of 

the primary endpoint) differ across different sites and countries. Variation in hospitalization due 

to these regional differences cannot be accounted for by proteomics. Fourth, the internal and 

external validation cohorts were HFrEF and HFpEF, which were traditionally considered as 

different subtypes of HF. An external validation with similar HFrEF population would increase 

our confidence for our findings. However, in the context of no meaningful improvement for the 

prediction in the internal validation, it was unlikely to see a significant improvement in a similar 

external validation. Our analysis implied the similarities between EF across different spectrum. 

   

Conclusion 

In conclusion, in patients with chronic heart failure, machine learning approaches did not 

significantly improve the discrimination of risk scores based on large-scale proteomic data. 

These data suggest that future studies creating proteomic risk scores for heart failure outcomes 

should focus on interpretable penalized regression models until a much greater sample size is 

available. Our results provided interpretability to the machine learning models, and identified 

proteins and their related pathways that contributed to prognosis across the ejection fraction in 

heart failure patients. 
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Table 1: Baseline Characteristics of Patients with Available Proteomic Data 

Characteristic 
PARADIGM-HF 

N = 1,257 
PARAGON 
N = 1,117 

Age (years) 68 (61, 74) 74 (68, 82) 
Female 233 (19%) 578 (51.7%) 
Race   
   Asian 4 (0.3%) 37 (3.3%) 
   Black 14 (1.1%) 15 (1.3%) 
   White 1,213 (96%) 1,035 (92.7%) 
   Other 26 (2.1%) 30 (2.7%) 
   Pacific Islander 0 (0%) 1 (<0.1%) 
Region   
   Asia/Pacific and Other 0 (0%) 106 (9.5%) 
   Central/Eastern Europe 584 (46%) 532 (47.6%) 
   Latin America (including Central 
America) 0 (0%) 13 (1.2%) 

   North America 56 (4.5%) 136 (12.2%) 
   Western Europe 617 (49%) 330 (29.5%) 
Diabetes mellitus 476 (38%) 466 (41.7%) 
Hypertension 963 (77%) 1072 (96%) 
Prior myocardial infarction 582 (46%) 237 (21.2%) 
Ischemic cardiomyopathy 813 (65%) 412 (36.9%) 
Prior stroke 137 (11%) 119 (10.7%) 
Atrial fibrillation 606 (48%) 359 (32.2%) 
NYHA functional class   
   I / II 857 (68%) 884 (79.2%) 
   III / IV 400 (32%) 233 (20.9%) 
Left Ventricular Ejection fraction (%) 31.5 (27.5, 35.0) 30.0 (25.0, 34.0) 
Medications at Baseline   
   Anticoagulant 560 (45%) 366 (32.8%) 
   ACEi / ARBi 1257 (100%) 993 (88.9%) 
   Diuretic 1,058 (84%) 1,082 (96.9%) 
   Beta-blocker 1,201 (96%) 919 (82.3%) 
Body mass index (kg/m²) 28.5 (25.4, 32.1) 30.7 (25.9, 35.5) 
Systolic blood pressure (mmHg) 130 (120, 142) 131 (116, 146) 
eGFR (mL/min/1.73m²) 64 (53, 77) 60 (52, 78) 
NT-proBNP (pg/mL) 1,492 (853, 2,935) 945 (506, 1,551) 



 
Values are n (%) for categorical variables or median (interquartile range) for continuous 
variables.  
ACEi, angiotensin-converting enzyme inhibitor; ARB, angiotensin-receptor blocker; eGFR, 
estimated glomerular filtration rate; NT-proBNP, N-terminal pro–B-type natriuretic peptide; 
NYHA, New York Heart Association  
  



Table 2: Differences in Discrimination of Machine Learning Proteomic Risk Scores 
Compared to the Cox LASSO Model 
 
PARADIGM-HF (Internal Validation) 

 Difference P-value 95% CI 
XGB -0.04 <0.01 (-0.06, -0.01) 
RF -0.03 0.01 (-0.06, -0.01) 

XGB+ 0.02 0.07 (-0.00, 0.03) 
RF+ 0.02 0.01 (0.01, 0.04) 

 
PARAGON-HF (External Validation) 

 Difference P-value 95% CI 
XGB -0.04 0.06 (-0.06, -0.01) 
RF -0.05 0.02 (-0.06, -0.01) 

XGB+ -0.01 0.64 (-0.00, 0.03) 
RF+ 0.00 0.96 (-0.01, 0.04) 

 
Differences in discrimination of machine learning proteomic risk scores compared to the Cox 
LASSO model, p-values and 95% confident intervals were calculated using Somer’s D method. 
XGB: XGBoost; RF: random forest; XGB+: XGBoost w/ feature selection; RF+: random forest 
w/ feature selection; CI: confidence interval. 
 
 
  



 
Figure 1: Time-to-Event Prediction Discrimination by Proteomic Risk Scores  
 

 
 
Risk discrimination was evaluated in the internal validation, PARADIGM-HF, using a 5-fold 
cross-validation method to avoid overfitting, and in the external validation, PARAGON-HF. 
HFrEF, heart failure with reduced ejection fraction; HFpEF, heart failure with preserved ejection 
fraction. 
 
  



Figure 2: Correlations between the Proteomic Risk Scores of Different ML Models 
 
 

 
  
The graphs show the correlations between the proteomic risk scores of ML models with deeper 
red color denoting stronger positive correlations. LASSO: Cox LASSO; XGB: XGBoost; RF: 
random forest; XGB+: XGBoost w/ feature selection; RF+: random forest w/ feature selection.  



Figure 3: Feature Importance of the Top 20 Biomarkers in Cox LASSO Proteomic Risk 
Score for Time to First HFH or CV Death in PARADIGM-HF 
 

 
Feature importance was analyzed in the Cox LASSO 5-fold cross-validation in PARAGON-HF. 
Proteins with top 20 coefficients in the proteomic risk scores are demonstrated in the graph. 
  



Figure 4: Pathway Analysis of the Features Selected by the Cox LASSO Model 
 

 
 
 
Using ShinyGO (version 0.77) and the GO Ontology database, 14 pathways were presented in 
the set of select proteins by Cox LASSO associated with the primary endpoint in PARADIGM-
HF with a FDR threshold, 0.05. 
  



Figure 5: Disease Association Analysis of the Proteins Identified by Cox LASSO Regression 
Model. 

 
 
Functional enrichment analysis with the String database (version 11.5) was performed on the 
selected proteins associated with CV death and HFH by Cox LASSO analysis. Multiple testing 
was corrected for using the Bonferroni method. The genes show functional changes in two 
identified diseases, chronic kidney disease and coronary artery disease. TNNI3: troponin I3, 
cardiac type; REN: renin; EDN1: endothelin 1; EPO: erythropoietin; FGF23: fibroblast growth 
factor 23. 
 
 
  



Figure 6: SHAP Value Analysis of the Best Performing Model 
 

 
The graph (beeswarm plot) shows the descending order of importance for the features used in 
developing the model on the y-axis and the change in prediction on the x-axis. The gradient color 
indicates the original value of the protein feature with each point representing a participant from 
PARAGON-HF. Higher SHAP values suggest a greater impact on the predicted risk by the 
model. SHAP=Shapley additive explanations. 
 
 
  



Supplemental Table 1: Optimized Hyperparameter Sets for Machine Learning Models 
 

 Hyperparameter Space 

(Lower; Upper) 

Best Hyperparameter Combination 

LASSO Cox 'alpha_min_ratio': (0, 1) alpha_min_ratio=0.3 

XGBoost loss: {'coxph', 'squared', 'ipcwls'}, 

'max_depth':(2, 5), 

'learning_rate':(0.1, 0.99),  

'n_estimators':(30, 500),  

'dropout_rate': (0.01, 0.5),  

'subsample': (0.7, 1) 

loss='coxph', 

n_estimators=65, 

learning_rate=0.515, 

max_depth=2, 

dropout_rate=0.144,  

subsample=0.97 

Random Forest 'max_features': {'sqrt', 'log2', ‘auto’}, 

'min_samples_split':(2, 8), 

'n_estimators':(30, 300),  

'min_samples_leaf': (2, 5) 

n_estimators=200,  

min_samples_split=7,  

min_samples_leaf=5,  

max_features= "log2" 

SparseDeepHitPlus 'alpha': [0.1, 0.5, 1.0, 3.0, 5.0], 

'beta': [0.1, 0.5, 1.0, 3.0, 5.0], 

'sigma1': [0.1], 

'mb_size': [50, 100], 

'keep_prob': [0.4, 0.6],  

'lr_train': [1e-4],  

'h_dim_shared': [50, 100, 200, 300], 

'num_layers_shared': [1, 2, 3, 4, 5], 

alpha=1, 

beta=3, 

sigma1=0.1, 

mb_size=50, 

keep_prob=0.6, 

lr_train=1e-4,  

h_dim_shared=50, 

num_layers_shared= 2, 



'h_dim_FC': [50, 100, 200, 300], 

'num_layers_FC': [1, 2, 3],  

‘features’=‘sparse’ 

h_dim_FC =50, 

num_layers_FC=1,  

features=‘sparse’ 

XGBoost w/ 

Feature Selection 

loss: {'coxph', 'squared', 'ipcwls'}, 

'max_depth':(2, 5), 

'learning_rate':(0.1, 0.99),  

'n_estimators':(30, 500),  

'dropout_rate': (0.01, 0.5),  

'subsample': (0.7, 1) 

loss='coxph', 

n_estimators=92, 

learning_rate=0.484, 

max_depth=3, 

dropout_rate=0.015,  

subsample=0.87 

Random Forest w/ 

Feature Selection 

'max_features': {'sqrt', 'log2', ‘auto’}, 

'min_samples_split':(2, 8), 

'n_estimators':(30, 300),  

'min_samples_leaf': (2, 5) 

n_estimators=200,  

min_samples_split=7,  

min_samples_leaf=5,  

max_features= "log2" 

The table shows the searching space when we optimize hyperparameters for each model during 
the cross-validation in PARADIGM-HF. The optimized hyperparameters after the random search 
are demonstrated on the right. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Supplemental Table 2: Top Identified Pathways and the Proteins 

 
The table illustrates the detailed proteins (with gene names) that identified the pathway by GO 
Ontology fold enrichment analysis. 
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Abstract 

Background: We previously showed that a proteomic risk score developed using penalized Cox 

regression improved discrimination compared to clinical parameters or individual biomarkers in 

chronic HF with reduced ejection fraction (HFrEF). Whether a proteomic risk score specifically 

developed for patients with heart failure with preserved ejection fraction (HFpEF) would 

improve cardiovascular outcome prediction in this population remains unknown. 

Purpose: To evaluate the performance of a HFpEF-specific proteomic risk score derived using 

Cox LASSO regression compared to other clinical and biomarker risk models. To identify the 

most influential prognostic proteins for HF hospitalization (HFH) and cardiovascular (CV) death 

in patients with HFpEF. 

Methods: Using a modified aptamer proteomic assay, we measured serum levels of 4123 unique 

proteins in 1117 patients with HFpEF enrolled in the PARAGON-HF trial. A proteomic 

predictive model was built by Cox LASSO and compared to other risk models using leave-one-

out cross-validation to avoid overfitting. As a sensitivity analysis to exclude any possibility of 

deriving and evaluating the score on the same patients, we randomly split the PARAGON-HF 

sample into a derivation cohort (67%) and a held-out validation cohort (33%), and derived and 

internally validated a similar proteomic score. Proteins with non-zero coefficients in the model 

were analyzed and compared to those identified by a univariate regression model.  

Results: The proteomic risk score derived in HFpEF patients was not superior to a previous 

proteomic score derived in HFrEF nor to clinical risk factors, NT-proBNP, or high-sensitivity 

cardiac troponin. In a sensitivity analysis, proteomic score discrimination was similar with fixed 

derivation and validation sets. GDF15 (growth differentiation factor 15) and REG1A 

(regenerating family member 1 alpha) were the top two proteins associated with the elevated risk 



of HFH and CV death in the proteomic risk predictive model. AHSG (alpha-2-HS-glycoprotein, 

also known as fetuin-A) was the most prominent protein associated with decreased risk of the 

clinical outcome in the model. 

Conclusions: The proteomic risk predictive model did not meaningfully improve risk prediction 

compared to previous models based on clinical factors or commonly used biomarkers. REG1A 

and fetuin-A were identified as biomarkers associated with risks of HFH and CV death in 

HFpEF patients.   



Introduction 

Heart failure with preserved ejection fraction (HFpEF) is common, rising in prevalence, and 

associated with high morbidity and mortality.1–3 Risk stratification in HFpEF patients can be 

useful for patients and healthcare providers in making decisions regarding the management of 

the disease. Patients identified as having a higher risk of future events may require more frequent 

follow-up appointments, closer monitoring, and more aggressive treatment plans. A better 

understanding of the factors that change the risk of cardiovascular events in HFpEF could help 

identify patients who may obtain greater absolute benefits from more intensive interventions. 

Large scale proteomic assays measuring thousands of proteins at once offer the potential 

to improve risk prediction by measuring many different biological processes. In patients with 

heart failure with reduced ejection fraction (HFrEF), we developed a proteomic risk score which 

improved discrimination of future heart failure hospitalization or cardiovascular death compared 

to clinical scores and individual biomarkers. 4 However, the pathophysiology of HFpEF is 

different than HFrEF, and therefore the optimal set and weighting of protein biomarkers maybe 

different. 5 In this post hoc analysis, we derived and evaluated the performance of an HFpEF-

specific proteomic risk score to predict the time-to-clinical outcomes in a sub-study of 1117 

HFpEF patients in the PARAGON-HF trial and analyzed the proteins in the proteomic risk 

predictive model.  

 

 
Methods 

Patient Population 

The PARAGON-HF trial was a global, multi-center, randomized clinical trial comparing 

sacubitril/valsartan and valsartan (1:1) in 4796 patients with chronic heart failure, left ventricular 



ejection fraction (LVEF) ³45%, and elevated NT-proBNP levels. The design and primary results 

of PARAGON-HF have been reported previously.6,7 Key inclusion criteria included New York 

Heart Association (NYHA) functional class II-IV symptoms, either left ventricular hypertrophy 

or left atrial enlargement by echocardiography, and diuretic use for at least 30 days. Only 

patients who tolerated sequential valsartan and sacubitril/valsartan run-in periods were 

randomized and included in the protein-outcome analyses. Sacubitril/valsartan was associated 

with a 13% lower rate of the primary endpoint, total (first and recurrent) HFH and CV death, 

which did not reach statistical significance compared to valsartan alone (rate ratio [RR] 0.87 

[95% confidence interval (CI) 0.75-1.01], p=0.06). The primary outcome endpoints were 

adjudicated by a central clinical events committee. This analysis focused on time to first HFH or 

CV death, because there is no statistical method for assessing risk discrimination that 

incorporates recurrent event endpoints.  

 

Measurements of Circulating Proteins 

Serum samples for proteomic assays were available for 1117 patients in PARAGON-HF at the 

pre-specified baseline time point (prior to start of valsartan run-in period). Samples were stored 

at -80°C and analyzed centrally in a single batch. The SomaScan version 3 proteomic assay was 

performed at SomaLogic Inc. (Boulder, US) to quantify levels of 4828 signal SOMAmers (slow 

off-rate modified aptamers) targeting 4123 unique circulating proteins in these serum samples.8–

10 Modified aptamers are DNA oligonucleotides which have been selected to bind specific 

proteins with high affinity.11 SOMAmer levels were standardized at SomaLogic Inc. (Boulder, 

US) including hybridization normalization (controls for variability in the readout of individual 

microarrays), plate scaling (accounts for plate-by-plate variation), median signal normalization 



(controls for total signal differences between individual samples) and calibration (removes the 

variation between assay runs within and across experiments using calibrator samples). Median 

intra-assay and inter-assay coefficients of variation are <6%.12 Relative fluorescence units were 

transformed to log2 scale, normalized to the median separately by dilution level across all plates, 

and standardized (mean = 0 and standard deviation [SD] = 1). No samples were removed for 

poor data quality.  

 

Statistical Analysis 

Baseline characteristics of patients with and without available proteomic data were described 

using number and proportion for categorical variables, mean and SD for normally distributed 

continuous variables, and median and interquartile range for skewed continuous variables.  

 We derived a proteomic risk score in PARAGON-HF using Cox LASSO regression and 

compared its discriminating power for the risk of first HFH or CV death endpoint to existing 

clinical, immunoassay, and proteomic risk prediction models. To avoid overestimating 

discrimination by evaluating the score on the same patients on which it was derived, we 

performed a leave-one-out cross-validation: the PARAGON-HF cohort was split into a testing 

set with one patient and a training set including all other patients. The Cox LASSO model was 

derived in the training set and used to calculate a score for the single patient in the test set. This 

procedure was then repeated for each patient as the test set, such that each patient’s proteomic 

score was derived from the remaining patients. These proteomic scores were then compared to 

five external risk models also evaluated in PARAGON-HF including: the Meta-analysis Global 

Group in Chronic Heart Failure (MAGGIC) clinical risk score (which predicts all-cause 

mortality in HFrEF and HFpEF),13 NT-proBNP measured by immunoassay (pg/ml), high-



sensitivity cardiac troponin T measured by immunoassay (ng/L), a linear combination of 

MAGGIC, circulating levels of NT-proBNP and high sensitivity cardiac troponin T, and a 

previously published 64-protein risk score derived to predict time to first HFH or CV death from 

SomaScan data in the ATMOSPHERE trial of chronic HFrEF.14–16 Discrimination was assessed 

by Harrell’s C-statistic and the 95% confidence intervals for C-statistics, C-statistic differences, 

and p-values for differences in C-statistics, which were estimated by Somer’s D method.  

For a sensitivity analysis, PARAGON-HF patients were randomly partitioned into a 

derivation cohort (67%) and a held-out validation cohort (33%). we conducted the leave-one-out 

cross-validation in our derivation cohort and evaluate the model performance on both the 

derivation and the validation cohort. The sensitivity analysis serves to ensure the robustness of 

our HFpEF-derived proteomic model in a dataset that was held-out of any model training. This 

step was necessary because no external validation set is available that includes HFpEF patients 

with proteomic data and clinical outcomes.  

 We then analyzed the feature importance in the leave-one-out cross-validation of the Cox 

LASSO model. The non-zero coefficients for the Cox LASSO model with the best-performing 

penalty hyperparameter would reflect the importance of the proteins. We evaluated associations 

between individual serum protein levels and risk of the primary endpoint, the occurrence, and 

timing of total HFH and CV death, with recurrent event regression models using the semi-

parametric proportional rates method of Lin et al.,17 which was pre-specified for the primary 

outcome in PARAGON-HF.  The proteins selected by the Cox LASSO model were compared to 

the top proteins associated with greater or lower risk of HFH/CV death in HFpEF.  

 Informed consent was obtained from all patients in PARAGON-HF. The study protocol 

was approved by local institutional review boards and ethics committees. Analyses were 



conducted in Python v3.8.12 and STATA v.16.  

 

 
Results 

Baseline Characteristics and Outcomes 

Baseline characteristics of patients in PARAGON-HF with or without baseline proteomic data 

are shown in Table 1. Patients with proteomic data were slightly older, more likely White race, 

less likely to have been enrolled in Asia or Latin America, and had slightly lower eGFR. Patients 

with proteomic data experienced 335 instances of the primary endpoint, total HFH or CV death, 

over a mean follow-up of 2.7 years. The primary endpoint event rate was lower in patients with 

proteomic data compared to those without (11.0 vs. 14.5 events per 100 patient-years, p=0.02).  

 

Comparison of the Performance of Clinical and Proteomic Risk Scores 

A proteomic risk score for the time to first HFH or CV death was developed in PARAGON-HF 

and assessed using a leave-one-out cross-validation to prevent overfitting. In the HFpEF test set, 

discrimination of the HFpEF-derived PARAGON-HF proteomic score (C-statistic 0.66 [95% CI 

0.62-0.70]) was similar to that of the HFrEF-derived ATMOSPHERE proteomic score (c-

statistic 0.67 [95% CI 0.63-0.71], p=0.8 for difference between C-statistics). The HFpEF-derived 

PARAGON-HF proteomic score provided only modestly higher discrimination than the 

MAGGIC clinical risk score (C-statistic 0.61 [95% CI 0.57-0.65], p=0.03 vs. PARAGON-HF 

proteomic score) and no significant improvement as compared to log-transformed NT-proBNP 

alone (C-statistic 0.62 [95% CI 0.58-0.66], p=0.06 vs. PARAGON-HF score) or high-sensitivity 

cardiac troponin T alone (C-statistic 0.65 [95% CI 0.61-0.71], p=0.8 vs. PARAGON-HF score) 

(Figure 1). 



 

Sensitivity Analysis for PARAGON-HF Proteomic Model 

In the PARAGON-HF derivation cohort (67%) and the held-out validation cohort (33%), the 

discrimination of the HFpEF-derived PARAGON-HF proteomic score were C-statistic 0.67 

[95% CI 0.62-0.71] and 0.63 [95% CI 0.59-0.68] (Table 2), which was not significantly different 

from that derived from the whole PARAGON-HF dataset (C-statistic 0.66 [95% CI 0.62-0.70]). 

 

Prognostic Proteins of the Proteomic Risk Scores 

11 proteins with non-zero coefficients were selected by the Cox LASSO model (Figure 2). 

Three proteins, GDF15, REG1A, and fetuin-A showed the strongest independent predictive roles 

in the proteomic risk scores. The top 10 proteins associated with greater or lower risk of 

HFH/CV death in HFpEF with univariate regression analysis were shown (Table 3). REG1A 

was among the top 10 proteins associated with increased risk. 

 

 

Discussion 

Despite enthusiasm for improved risk prediction in HFpEF with combinations of multiple 

proteins, a new proteomic risk score derived in HFpEF patients was not meaningfully superior to 

clinical risk factors, circulating levels of NT-proBNP, or high-sensitivity cardiac troponin. The 

internally derived HFpEF proteomic risk score did not outperform an externally derived HFrEF 

proteomic risk score in the PARAGON-HF HFpEF population. These results indicate substantial 

overlap between the circulating proteins that predict heart failure events in patients with HFrEF 

and HFpEF. Future heart failure proteomic risk scores may generalize well to patients across the 



ejection fraction spectrum. This work also illustrates the value of leave-one-out cross-validation 

for generating accurate assessment of proteomic risk scores when no external dataset is available.  

There has been substantial excitement that combining information from thousands of 

protein levels rather than one or two would improve clinical risk prediction. Despite this 

potential, we observe only small improvements in discrimination with multi-protein risk scores 

that are marginally statistically significant and would be unlikely to meaningfully impact clinical 

care. Our data do not support a role for proteomic risk scores in the clinical care of HFpEF 

patients at this time. The strong prognostic value of NT-proBNP and troponin, together with the 

collinearity of proteomic measurements, may explain marginal improvement with inclusion of 

more proteins.  

Compared to traditional biomarker immunoassays, large-scale proteomic assays offer the 

ability to characterize associations between many proteins and clinical outcomes, and they may 

identify new associations using an unbiased hypothesis-free approach. Reassuringly, we 

reproduced a known biomarker of HF prognosis, GDF15, to be the most influential protein in our 

predictive model. REG1A was among the strongest predictors of clinical cardiovascular 

outcomes in HFpEF based on univariate analysis and Cox LASSO feature selection. Previous 

studies demonstrated REG1A was significantly associated with CV death and all-cause mortality 

and was significantly different between sex in Framingham Heart Study18, 19. REG1A has not 

been previously identified as an HFpEF prognosis marker. The mechanism linking circulating 

REG1A and HFpEF outcomes merits further investigation. Fetuin-A, a glycoprotein expressed 

and secreted from the liver and adipose tissue20, emerged as the strongest biomarker inversely 

correlated to CV death and HFH in the model.  In previous studies, fetuin-A has been described 

to be associated inversely with vascular calcification21, and a potential discriminator for distinct 



types of chronic heart failure, ischemic cardiomyopathy and dilated cardiomyopathy22. 

 From a methodological perspective, this work highlights the value of leave-one-out cross-

validation to provide a trustworthy estimate of the actual performance of a prediction model on 

future data, when available sample sizes are modest, and no external validation set is available. 23 

We did perform a sensitivity analysis with a fixed derivation and validation set which yielded 

consistent results. Further exploration on machine learning models, such as random forest, 

XGBoost, and DeepHit did not show a trend to meaningfully improve the discrimination. We 

should notice that even though LOOCV and sensitivity analysis are useful tools for assessing 

model performance and addressing potential sources of bias and overfitting, an external 

validation remains desirable to provides a more objective assessment of the model's 

generalizability and ability to perform well on unseen data. 

The results of our study should be considered in the context of several limitations. The 

SomaScan v3 platform contains a wide spectrum of over 4,000 circulating proteins. However, 

this only captures a modest proportion of all human proteins, protein isoforms, and protein 

modifications. In addition, tissue-specific and non-circulating differences may provide more 

disease-specific findings. Therefore, more extensive profiling may elucidate additional insights. 

The SomaScan platform has not been validated for all proteins. However, the protein quantitative 

trait loci identified for many of the proteins, including SVEP1, strongly support aptamer 

specificity.24 The selection bias of the subgroup with proteomics may limit the generalizability of 

our model, and the potential to discover the treatment effect on proteomics. Strict inclusion 

criteria of clinical trial populations may have homogenized protein levels, biasing results toward 

the null. However, our analysis represents the largest sample of HF patients with large-scale 

proteomics and clinical outcome data currently available. For the feature selection in the 



proteomics risk scores, the LASSO penalty chose randomly one feature from this group when 

data contained a group of highly correlated features. Thus, further investigation into the 

pathophysiology mechanism of these selected proteins is warranted. Other methodological 

strengths of our study include rigorous inclusion criteria defining HFpEF, centrally adjudicated 

clinical outcomes, and performance of the SomaScan assay in a single batch for all PARAGON-

HF participants.  

 

Conclusion 

In this large-scale proteomic investigation, a HFpEF-specific proteomic risk score did not 

meaningfully improve risk prediction compared to clinical factors, commonly measured 

biomarkers, or a proteomic score derived in patients with HFpEF. This approach reproduced 

known associations, such as GDF15, and identified novel biomarkers including REG1A and 

fetuin-A. These results indicate substantial overlap between the circulating proteins that predict 

heart failure events in patients with HFrEF and HFpEF. Future heart failure proteomic risk 

scores may generalize well to patients across the ejection fraction spectrum.   
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Table 1: Baseline Characteristics of PARAGON-HF participants with and without 
Proteomic Data 

 
Available Proteomic 

Data No Proteomic Data P-Value 
n n=1117  n=3679  
Age, years 73.5 ± 8.0 72.5 ± 8.5 <0.001 
Female sex 578 (51.7%) 1901 (51.7%) 0.97 
Race   <0.001 
  White 1035 (92.7%)  2872 (78.1%)  
  Asian 37 (3.3 %)  570 (15.5%)  
  Black 15 (1.3 %)  87 (2.4 %)  
  Other 30 (2.7 %)  150 (4.1 %)  
Region   <0.001 
  Asia/Pacific and other 106 (9.5 %)  656 (17.8%)  
  Central Europe 532 (47.6%)  1183 (32.2%)  
  Latin America 13 (1.2 %)  357 (9.7 %)  
  North America 136 (12.2%)  423 (11.5%)  
  Western Europe 330 (29.5%)  1060 (28.8%)  
Diabetes 466 (41.7%) 1596 (43.4%) 0.33 
Stroke 119 (10.7%) 389 (10.6%) 0.92 
Hypertension 1072 (96.0%) 3512 (95.5%) 0.47 
Prior MI 237 (21.2%) 846 (23.0%) 0.21 
Ischemic Etiology 412 (36.9%) 1311 (35.6%) 0.45 
Atrial Fibrillation/Flutter 359 (32.2%) 1193 (32.6%) 0.83 
Prior HF Hospitalization 402 (36.0%) 1904 (51.8%) <0.001 
NYHA Functional Class   0.17 
  I or II 884 (79.2%)  2959 (80.4%)  
  III or IV 233 (20.9%)  718 (19.5%)  
Medications    
  ACEi/ARB 993 (88.9%) 3146 (85.5%) 0.004 
  MRA 272 (24.4%) 967 (26.3%) 0.2 
  Diuretic 1082 (96.9%) 3503 (95.2%) 0.018 
  Beta blocker 919 (82.3%) 2902 (78.9%) 0.014 
  Anticoagulant 366 (32.8%) 1177 (32.0%) 0.63 
Systolic BP, mm Hg 130.8 ± 15.3 130.5 ± 15.5 0.5 
Diastolic BP, mm Hg 74.5 ± 10.3 74.3 ± 10.6 0.59 
BMI, kg/m2 30.7 ± 4.8 30.1 ± 5.0 <0.001 
LVEF, % 57.3 ± 7.5 57.6 ± 8.0 0.18 
Potassium, mmol/L 4.5  ± 0.4 4.5 ± 0.5 0.76 



eGFR, mL/min/1.73m2 60.2 ± 17.9 63.3 ± 19.4 <0.001 
NT-proBNP, pg/ml 945 [506, 1551] 892 [452, 1643] 0.19 
hs-TNT, ng/L 17 [11 , 26] 24 [11 , 37] 0.045 

 
Values are n (%) for categorical variables or median (interquartile range) for continuous 
variables.  
ACEi, angiotensin-converting enzyme inhibitor; ARB, angiotensin-receptor blocker; eGFR, 
estimated glomerular filtration rate; NT-proBNP, N-terminal pro–B-type natriuretic peptide; 
NYHA, New York Heart Association  
  



Table 2: Sensitivity Analysis: Discrimination of HFpEF Proteomic Model in Fixed Split 
Derivation and Validation Cohorts 
 

 Number of Patients Number of Events C-statistic 95% CI 
Derivation cohort  748 (67%) 125 0.67 0.62-0.71 
Validation cohort  369 (33%) 66 0.63 0.59-0.68 

 
 
PARAGON-HF was randomly partitioned into a derivation cohort (67%) and a held-out 
validation cohort (33%) for sensitivity analysis. CI: confidence interval.  



Table 3: Top 10 Proteins Associated with Greater or Lower Risk of HFH/CV Death in 
HFpEF 

A. Proteins Associated with Greater Risk of HFH/CV Death in HFpEF 
Protein 
Symbol Protein Name Rate Ratio 

(95% CI) P-Value 

B2M Beta-2-microglobulin 1.74 (1.45-2.10) 3.9x10-9 
TIMP1 Metalloproteinase inhibitor 1 1.49 (1.30-1.70) 6.5x10-9 

SVEP1 
Sushi, von Willebrand factor type A, 

EGF and pentraxin domain-containing 
protein 1 

1.46 (1.28-1.67) 1.3x10-8 

CLSTN3 Calsyntenin-3 1.47 (1.29-1.68) 1.5x10-8 

EFEMP1 EGF-containing fibulin-like 
extracellular matrix protein 1 1.36 (1.22-1.52) 3.0x10-8 

TFF3 Trefoil factor 3 1.37 (1.22-1.53) 4.0x10-8 
TFF2 Trefoil factor 2 1.51 (1.30-1.75) 6.3x10-8 

REG1A Lithostathine-1-alpha 1.49 (1.29-1.73) 7.0x10-8 
SPON1 Spondin-1 1.48 (1.28-1.71) 1.2x10-7 
GAS1 Growth arrest-specific protein 1 1.49 (1.28-1.73) 2.0x10-7 

 
B. Proteins Associated with Lower Risk of HFH/CV Death in HFpEF 

SERPINA4 Kallistatin 0.73 (0.66-0.81) 1.1x10-9 
AFM Afamin 0.65 (0.56-0.77) 2.2x10-7 
GHR Growth hormone receptor 0.68 (0.59-0.8) 9.4x10-7 
APOE Apolipoprotein E (isoform E4) 0.70 (0.60-0.81) 4.0x10-6 
CILP2 Cartilage intermediate layer protein 2 0.64 (0.52-0.78) 1.4x10-5 
AHSP Alpha-hemoglobin-stabilizing protein 0.72 (0.63-0.84) 1.4x10-5 
CDH3 Cadherin-3 0.69 (0.58-0.82) 3.2x10-5 

CPT1B Carnitine O-palmitoyltransferase 1, 
muscle isoform 0.67 (0.56-0.81) 3.4x10-5 

CLEC4M C-type lectin domain family 4 
member M 0.71 (0.61-0.84) 3.7x10-5 

CLEC3B Tetranectin 0.67 (0.56-0.81) 4.0x10-5 
 
The 10 proteins most strongly associated with greater risk and with lower risk of heart failure 
hospitalizations or cardiovascular death in PARAGON-HF, adjusted for age, sex, treatment, and 
anticoagulant use. Only associations that remained statistically significant at false discovery rate 
<0.05 after removal of outlier values >5 standard deviations from the mean were considered 
significant.  
 
  



Figure 1: Risk Discrimination of Clinical, Biomarker, and Proteomic Risk Scores for Time 
to First HFH or CV Death in PARAGON-HF 
 

 
  
Risk discrimination was evaluated in PARAGON-HF. The PARAGON-HF HFpEF proteomic 
risk score was derived and evaluated in PARAGON-HF using a leave-one-out cross-validation 
method to avoid overfitting. P-values evaluate the null hypothesis that each C-statistic is 
significantly different from the C-statistic for the PARAGON-HF HFpEF proteomic score. 
HFpEF, heart failure with preserved ejection fraction; HFrEF, heart failure with preserved 
ejection fraction; hs-cTNT, high-sensitivity cardiac troponin T; MAGGIC, Meta-Analysis Global 
Group in Chronic Heart Failure; NT-proBNP, N-terminal pro-B-type natriuretic peptide.   
  



Figure 2: Feature importance of the Biomarkers in Proteomic Risk Scores for Time to First 
HFH or CV Death in PARAGON-HF 
 

 
Feature importance was analyzed in the Cox LASSO leave-one-out cross-validation in 
PARAGON-HF. Proteins with non-zero coefficients in the proteomic risk scores are 
demonstrated in the graph. Negative coefficients indicate an inverse association with risk for 
outcomes (i.e. higher values are associated with lower risk).  
  



Summary of Results and Conclusions 

This work has three main objectives. First, building proteomic predictive models from 

HFrEF using different machine learning techniques and making unbiased evaluations in both 

HFrEF and HFpEF. Second, with the knowledge that Cox LASSO regression remains to be the 

most interpretable model with a robust performance, we aimed to test the performance of Cox 

LASSO regression model specifically developed in HFpEF compared to other clinical risk 

models. Third, the common goal is to determine which proteins have the greatest influence in 

the high performing models. 

In the first project, our key finding was that contemporary machine learning algorithms 

did not provide a clinically meaningful improvement in risk discrimination in HFrEF or HFpEF. 

In our second project, the proteomic risk score derived HFpEF patients using Cox LASSO did 

not demonstrate better performance in HFpEF patients than a prior HFrEF-derived proteomic 

score or clinical risk factors such as NT-proBNP or high-sensitivity cardiac troponin. In both of 

our studies, we confirmed known heart failure biomarkers, and identified potential novel 

biomarkers, such as PCDHGA10, REG1A and fetuin-A, that were most prognostic in the 

predictive model. 

  



Discussion and perspectives 

Overall, the two studies highlight the potential of proteomic data in developing predictive 

models and discovering biomarkers for HF outcomes. Our studies indicated HFrEF and HFpEF 

shared some similar prognostic factors in protein levels and gave us some clues which could be 

the most influential proteins. However, the results suggest that the use of more sophisticated ML 

approaches for large-scale proteomic data may not provide clinically meaningful improvements 

in predicting HF outcomes compared to penalized Cox regression models, and Cox LASSO with 

proteomic data may not necessarily outperform other risk models using common clinical factors. 

It is reassuring that the high performing models included known heart failure biomarkers and 

biological pathways.  

There could be several reasons that we did not observe a notable superiority in our 

proteomic risk scores. First, it is possible that the limited sample sizes used in these studies may 

affect the power of the analysis and the ability to detect meaningful differences between the 

different models. ML approaches often require large amounts of data to optimize the models and 

achieve high predictive accuracy. Second, the complexity of the proteomic data may make it 

difficult to identify the most relevant features and optimize the ML models. Third, levels many 

prognostic circulating proteins are correlated. The inclusion of many proteins does not 

necessarily provide independent information for prediction. The use of feature selection methods 

and other techniques to reduce the dimensionality of the data did help to mitigate this issue, but it 

is possible that important features were missed.  

Even though PARADIGM-HF and PARAGON-HF represent two of the largest cohorts 

of HF patients with proteomic data available, the proteomic features are still much greater than 

the patient counts. The sparsity of the data further impaired the models' ability to find 



meaningful patterns or relationships between the features and the outcomes. In our exploration, 

each model we built only involved a small number of features with non-zero importance 

comparing to the initial large pool of proteomics, which indicated only a few proteins in the 

proteomic data were independently informative, while most of the proteins were correlated or 

irrelevant.  

In the absence of large improvement from machine learning approaches, our work 

supports the use of interpretable Cox LASSO regression models and clinical risk factors. Those 

are based on fewer assumptions and well-established risk factors that have been extensively 

studied and validated and may still provide similarly predictive information for HF outcomes. 

There are several steps that can be considered for future directions. Larger sample sizes 

and a wider range of patient populations may provide more definitive conclusions regarding the 

clinical utility of these models. Integration of proteomic data with other clinical data, such as 

imaging and genetic data, may also improve the predictive accuracy of HF outcome models. 

Further investigation of the novel biomarkers identified in the studies could help to elucidate 

their potential role in the pathophysiology of HF and discover new therapeutic targets. 
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