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Gut Microbiome-Augmented Models for Heart
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Abstract

Background: Conventional Heart-Failure (HF) risk scores use limited clinical
variables and show moderate accuracy. We tested whether gut-microbiome signatures
improve long-term HF survival prediction in a population-based Finnish cohort.

Methods: We analyzed FINRISK 2002 participants free of HF at baseline (n = 5,212;
training 3,471; test 1,741; median follow-up 13.8 years). Microbiome profiles were
prevalence-abundance filtered (= 30% prevalence; = 0.01% relative abundance), centered
log-ratio transformed, and reduced to 125 core taxa. We trained penalized Cox (elastic
net), Random Survival Forests (RSF), and DeepSurv neural network under two feature
sets: nine-clinical covariates alone versus clinical + microbiome. Feature selection was
performed using elastic net and RSF. Discrimination was assessed with Harrell's C-index
on a test set, and model comparisons were tested for significance.

Results: Microbiome-enhanced models achieved test-set C-indices of 0.7225
(elastic net), 0.7231 (RSF), and 0.7211 (DeepSurv), modestly exceeding the Cox baseline
model (0.7110). The elastic-net model selected 14 predictors, including age, prevalent
coronary heart disease, and multiple microbial taxa. Absolute gains were modest yet
statistically significant across algorithms.

Conclusion: In a population-based cohort with long follow-up, incorporating gut
microbiome taxa with routine clinical variables produced modest but consistent
improvements in HF survival prediction. Microbiome-informed models may enhance
early risk stratification and support personalized prevention in cardiovascular care.

Introduction

Cardiovascular Disease (CVD) continues to be aformidable global health
challenge, remaining the leading cause of mortality worldwide [1]. Heart
Failure (HF) is a complex and multifactorial cardiovascular condition that
imposes a significant burden on patients and healthcare systems. It is
characterized by the heart’s inability to pump sufficient blood to meet the
body’s needs, leading to symptoms such as shortness of breath, fatigue,
and fluid retention.

HF has reached pandemic proportions, affecting an estimated 64
million people worldwide and steadily rising in parallel with ageing
populations, obesity, and diabetes [2]. In the United States, prevalence
is projected to rise from 6.7 million today to approximately 8.5 million
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by 2030 as populations age and cardiometabolic
comorbidities become more common [3]. Although
therapeutic options have expanded, long-term
outcomes remain dismal: Contemporary cohorts
report a five-year all-cause mortality of roughly 50—
60% and a median survival of only three years after
diagnosis [4]. The economic toll is enormous-an up-
to-date systematic review places the annual global
cost of HF at approximately US $284 billion, almost
half of which is direct medical expenditure [5].

This trend demonstrates the pressing need for
accurate risk prediction models that can enhance
clinical decision-making and improve patient
outcomes in HF management. These figures also
highlight an unmet clinical need for more accurate,
personalized prognostic tools. Current risk scores
incorporate a limited set of demographic and
haemodynamic variables, yielding only moderate
discrimination and sub-optimal calibration when
applied to diverse patient groups.

Integrating novel data types-such as fecal
microbiota composition and host phenotypic traits-
with traditional clinical factors offers a promising
path to improve predictive accuracy by providing a
more comprehensive assessment of patient risk. This
goal of this study is to develop an innovative clinical
support system using advanced Machine Learning
(ML) algorithms to integrate such heterogeneous
data. By combining gut microbiota profiles with
clinical variables, we aim to establish a robust,
multifaceted framework for HF survival prediction.

Mounting evidence implicates the gut-heart axis
as a key modulator of HF pathophysiology. Profiling
studies have revealed a distinctive gut microbial
signature in chronic HF, characterized by reduced
diversity and depletion of butyrate-producing taxa
[6]. Similarly, Cui X, et al. [7] found evidence of gut
dysbiosis in patients with ischemic cardiomyopathy,
suggesting that imbalances in the gut microbiota may
influence HF pathogenesis.

Several pathophysiological mechanisms have
been proposed to explain this gut-heart connection.
Diminished cardiac output and venous congestion
impair intestinal perfusion, increase epithelial
permeability, and facilitate the translocation of
endotoxins and microbial metabolites. These
processes exacerbate systemic inflammation and
drive maladaptive cardiac remodeling [8]. These
observations position the gut microbiome as both
a biomarker and a potential therapeutic target, yet
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its predictive value has not been systematically
incorporated into large-scale survival models.

A growing body of evidence supports bidirectional
gut—heart cross talk in CVD. In HF, reduced cardiac
output and splanchnic venous congestion impair
mucosal perfusion, disrupt epithelial barrier integrity,
and facilitate translocation of endotoxins and microbe
derived metabolites, thereby amplifying systemic
inflammation and adverse cardiac remodeling-the
classic “gut hypothesis” of HF [6-8]. Profiling studies
across independent cohorts report dysbiosis in HF-
reduced diversity and depletion of butyrate producing
taxa-implicating perturbed microbial ecology in
disease progression [6,7,9].

Microbial co-metabolism generates bioactive
compounds with direct cardiovascular effects.
Trimethylamine-N-oxide (TMAO), formed from
dietary  choline/carnitine, shows prospective
associations with CVD, augments platelet reactivity
and thrombosis, and exacerbates pressure-overload—
induced HF in experimental models [10-12]. In
contrast, short-chain fatty acids (SCFAs) such as
acetate, propionate, and butyrate generally stabilize
the intestinal barrier and modulate blood pressure,
immune tone, and inflammation through host
receptors and epigenetic pathways; depletion of
SCFA-producing taxa has been linked to adverse
cardiometabolic  profiles  [9,13,14].  Bile-acid
transformations by gut microbes further intersect
with lipid and inflammatory signaling relevant to
CVD [13,15].

Population data support these mechanistic links,
with gut-microbiome composition associating
with lifetime CVD risk in community cohorts [16].
Collectively, these insights position the microbiome
as both abiomarker source and a potential therapeutic
target and motivate our evaluation of whether
microbiome features add incremental prognostic
value to clinical predictors for long-term HF survival.

In parallel with these biological findings, advanced
ML algorithms have emerged as powerful tools for
assimilating heterogeneous, high-dimensional data
and uncovering non-linear interactions in healthcare
for risk prediction. Utilizing ML has the potential
to improve the precision, reliability, and clinical
applicability of HF prognostic models, ultimately
enhancing patient stratification and outcomes [17].

In this study, we employ three distinct ML
approaches to develop a comprehensive HF survival
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prediction model. Specifically, we utilize penalized
Cox Proportional Hazards (PH) regression [18],
Random Survival Forests (RSF) [19], and a deep
neural network survival model (DeepSurv) [20].
By systematically evaluating these methodologies
in parallel, we seek to identify the most effective
strategy for integrating gut microbiota data with
clinical variables in HF risk prediction.

Accordingly, the present study leverages the
population-based FINRISK 2002 cohort [21] released
through the DREAM Challenge 2022 to develop
microbiome-informed HF survival models. We
compare three state-of-the-art ML approaches-
penalized Cox regression, RSF, and the DeepSurv
neural-network-to create a robust, generalizable
decision-support tool that addresses the pressing
clinical gap in HF risk stratification. Early
identification of individuals at risk enables timely and
targeted interventions to prevent HF or mitigate its
severity. By fostering interdisciplinary collaboration
between clinical cardiology and data science, our
approach aligns with the push forward personalized
and precision medicine in HF management.
Ultimately, we aim to improve patient outcomes and
contribute to public health by elevating the standard
of HF risk assessment.
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Methods

Patient data description

We utilized from the FINRISK 2002 cohort, a
comprehensive population-based study of Finnish
adults, to develop our predictive models. Our
analysis focused on participants free of Heart Failure
(HF) at baseline, with follow-up data available for
incident HF outcomes. The median follow-up time
was 15.8 years. The dataset includes a rich array of
demographic, clinical, and microbiome-related
variables, such as age, sex, Body Mass Index (BMI),
smoking status, medical history (e.g. hypertension
treatment, diabetes, Coronary Heart Disease (CHD),
HF), systolic BP, non-HDL cholesterol, and survival
outcomes (HF events and time to event). Microbiome
profiles were derived from fecal samples, yielding
5,748 microbial features per participant. Each
participant’s record included 10 clinical covariates;
only 1.5% of records (n-81) had missing HF outcome
data. Baseline demographic and clinical features for
the full dataset and its training and testing partitions
are summarized in table 1.

To protect patient privacy, the DREAM Challenge
released a synthetic version of the FINRISK data,

Table 1: Baseline characteristics of the FINRISK 2002 development dataset by data partition (DREAM provided development dataset: Overall

n = 5,424; Training n = 3,615; Test n = 1,809).

Characteristic Overall
Demographics & anthropometrics
Age, years (mean t SD) 49.4+14.8
Body mass index, kg/m? (mean t SD) 27.0+4.7

Cardiometabolic risk factors
Current smoking, n/N (%)
Antihypertensive treatment, n/N (%)
Prevalent diabetes, n/N (%)
Prevalent CHD, n/N (%)

Systolic blood pressure, mm Hg (mean + SD) 136 22
Non-HDL cholesterol, mmol/L (mean + SD) 4.08 £1.09
Male sex, n/N (%) 2.395/5.424 (44.2)
Follow-up and outcomes
Incident HF during follow-up, n/N (%) 445/5.343 (8.3)
Follow-up time, years (mean + SD) 13.8+5.6

1.266/5.397 (23.5)
842/5.424 (15.5)
339/5.343 (6.3)
163/5.343 (3.1)

Training Test SMD* P valuet
49.5+14.8 49.3+14.8 0.01 -
271 +4.7 26947 0.04 0.337
838/3.599 (23.3)  428/1.798 (23.8) 0.01 0.253
562/3.615(15.5) = 280/1.809 (15.5) 0.00 0.379
220/3.564 (6.2) 119/1.779 (6.7) 0.02 0.560
117/3.564 (3.3) 46/1.779 (2.6) 0.04 0.0163
136 22 136 +22 0.00 0.597
4.09 £1.09 4.08 £1.09 0.01 0.153
1.604/3.615 (44.4)  791/1.809 (43.7) 0.01 0.772
300/3.564 (8.4) 145/1.779 (8.2) 0.01 -
13.8+5.7 13.9+53 0.02 -

*SMD (Standardized Mean Difference) is the absolute difference between test and training groups divided by the pooled SD (continuous) or by
the pooled binomial SD (categorical). SMD < 0.10 indicates negligible imbalance.
1P value is from Cox regression model and reflects univariate Cox associations with HF, not train—test balance. We retained significant value

for prevalent CHD (p = 0.0163).

Notes: Per-variable denominators reflect available data: BMI (training missing = 1), Smoking (test = 11; training = 16), Diabetes (test = 30;
training = 51), CHD (test = 30; training = 51), Incident HF and Follow-up time (test = 30; training = 51), Systolic BP (test = 1), Non-HDL cholesterol
(test = 3; training = 7). Units: mm Hg = millimeters of mercury; mmol/L = millimoles per liter. CHD = Coronary Heart Disease; HF = Heart Failure.
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divided into training, testing, and scoring datasets.
The combined dataset comprised 7,231 individuals
[22]: 5,424 were provided for model development
(3,615 in the training set and 1,809 in the test set),
and 1,807 were reserved as a hidden evaluation set
by the challenge organizers. We used the training
set to develop and tune our models (hyperparameter
optimization) and the test set for internal
performance validation; the held-out scoring set was
not accessible and was used only by the organizers
for final evaluation. Within the data provided, 131
already had HF at baseline, and 445 experienced an
HF event during the follow-up period. We applied
the challenge’s exclusion criteria to both the training
and test datasets, excluding 212 individuals-131 with
a history of HF at baseline and 81 with missing HF
status-resulting in a final cohort of 5,212 participants
(3,471 training; 1,741 testing).

Recognizing the emerging importance of
microbiomes in cardiovascular health, we
hypothesized that integrating microbiome data could
enhance HF risk prediction. The gut microbiome
can influence systemic inflammation, immune
responses, and metabolic pathways that are relevant
to HF prognosis. For example, an imbalance in gut
microbes (dysbiosis) is associated with increased
inflammation and metabolic disturbances such as
insulin resistance and obesity, which are known risk
factors for HF. By integrating microbiome-derived
features into our models, we aimed to capture these
additional dimensions of risk, potentially improving
predictive accuracy and enabling more personalized
therapeutic strategies.

Modeling framework and data preprocessing

Our modeling framework combined classical
survival analysis methods with modern advanced ML
techniques to predict HF outcomes. We integrated
microbiome features with traditional risk factors in
all models. The overall approach consisted of training
with three different ML approaches (penalized Cox,
RSF, and DeepSurv).

Initially, the datasets were preprocessed. The raw
microbiome sequencing data were imported into R
(version 4.3.2) using phyloseq package (version 1.44.0).
This package provides a comprehensive pipeline for
microbiome census data integration and processing.

The initial phase involves the identification of core
taxa that are microbial taxa consistently observed
across most samples, based on detection frequency
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and prevalence thresholds. To reduce dimensionality
from the original 5,748 microbial features, we
applied a prevalence-abundance filtering strategy
for identifying core taxa. Specifically, we defined core
taxa as those microbial taxa that were present in at
least 30% of samples and had a minimum relative
abundance threshold of 0.01%. These thresholds
were chosen to retain biologically relevant and
informative microbial taxa while excluding rare or
extremely sparse features that might introduce noise
in modeling.

Following this filtering step, the microbiome
data underwent compositional transformation
using the Centered Log-Ratio (CLR) transformation
to approximately account for the compositional
nature of microbiome data and compositional bias.
The CLR transformation was carried out using the
compositions R package (version 2.0-6). Following
this transformation, the dataset was retained 125 core
microbial taxa for model development. These 125 core
microbiomes, along with clinical variables, were used
as the predictors in our survival models.

Advanced machine learning algorithms: We
evaluated three complementary survival-modeling
approaches-Penalized Cox regression with the elastic
net, Random Survival Forests (RSF), and DeepSurv-
to balance interpretability, assumption strength,
and flexibility. The elastic net Cox model extends
the standard proportional-hazards framework
by adding L/L, penalty terms, yielding sparse,
readily interpretable hazard ratios and controlling
overfitting in high-dimensional settings. RSF is a fully
non-parametric, ensemble-tree method that makes
no proportional-hazards or linearity assumptions and
can automatically capture complex interactions and
nonlinear effects; its variable-importance measures
facilitate moderate interpretability. DeepSurv
employs a feedforward neural network to learn
nonlinear representations of the log-hazard function,
maximizing predictive power in the presence of
highly complex covariate patterns. Together, these
three models span a spectrum from classical, easy-
to-explain hazard modeling (penalized Cox) through
flexible, interaction-driven ensembles (RSF) to
highly expressive deep learning (DeepSurv), allowing
us both to benchmark against standard practice
and to explore gains in predictive accuracy under
increasingly relaxed assumptions.

Baseline clinical models: To establish a purely
clinical benchmark against which the added value

Moon H, et al. (2025) J Biomed Res Environ Sci, DOI: https://dx.doi.org/10.37871/jbres2182
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of gut-microbiome data could be judged, we first
fit three “baseline” survival models-elastic net Cox
baseline, RSF baseline, DeepSurv baseline-using
only the nine routinely collected clinical predictors
available at enrollment (age, sex, body-mass index,
current smoking, hypertension treatment, diabetes,
prior coronary heart disease, systolic blood pressure,
and non-HDL cholesterol). All three baseline models
were evaluated on the held-out test cohort using
Harrell’s C-index. These metrics serve as reference
points for the extended models that incorporate the
125 core microbiome features (Sections 2.3.1-3); any
statistically significant improvement beyond the
baselines can therefore be attributed to the added
microbial information rather than differences in
model architecture or training procedure.

Penalized Cox regression with the elastic net:
We employed a Cox Proportional Hazards (PH)
model [23] regularized with the elastic net penalty
[18] to handle high-dimensional predictors (the
125 core microbiomes and the selected clinical and
demographic variables identified in Section 2.2.1) and
avoid overfitting. The elastic net combines L, (lasso)
and L, (ridge) regularization, shrinking coefficient
estimatesand setting some coefficients exactly to zero.
This hybrid penalty retains lasso’s ability to perform
feature selection while incorporating a small ridge
component to stabilize estimates in the presence of
highly correlated features. In other words, the elastic
net penalty simultaneously encourages parsimony
and mitigates multicollinearity by including grouped
correlated predictors together rather than arbitrarily
selecting only one. This approach is well-suited for
our setting of numerous candidate variables, as it can
identify a relevant subset of prognostic features with
improved robust compared to using lasso or ridge
alone.

The elastic net regularization introduces a penalty
term into the partial log-likelihood function used in
Cox PH regression model, facilitating model sparsity
and multicollinearity control. The penalized log-
likelihood function is expressed as:

e [y eote2)
e g ealoz)

P )4
adY |B)|+(1-a) Y B,
J=1 J=1

where a (0 <« <1)dictates the balance between the
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L, (lasso, when ¢ =1) and 1, (ridge, when a=0)
regularization,while A servesasthetuningparameter
controlling the overall magnitude of penalization.
Higher values of A impose stronger regularization,
leading to more coefficients being shrunk toward
zero, whereas lower values result in less penalization,
preserving more predictor information.

Prior to model training, all continuous
predictor variables were standardized to mean 0
and unit variance. Standardization ensures that
the regularization penalty is applied uniformly,
preventing features with larger scales from
dominating the model purely due to unit differences.
The penalized Cox model was implemented using the
glmnet package in R.

We conducted a 10-fold Cross-Validation (CV)
to select the optimal elastic net hyperparameters.
Specifically, we evaluated a grid of values for the
mixing parameter o (ranging from o to 1) and the
regularization parameter %, typically on a logarithmic
scale from 104 to 10°> to cover a broad spectrum of
regularization strengths. For each combination (a, 1),
the model was trained on 90% of the training data and
validated on the remaining 10%, rotating so that each
fold served as validation once. Model performance
in each fold was assessed via the partial likelihood
deviance (D:fZIOgL(,B)), a measure of error based
on how well the model’s risk predictions concord
with observed outcomes. The optimal o and A were
selected by minimizing the average deviance across
folds, ensuring the best trade-off between model
complexity and fit.

Using these optimal values of o and A, we refit
the penalized Cox model on the entire training set
to obtain the final model. In the final model, many
coefficients were shrunk toward zero, leaving a subset
of non-zero coefficients that represent the most
influential predictors of HF survival. This approach
results in a more interpretable model that focuses
on the key factors contributing to heart failure. The
magnitude and sign of these coefficients (expressed
as hazard ratios when exponentiated) provide insight
into each predictor’s impact on risk. A positive
coefficient implies an increased hazard (higher risk),
while a negative coefficient suggests a reduced hazard
(lower risk).

Random survival forests: Random Survival Forests
(RSF) is an ensemble tree-based method for survival
analysis that extends the Random Forest algorithm

Moon H, et al. (2025) J Biomed Res Environ Sci, DOI: https://dx.doi.org/10.37871/jbres2182



=

JOURNAL OF BIOMEDICAL RESEARCH & ENVIRONMENTAL SCIENCES Issh:| 2766-2276

TOPIC(S): CARDIOVASCULAR DISEASES® CLINICAL CARDIOLOGY ® PUBLIC HEALTH®EPIDEMIOLOGY

to handle censored time-to-event data [19,24]. An
RSF builds many survival trees on bootstrap samples
of the training data, where each tree is constructed
to predict survival outcomes. At each split in a tree,
a random subset of candidate variables is considered
(introducing randomness like standard random
forests), and the optimal split is chosen based on
maximizing the difference in survival between the
resulting subgroups (often evaluated by log-rank test
statistics). Each survival tree yields an estimate of the
Cumulative Hazard Function (CHF) for Heart Failure
(HF) for observations falling in its terminal nodes.
The CHF provides a cumulative measure of the hazard
at each time point, representing the accumulated risk
up to that point.

We used the Nelson—Aalen estimator [25,26]
within each terminal node to compute the CHF,
properly accounting for censored observations. To
obtain an ensemble CHF, the estimated CHF from
each tree in the RSF, denoted as H, (1lx,), is averaged
across all trees yielding the ensemble CHF:

ntree

ZH X,

L

t|x

where 7,.,, represents the total number of trees in the
forest. From the ensemble CHF, the ensemble survival
function S, (¢ x;) is derived as:

S, (tlx,) = exp(-H, (1]x, ).

This provides a comprehensive estimation of
the patient’s survival probability based on the
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Figure 1 Schematic of the RSF pipeline used in this study.
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aggregated CHF. The RSF framework, by averaging
predictions from multiple de-correlated survival
trees, captures complex interactions among variables
while mitigating overfitting. By differentiating the
ensemble CHF, one can derive the ensemble hazard
function, which describes the instantaneous risk of
the event at any point in time.

Figure 1 illustrates the RSF method. The left
panel shows that the training dataset is repeatedly
sampled with replacement (bootstrapped) to build
multiple survival trees. Each survival tree is grown
using random feature selection at each split and a
survival-based splitting criterion (e.g., the log-rank
test), producing terminal nodes that include patients
with similar outcomes. In practice, hundreds of such
bootstrap samples (trees) are generated (often 500
or more) to form the forest for robust prediction. The
right panel illustrates that each tree’s leaves yield
an estimated Cumulative Hazard Function (CHF)
for the risk of heart failure over time based on the
patients falling in that leaf. The ensemble combines
the predictions of all trees by averaging their CHFs,
equivalently averaging the corresponding survival
probabilities, across the forest, which produces a
final ensemble CHF for a given new patient. This
ensemble CHF represents the model’s overall
estimated risk accumulation over time for that
individual, integrating information from all trees in
the forest. The model was implemented in R using the
randomForestSRC package.

RSF also provides measures of variable importance.

Random Survival Forest

Instance

o 4 50
% . >

Tree 2
H:(t)

4

H:(t) (Ensemble CHF)

g

S.(1)

Tree 1 Tree n

Hi(t) Ha(t)

Left panel: bootstrap sampling of the training partition to grow many survival trees; at each node a random subset of predictors is

considered, and the split is chosen by a survival-based criterion (log-rank). Terminal nodes contain patients with similar outcomes.
Right panel: for a new individual, each tree yields a terminal-node Cumulative Hazard Function (CHF) estimated by the Nelson—Aalen method;
the ensemble CHF is the average of all trees’ CHFs, and survival is recovered as S(If) = exp(—H(t)).
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We estimated variable importance by permuting
each predictor’s values in the out-of-bag samples
(the portion of data not used in building a particular
tree) and observing the impact on prediction errors.
Predictors that, when permuted, lead to a large
increase in error are considered highly important
for the model. This feature is useful for interpreting
which variables (clinical or microbial) contribute most
to survival prediction in the RSF model. RSF’s ability
to handle high-dimensional data and automatically
model non-linear interactions makes it a valuable
approach for our problem.

DeepSurv — Deep neural network for survival
analysis

DeepSurv is a deep learning framework for
survival analysis that uses a neural network to model
the relationship between covariates and survival time
[20]. It can be seen as a non-linear extension of the
Cox model: instead of assuming a linear effect of
covariates on the log-hazard, DeepSurv uses a multi-
layer neural network to learn a complex function
mapping patient features to a risk score. This allows
the model to capture interactions and non-linearities
in the data that traditional models might miss.
DeepSurv has demonstrated improved performance
over traditional Cox models in certain domains, such
as cancer prognosis [27].

In our DeepSurv implementation, the network
architecture comprised an input layer containing all
predictor features (the same features used in other
models), multiple fully connected hidden layers,
and an output layer producing a single risk score for
each participant. We used Scaled Exponential Linear
Unit (SeLU) activation functions in the hidden layers
due to their beneficial self-normalizing property,
which stabilizes the network's outputs, especially
useful for handling highly non-linear survival data.
The network's output represents the log-risk (log-
hazard) for each patient.

The network parameter (6, including weights and
biases) were optimized by maximizing the Cox partial
likelihood-equivalently, by minimizing the negative
log-partial-likelihood loss function:

1
1(6) =——
( ) NE:I iE; =1

hy(x)=log S ") |+ 1,6 +4,6:.

jeR(T)

Here, N.., denotes the number of individuals
experiencing the event, #(x,) is the neural network
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output representing the risk score (log hazard) for the
for thei-individual, and ®(7) is the set of individuals
still at risk at time T.. The regularization terms (46,
and 2,6;) apply L, and L, penalties, respectively, on
the network weights during training. These penalties
promotesparsityand weight shrinkage in the network,
which helps reduce overfitting and aligns with
the regularization approach used in penalized Cox
regression. This loss function specifically enables the
model to optimize rankings of survival times rather
than predicting exact survival durations, consistent
with the Cox proportional hazards approach.

We implemented DeepSurv using TensorFlow
(Python) and optimized the network parameters with
the Adaptive Moment Estimation (Adam) algorithm
[28], a first-order gradient-based optimization
algorithm that adaptively adjusts the learning rate
for each parameter to enable efficient training.
Hyperparameter tuning was critical for DeepSurv due
to the flexibility and complexity of neural networks.

Toaddressthis,weemployedBayesianoptimization
[29] to efficiently explore the hyperparameter space,
including the number of hidden layers, number of
neurons per layer, learning rate schedule, dropout
rate (used for regularization by randomly dropping
units during training), and the strengths of L, and L,
regularization. Bayesian optimization used a Tree-
structured Parzen Estimator (TPE) to model the
objective function (validation C-index) and identify
promising hyperparameter configurations without
exhaustively searching the entire space. The final
network architecture and hyperparameters were
selected based on those that maximized the validation
C-index in cross-validation, and this final model
was retrained on the full training dataset before
evaluation.

Figure 2 illustrates the DeepSurv neural
network architecture used for survival analysis.
Hyperparameter tuning is performed prior to training
using Bayesian optimization, followed by network
parameter optimization using the Cox log-partial-
likelihood with L, and L, regularization using the
Adam optimizer.

Model Evaluation

We evaluated our models using Harrell’s
Concordance index (C-index) as the primary measure
of discriminative performance [30]. The C-index
assesses the model’s ability to correctly rank-order
patients by risk. It is calculated as the proportion
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Figure 2 Conceptual architecture of the DeepSurv model. Inputs comprise the nine clinical variables and the selected microbiome features.

Hidden layers (SeLU activation) map inputs to a risk score; the network is trained by minimizing the negative Cox partial-likelihood (i.e.,

maximizing concordance of risk rankings). Regularization (L,/L, penalties and dropout) controls overfitting; parameters are optimized with

Adam. Boxes depict layers; arrows depict forward propagation; the single output is a log-risk value. The model’'s discrimination is evaluated

with Harrell's C-index on the held-out test set.

of all comparable patient pairs in which the patient
who survived longer had a lower predicted risk score
(or equivalently, the model predicts a higher risk
for the patient who experienced the event earlier).
A C-index of 0.5 indicates random prediction (no
better than chance), while 1.0 indicates perfect
concordance between predictions and outcomes.
In practice, a higher C-index (closer to 1) means
better discrimination. We computed the C-index
for each model on the external validation set (the
DREAM Challenge test dataset) to compare model
performances. This external validation helped ensure
that our models generalize beyond the training data.
All survival analyses and C-index calculations were
performed using standard libraries in R (ensuring
consistency across models and taking advantage of
well-tested routines for concordance calculation).

Results
Feature selection

The FINRISK dataset provided two broad categories
of features for analysis: microbiome-derived features
and traditional clinical/demographic variables. From
the original 5,748 microbiome variables, we identified
125 core features as described in Section 2.2.

Among the nine clinical and demographic
variables, univariate Cox regression on the training
set (n - 3471) revealed seven variables significantly
associatedwith Heart Failure (HF) outcomes (p < 0.05):
age, BMI, smoking status, blood pressure treatment,

prevalent CHD, systolic blood pressure, and non-
HDL cholesterol. These seven were then included in
a multivariate Cox model to account for overlapping
effects and potential interactions. Using backward
elimination (equivalently, retention threshold of p <
.3),fourvariablesremained as significantindependent
predictors: age, smoking, prevalent CHD, and non-
HDL cholesterol. Multicollinearity among these
four variables was low, with all Variance Inflation
Factors (VIFs) below 1.13. As a result, these four
clinical variables, along with the 125 core microbiome
features, were selected as the predictor set for the
subsequent advanced machine learning models.

Penalized cox model performance

Using the 129 candidate predictors identified in
Section 3.3.1, we trained a Cox proportional hazards
model with the elastic net regularization. Cross-
validated hyperparameter tuning identified an
optimal penalty combination of penaltymixof ¢ =.97
and J = 00676, which we then used to refit the model
on the full training cohort. The regularized Cox model
(elastic net) achieved a Harrell’s C-index of 0.7347 on
the training set and 0.7225 on the separate test set,
demonstrating robust discrimination with minimal
overfitting. By comparison, a baseline penalized Cox
model incorporating only 9 clinical variables attained
C-indices of 0.7187 (training) and 0.7168 (test).
Similarly, a baseline Cox model test result provided
by DREAM challenge with all 9 covariates was 0.7110.

As a result of the shrinkage and variable selection
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process, 14 predictors with non-zero coefficients
were retained. These included 2 clinical variables-
age and prevalent CHD-and 12 microbiome
features corresponding to specific bacterial taxa.
The microbial taxa (identified by their index in the
feature list and taxonomy) were: Senegalimassilia
anaerobia (#9), Adlercreutzia equolifaciens (#10),
Bacteroides coprocola (#15), Bacteroides oleiciplenus
(#20), Bacteroides salanitronis (#23), Bacteroides
uniformis (#27), Paraprevotella xylaniphila (#34),
Streptococcus salivarius (#53), Clostridium sp. L2-50
(#58), Roseburia intestinalis (#87), Ruminococcus
callidus (#102), and Ruminococcus lactaris (#105).
These 14 features represent the most influential
predictors of HF survival in our analysis, combining
established clinical risk factors with gut microbial
species that may play mechanistic roles in HF through
inflammation or metabolic pathways.

Accumulating evidence supports the role of gut
microbiota in the pathophysiology of Heart Failure
(HF) through inflammation, gut barrier function,
metabolic dysregularion, and bioactive metabolite
production. Senegalimassilia anaerobia taxon belongs
to the Coriobacteriaceae family, involved in producing
secondary bile acids and influencing cholesterol
metabolism, potentially affecting cardiovascular risk
profiles [15,31]. Adlercreutzia equolifaciens converts
dietary isoflavones to equol, a potent antioxidant.
Reduced antioxidant capacity and elevated oxidative
stress are implicated in HF progression [13,15,31].
Bacteroides  species  (coprocola, oleiciplenus,
salanitronis, uniformis) produce Short-Chain Fatty
Acids (SCFAs) essential for maintaining gut barrier
integrity and reducing systemic inflammation,
which are crucial in mitigating HF development and
exacerbation [13,14,16,32]. Specifically, Bacteroides
uniformis has demonstrated anti-inflammatory
properties [32]. Reduced abundance could facilitate
inflammation, worsening cardiovascular outcomes.

Paraprevotella xylaniphila ferments
carbohydrates, producing SCFAs such as butyrate,
an important anti-inflammatory metabolite. Lower
butyrate levels lead to increased inflammation and
potential cardiovascular complications, including
HF [9]. Typically, an oral commensal bacterium,
abnormal gut colonization by oral bacteria like
Streptococcus salivarius indicates dysbiosis and has
been associated with systemic inflammation and
cardiovascular diseases, including HF [15,16,31].
Clostridium species are known producers of
Trimethylamine-N-Oxide (TMAO), a metabolite
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strongly associated with increased cardiovascular
risk, endothelial dysfunction, and exacerbation
of HF [10-12]. Roseburia intestinalis, known for
its significant butyrate production, supports gut
integrity and modulates inflammation. Its reduced
abundance heightens systemic inflammation and
cardiovascular risk factors linked to HF progression
[9]. Ruminococcus species (callidus, lactaris) ferment
dietary fibers, producing beneficial SCFAs, essential
for gut homeostasis and reducing inflammation.
Decreased abundance may result in increased
intestinal permeability, systemic inflammation, and
worsening cardiovascular stress [9,13,14].

Random survival forests performance

Next, we used the 9 clinical variables and 12 core
microbiomes identified in Section 3.2— to train a
Random Survival Forests (RSF) model. During the
learning phase, hyperparameters were tuned via
a random grid search across several settings: the
number of trees (1000, 2000, 3000); the number of
features to consider at each split(“mtry” = \/p and
p/2), where p is the total number of features (e.g.
21); the minimum terminal node size (“nodesize” =
200:300, by 10) patients per terminal node, and the
number random split points per node (“nsplit” =
10:50 by 5). Among these 594 total combinations, the
optimal settings were found to be 2,000 trees, p/2 -
[10.5] features per split, terminal node size of 250,
and 25 random split points per node.

Under these settings, the RSF model achieved a
C-index of 0.7730 on the training set, and 0.7140 on
the test set. The drop in performance from training to
test might suggest that, despite the use of out-of-bag
error estimation, the RSF model’s greater flexibility
may have led to some degree of overfitting. On the
other hand, the baseline RSF with 9 clinical variables
only had C-indices of 0.7371 (train) and 0.7058 (test)
with p/2 - [4.5], “nodesize” = 250, “ntree” = 1000,
and “nsplit” = 10.

The RSF achieved respectable test-set
performance with the penalized Cox model by a
small margin. To interpret the RSF, we inspected
its variable-importance profile (Figure3): the
leading predictors matched those chosen by the Cox
model, whereas the bottom five contributed little.
To enhance our model, we therefore removed these
low-value variables and retrained the RSF using the
top 16 features. Updated hyperparameters were p/2 -
[8], “nodesize” = 260, “ntree” = 2500, and “nsplit” =
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1. The final training C-index was 0.7422 and the test
C-index was 0.7231.

DeepSurv neural network performance

Our third modeling approach was the DeepSurv
neural network. Using the 9 clinical variables
and 12 core microbiomes as input, we conducted
Bayesian hyperparameter optimization to configure
the network architecture and training parameters.
The final DeepSurv model included two hidden
layers with 64 neurons each, a learning rate of 0.01
(with a decay factor of 0.1 applied during training),
an L, regularization coefficient of 0.000106, an L,
regularization coefficient of 0.000217, a dropout
rate of 0.3 in the hidden layers, and a momentum of
0.8 for the optimizer. The model was trained until
convergence was achieved on the training data (epoch
=205).

The DeepSurv model achieved a C-index of
0.7217 on the training set and 0.7211 on the test set.
This nearly identical performance suggests good
generalization and minimal overfitting. However, its
overall accuracy was slightly lower than that of the
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elastic net Cox model. The model was implemented
in Python using TensorFlow, along with several
supporting Python packages to facilitate network
construction, survival data processing, and model
evaluation.

Model comparison

All three microbiome-enhanced models exceeded
the DREAM challenge baseline Cox model with
9 clinical variables only (test C-index = 0.7110),
confirming that gut-microbial information adds
measurable prognostic value (Table 2). On the
held-out test set, RSF achieved the highest C-index
(0.7231), followed very closely by the elastic net Cox
model (0.7225) and DeepSurv (0.7211). The RSF and
elastic net margin was only 0.0006, which is well
within typical uncertainty bounds and indicates
practical equivalence in discrimination.

The penalized Cox and RSF models showed modest
optimism (training - test AC-index = 0.0122 and
0.0191, respectively), whereas DeepSurv generalized
almost perfectly (training — test AC-index = 0.0006).
Early stopping and dropout of DeepSurv and elastic
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Figure 3 Bar plot of permutation Variable Importance (VIMP) for the final RSF fitted on the development training data and evaluated with
Out-Of-Bag (OOB) predictions. For each predictor, values are permuted in OOB samples and the increase in prediction error (relative to the
unpermuted model) is averaged across trees to yield VIMP; larger positive bars indicate greater importance. Bars are ordered by VIMP (highest
to lowest). Clinical and microbial predictors are distinguished by labels, leading signals. Importance values are relative and not directly
interpretable as hazard ratios; they rank predictors’ contribution to RSF predictive accuracy. The RSF used in this figure corresponds to the
final model reported in Results.
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Table 2: Model performance and improvement vs the clinical-only baseline on the held-out test set.

. . . . . X . P value vs
Model No. predictors Train C-index Test C-index A vsbaseline Relative gain, % i
baseline
Random Survival Forests
. ) ) 16 0.7422 0.7231 +0.0121 1.70 0.003
(clinical + microbiome)
Elastic-net Cox (clinical + microbiome) 14 0.7347 0.7225 +0.0115 1.62 0.004
DeepSurv (clinical + microbiome) 21 0.7217 0.7211 +0.0101 1.42 0.012
Baseline Cox (clinical-only) 9 - 0.7110 - - -

Notes: Harrell's C-index assessed on the DREAM Challenge test partition; A and relative gain are calculated against the baseline clinical-only
model. p values are for differences in concordance versus baseline as reported in the study; top test performance is bolded.

net regularization (Cox) effectively constrained over-
fitting, while the slightly wider gap for RSF reflects
the flexibility of tree ensembles.

Given its near-top discrimination, simpler
functional form, and explicit hazard ratios, the
relatively strong performance of the elastic net Cox
model suggests that it was sufficient to capture
the key signals for clinical translation. This result
highlights the value of rigorous feature selection and
regularization in building predictive models for HF
survival. Additionally, the Coxmodel’s interpretability
(with hazard ratios for each predictor) is a practical
advantage, as it allows clinicians to understand the
contribution of each risk factor.

RSF offers not only a strong non-parametric
benchmark that corroborates the selected feature set
but also can reveal potential interactions and non-
linear effects via variable importance measures. The
performance of RSF also shows slightly better than the
other two models. DeepSurv demonstrates feasibility
of complex non-linear neural survival modeling, but
additional network complexity does not yield further
performance gains in this cohort.

To contextualize our results, it is useful to
compare them against the baseline model from
the DREAM Challenge. According to the challenge
report [22], a Cox model that included all available
covariates (clinical and microbiome) without feature
selection achieved a C-index of 0.6592 on the same
synthetic test dataset. On the other hand, our models
substantially outperformed these baseline models. We
emphasize that feature selection and regularization
materially improved discrimination over the clinical-
only baseline on the test set.

On the real-world (hidden) scoring dataset used
for the final challenge rankings, the same baseline
Cox model achieved a C-index of 0.8236. Given the
consistent performance gap between our model
and the baseline on the synthetic dataset (~0.012

improvement), it is reasonable to expect that our
model would also outperform the baseline on the
hidden dataset. Extrapolating from this relative
improvement, our approach may be capable of
achieving a C-index exceeding 0.83 on real-world
data-potentially placing it on par with or above
current state-of-the-art models. However, further
validation using external patient cohorts is necessary
to confirm this hypothesis in a clinical setting.

Discussion

In this study, we developed a comprehensive
predictive framework for Heart Failure (HF) survival
by integrating gut microbiome data with traditional
clinical and demographic risk factors. Using the
FINRISK 2002 cohort, we benchmarked three
modeling approaches-the elastic net Cox regression,
Random Survival Forests (RSF), and DeepSurv neural
network. On the held-out test set, RSF achieved the
highest C-index (0.7231), closely followed by elastic
net Cox (0.7225) and DeepSurv (0.7211). All three were
outperformed by the DREAM clinical-only baseline
(0.7110).

RSF and the elastic net Cox model showed near-
identical discrimination. While nonparametric
tree-based RSF achieved the highest C-index, the
elastic net Cox model was relatively parsimonious
and interpretable and could be highly effective in
modeling HF risk. In this context, the more complex
machine learning models did not provide a substantial
advantage in predictive accuracy, suggesting that
parsimonious models with appropriate feature
selection may be more suitable for this type of
analysis.

An important finding of this work is the
identification of a combined set of clinical and
microbial predictors for HF survival. Notably, the
model that performed best incorporated 14 key
features, including conventional factors such as
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age and prevalent coronary heart disease, alongside
specific gut microbial species (Senegalimassilia
anaerobia, Bacteroides coprocola, Roseburia intestinalis,
Streptococcus  salivarius, among others). This
reinforces evidence for the gut—heart axis as a
relevant component in cardiovascular health. The
inclusion of microbiome-derived variables suggests
that the composition of an individual’s gut flora
may influence processes like systemic inflammation
and metabolic regulation, which in turn affect
cardiovascular outcomes. By refining risk models
with these microbial markers, our approach provides
amore nuanced risk stratification. Over the long term,
these insights could support the development of novel
preventive or therapeutic strategies. For instance, if
causal relationships are established, interventions
aimed at modulating the gut microbiota-such as
dietary changes, probiotic, or other approaches-
may offer new avenues for improving cardiovascular
outcomes.

Limitations/Future Work

Despite the encouraging results, several
limitations must be acknowledged. First, our model
development and validation were performed on the
DREAM-Challenge “synthetic” version of FINRISK
2002. Although that dataset preserves many marginal
distributions and correlation structures of the
original cohort, it is not a substitute for external
validation on independent real-world cohorts.
Synthetic datasets lack several sources of real-
world variability—batch effects in sequencing,
center-specific treatment patterns, missing-value
mechanisms, and unmeasured confounders—that
can influence both microbiome and clinical variables.
The generalizability of our findings needs to be tested
on actual patient data from different populations and
clinical settings.

Second, some of the advanced models we explored
(particularly the DeepSurv) are complex and can be
considered “black boxes,” making their predictions
difficult to interpret in a clinical context. For clinical
adoption of any predictive model, interpretability and
transparency are crucial so that healthcare providers
can understand and trust the risk estimates. This
challenge highlights an ongoing tension between
model complexity and usability in healthcare Al

Future research should therefore prioritize two
avenues: (1) external validation and calibration of
these models using real-world datasets (for instance,
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applying the models to other cohort studies or
hospital patient data to see if similar performance
and key features are observed), and (2) enhancing
model interpretability. For the latter, approaches
could include using explainable AI techniques for the
neural network (such as feature attribution methods),
simplifying the deep learning model without greatly
sacrificing accuracy, or integrating mechanistic
insights (e.g., known pathways linking gut microbes to
cardiac function) to constrain and inform the models.
Additionally, further investigation into the biological
relationships suggested by our model is warranted.
For example, exploring why certain microbiome
features are associated with HF outcomes could
yield insights into disease mechanisms or potential
therapeutic targets. Understanding these pathways
might involve experimental work or advanced
analysis linking microbiome metabolic functions to
host physiology in HF patients.

In summary, our study demonstrates the
feasibility and value of integrating gut microbiome
data into HF survival prediction models. We show that
this integration improves predictive performance
compared to models based solely on traditional
risk factors. The inclusion of microbiome-derived
features provides a more comprehensive view
of HF risk, reflecting the growing importance of
interdisciplinary collaboration between data science
and biomedical research.

As precision medicine advances, it becomes
increasingly important to bridge sophisticated
computational models with real-world clinical
practice. Ensuring these models are accurate,
interpretable, and clinically validated is essential
for their successful adoption. Incorporating diverse
biological data-from genomes to microbiomes-into
predictive tools has the potential to enable more
accurate risk prediction, earlier identification of
individuals at risk, and more personalized treatment
approaches. This framework can contribute to better
outcomes for patients with heart failure and support
the broader goal of data-informed, individualized
care.

Conclusion

This study presents a robust and interpretable
predictive framework for heart failure survival by
integrating gut microbiome profileswith conventional
clinical and demographic risk factors. Among the
evaluated models, the elastic net Cox regression
demonstrated superior predictive performance,

Moon H, et al. (2025) J Biomed Res Environ Sci, DOI: https://dx.doi.org/10.37871/jbres2182

1276



TOPIC(S): CARDIOVASCULAR DISEASES® CLINICAL CARDIOLOGY ® PUBLIC HEALTH®EPIDEMIOLOGY

=

reinforcing the effectiveness of parsimonious
modeling approaches in high-dimensional, biological
complex data settings.

The identification of key microbial taxa as
independent predictors, in combination with
established clinical variables, demonstrates the
potential clinical value of incorporating microbiome
data into cardiovascular risk assessment. These
findings indicate the relevance of the gut—heart axis
and point to promising avenues for future research in
heart failure prevention and management.

By demonstrating the feasibility of microbiome-
informed predictive modeling in a large population-
basedcohort, thisworkcontributestothedevelopment
of morecomprehensiveandindividualized approaches
in cardiovascular risk assessment. Future validation
in real-world clinical settings will be necessary to
assess its broader applicability and clinical impact.
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