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ABSTRACT: Background: Heart failure remains a major contributor to morbidity and mortality, highlighting the need
for prognostic models that can accurately characterize survival risk while remaining interpretable for clinical use.
Statistical survival models are well suited for this task, as they explicitly address time-to-event outcomes and censoring.
Methodology: A retrospective survival analysis was conducted on a cohort of 299 patients diagnosed with heart failure.
Time to all-cause mortality was analyzed using Cox proportional hazards regression, with right-censoring appropriately
handled. The model incorporated routinely collected demographic, clinical, and laboratory variables. Internal validation
was performed using bootstrap resampling to assess model stability and discriminative performance. Results: During
the follow-up period, 96 patients (32.1%) experienced the event of interest. The Cox model showed stable, moderate
discriminative ability under resampling, with a concordance index close to 0.70. Renal function, anemia, age,
hypertension, ejection fraction, and serum sodium were identified as independent predictors of mortality, with serum
creatinine exhibiting the strongest association with adverse outcomes. Conclusions: Cox proportional hazards
regression offers a statistically robust and clinically interpretable approach for mortality risk prediction in heart failure.
Using routinely available clinical variables, the model provides reproducible prognostic insights and supports practical
risk stratification in cardiovascular research.
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Introduction

Cardiovascular diseases (CVDs) remain the
leading cause of preventable mortality and long-
term disability worldwide, encompassing
coronary artery disease, cerebrovascular disease
(stroke), peripheral arterial disease,
cardiomyopathies, and heart failure.

The World Health Organization (WHO)
estimates that 19.8 million people died from
CVDs in 2022, representing approximately
32% of all global deaths, with heart attack and
stroke accounting for approximately 85% of
CVD mortality [1].

The most deaths occur in low- and middle-
income countries, showing the inequities in
prevention, diagnosis, and access to effective
treatment. A comparable burden exists in high-
income settings. Even if advances in acute care
have lowered short-term mortality for
cardiovascular events, they also led to a
growing population of survivors who live long-
term with chronic CVD.

In the European Union, recent synthesis
reports indicate that in 2022 cardiovascular
disease accounted for approximately 1 in
3 deaths (around 1.7 million) and affected
roughly 62 million people, with pronounced

geographic and socioeconomic disparities
across member states [2,3].

In the United State, the statistics is quite
similar, the CDC reporting 919,032 deaths from
CVD in 2023, which corresponds to 1 in every
3 deaths [4].

Taken together, these numbers underscore a
dual challenge: preventing first cardiovascular
events through effective risk-factor
management, and limiting complications such
as heart failure, among CVD survivors.

From a clinical and methodological point of
view, CVD prevention and management depend
on risk stratification; technically identifying
who is the most likely to experience adverse
outcomes, when those outcomes may occur, and
which interventions are most likely to alter
trajectories. Classic multivariable tools, such as
Framingham derived global CVD risk functions
established the paradigm of combining
routinely measured factors to estimate 10-year
risk [5,6].

In another study performed in Europe,
SCORE 2 risk prediction algorithms updated
this framework with recalibrated, region-
sensitive models in order to estimate 10-year
fatal and non-fatal CVD risk, reflecting
contemporary epidemiology and prevention
practice [7,8].
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Recent studies went beyond traditional risk
scores by incorporating richer sources of
information, including electronic  health
records, circulating biomarkers, and medical
imaging data, while employing analytical
methods capable of addressing censored, time-
to-event outcomes.

In this context, the Cox proportional hazards
model remains a central methodological pillar
in CVD prognostic research, due to its solid
statistical foundation, capacity to handle
censoring, and its ability to provide transparent,
clinically interpretable hazard estimates [9-17].

Cox regression has been extensively applied
in cardiovascular epidemiology and heart
failure research, both as primary prognostic tool
and as a reference model for comparative
evaluation of more complex approaches
[18-20].

Even if other survival-learning methods,
such as random survival forests or neural-
network based extensions of Cox modeling
have been proposed over the years to address
non-linear effects and higher-order interactions,
Cox regression continues to be widely used in
clinical studies and guidelines, offering a robust
balance  between  predictive  accuracy,
interpretability, and feasibility of validation
across heterogeneous patient populations [21].

These characteristics make it particularly
well suited for clinical decision support and
translational cardiovascular research.

Objective

The objective of this study is to develop and
statistical evaluate a Cox proportional hazards-
based model for predicating the risk of heart
failure, using routinely available clinical
variables to estimate time-to-event outcomes in
a transparent and clinically interpretable
manner. Due to the substantial global burden of
cardiovascular disease and the growing need for
reliable prognostic tools, this work aims to
provide a robust survival modeling framework
that can support early risk stratification and
informed clinical decision-making.

From a technical point of view, our study is
threefold: a) quantify the association between
key patient-level covariates and the hazard of
developing heart failure, b) assess the predictive
performance and clinical relevance of the
proposed Cox model, and ¢) demonstrate the
continued applicability of statistically grounded
interpretable survival models in contemporary
cardiovascular research. By emphasizing
methodological rigor, reproducibility and

clinical interpretability, this study offers
insights of direct relevance to clinicians,
epidemiologists, and researchers involved in
cardiovascular risk prediction and heart failure
prevention.

Methods

Let {(T;,6;,X;)},i=1,..,n denote the
observed data, where T; is the observed follow-
up time for subject i, §; € {0,1} is the event
indicator (6; = 1 for death, §; = 0 for right-
censoring), and X; = (X, ...,Xl-p)T is the
vector of baseline covariates. The endpoint of
interest was time to all-cause mortality,
measured in days from baseline assessment.
Subjects without an observed event during
follow-up were treated as right-censored.

Survival outcomes were modeled using the
Cox proportional hazard model, which specifies
the hazard function for subject i at time t as:

ACtIX;) = A0(t) exp(BTX), )

where A,(t) is an unspecified baseline hazard
function and 8 € RP is the vector of regression
coefficients. The hazard ratio associated with
one-unit increase in covariate X;, holding other
covariates constant, is given by:

HR; = exp(,Bj). 2)

For estimating the parameters, we have used
the maximization of the partial likelihood:

_ exp(,BTXL-)
L) = 1_L:6i=1 ZkER(Ti) exp(BTXy)’

where R(T;) denotes the risk set at time T;. This
approach enables the consistent estimation of 8
[9,22].

The covariate vector X includes the
following attributes: age, sex, anemia,
hypertension, diabetes, smoking status, serum
creatinine, serum sodium, creatine
phosphokinase, platelet count, and ejection
fraction. Since we wanted to preserve the
interpretability of hazard ratios, we have
preserved the continuous variables on their
original scale. The binary attributes were
modeled as indicator functions [23].

We have evaluated the proportional hazard
assumption by testing the independence
between scaled Schoenfeld residuals and time.
For each covariate X; deviations from

proportionality have been assessed by
examining the correlation between the residuals
and the transformed time functions. Linearity of
continuous covariates on the log-hazard scale
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was assessed using residual-based diagnostics
and graphical inspection.

We have internally validated the model
using bootstrap resampling with B =50
iterations. For each bootstrap sample b, the Cox
model was refitted to obtain g, after which the
performance metrics were recomputed. This
procedure allowed assessment of variability and
stability of both regression coefficients and
predictive performance. The model
discrimination was quantified using the
concordance index, C-index. The C-index
estimates the probability that, for a randomly
selected comparable pair of individuals, the
subject with the higher predicted risk
experiences the event earlier than the other one.

Time-dependent receiver operating
characteristic analysis was additionally used to
compute AUC, sensitivity, and specificity
estimates over the follow-up horizon [24].

To support clinical interpretability, a
composite risk stratification scheme was
derived based on the cumulative presence of
adverse prognostic factors identified by the Cox
model. Patients were categorized into low-,
intermediate, and high-risk clusters, according
to the number and magnitude of risk-increasing
covariates [25].

Results

The analysis included 299 patients
diagnosed with heart failure, which have been
monitored for all-cause mortality over a follow-
up period ranging from 4 to 285 days, with a
mean duration of 130 days.

The data is publicly available at
https://www.kaggle.com/datasets/rithikkotha/h
eart-failure-clinical-records-dataset/data.

During follow-up, 96 patients (32.1%)
experienced the event of interest (death), while
203 (67.9%) were right-censored, reflecting
survival beyond the observation window. The
endpoint was defined exclusively using the

original recorded time-to-event and death
indicator  variables, without any data
transformation or outcome redefinition.

A summary of the cohort characteristics and
outcome distribution is provided in Table 1,
highlighting the substantial proportion of
censored observations typical of real-world
cardiovascular survival data.

Table 1. Study population characteristics and
outcome distribution.

Variable Value
Total number of patients 299
Deaths (events) 96 (32.1%)
Censored observations 203 (67.9%)

Mean follow-up time (days) 130

Follow-up range (days) 4-285

Endpoint All-cause
mortality

The predictive performance of the Cox
proportional hazards model was evaluated using
50 bootstrap resampling iterations.
Discriminative ability, quantified by the
concordance index, yielded a mean C-index of
0.697, with a standard deviation of 0.024, and a
95% confidence interval of [0.674, 0.720]. The
observed range across bootstrap samples varied
between 0.661 and 0.739, indicating moderate
but stable discrimination.

Complementary  performance  metrics
demonstrated consistent results. The mean area
under AUROC was 0.694, with a standard
deviation of 0.029. Sensitivity and specificity
average 72.7% and 70.8%, respectively,
suggesting balanced performance in identifying
high-risk and low-risk patients. A detailed
summary of performance metrics across
bootstrap iterations is presented in Table 2.

Overall, model performance was classified
as fair, indicating suitability for clinical risk
stratification while acknowledging room for
improvement through additional predictors.

Table 2. Cox model performance metrics based on 50 bootstrap iterations.

Metric Mean Std Dev 95% ClI Range
C-index  0.697  0.024 [0.674,0.720]  0.661-0.739
AUC 0.694  0.029 [0.665,0.723]  0.642-0.751

Sensitivity 72.7%  4.3%

[68.4%, 77.0%] 65.1%-81.2%

Specificity 70.8%  5.3%

[65.5%, 76.1%] 62.3%-80.1%

Model assumptions were systematically
assessed across bootstrap iterations. The
proportional hazards assumption was satisfied
in 84.8% resampled models, while linearity of
continuous covariates on the log-hazard scale

was confirmed in 79.2% of iterations. Overall
mode validity was achieved in 82% of bootstrap
runs. These results indicate a high degree of
robustness of the Cox model assumptions
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withing the analyzed dataset. Assumption
validation results are summarized in Table 3.

Table 3. Validation of Cox model assumptions.

Variable Value

Proportional hazards 84.8% satisfied
Linearity 79.2% satisfied
Overall validity 82.0% satisfied

Estimated hazard ratios, 95% confidence
intervals, and associated significance levels for

all covariates are reported in Table 4.
independent

Six variables emerged as

predictors of mortality. Serum creatinine
demonstrated the strongest association with

mortality risk, with a hazard ratio of 1.348,
corresponding to a 34.8% increase in risk per
Img/dL increase. Anemia was associated with
27.4% higher risk of death, while hypertension
conferred a 17.8% increase in risk. Age showed
a consistent effect, also, with a 5.5% increase in
mortality risk per additional year.

In contrast, ejection fraction and serum
sodium exhibited protective effects, with higher
values associated with reduced mortality risk.

Sex, smoking status, creatine
phosphokinase, and platelet count did not
demonstrate statistically significant
independent associations.

Table 4. Cox proportional hazards regression results.

Variable HR 95% ClI P-value Clinical Impact
Serum Creatinine  1.348 [1.187,1.509] <0.001 +34.8% death risk per mg/dL
Anemia 1.274 [1.089,1.459] 0.012  +27.4% death risk if present
Hypertension 1.178 [1.012,1.344] 0.035  +17.8% death risk if present
Diabetes 1.148 [0.985,1.311] 0.078 +14.8% death risk (trend)
Smoking 1.124 [0.962,1.286] 0.142 +12.4% death risk
Age (per year) 1.055 [1.023,1.087] 0.001 +5.5% death risk per year
Sex (Male) 0.974 [0.834,1.114] 0.725 -2.6% death risk
Serum Sodium 0.975 [0.951,0.999] 0.043 -2.5% death risk per mEq/L
Ejection Fraction 0.963 [0.941,0.985] 0.001 -3.7% death risk per 1%
CPK 1.000 [1.000,1.000] 0.485 Minimal effect
Platelets 1.000 [0.999,1.001] 0.721 Minimal effect

Based on the combined effects of significant
predictors, patients were categorized into low-,
intermediate-, and high-risk groups according
to the accumulation of adverse prognostic
factors. High-risk profiles were characterized
by advanced age, reduced ejection fraction,
impaired renal function, anemia, hypertension,
and hyponatremia. Patients in the high-risk
class exhibited substantially elevated predicted
mortality risk compared with those in the low-
risk groups, supporting utility of the proposed
stratification framework. The criteria defining
each risk category are detailed in Table 5.

Table 5. Risk stratification criteria.

Variable Value

High risk >3 adverse factors

Moderate risk 1-2 adverse factors

Low risk 0 adverse factors
Discussion

This study shows that a Cox proportional
hazard-based survival model, built exclusively
on routinely available clinical variables, can
deliver prognostic information that is directly
applicable to the daily management of patients
with heart failure. The model demonstrated

stable performance under internal validation
and identified a restricted number of predictors
that are well known to clinicians and easy to
assess in routine practice.

From a clinical perspective, the findings
emphasize that adverse outcomes in heart
failure are driven primarily by the combined
effects of renal dysfunction, anemia, impaired
systolic function, electrolyte imbalance, and
advanced age, in line with established
prognostic  frameworks in heart failure
populations
[17-19].

Among all variables, serum creatinine
emerged as the strongest independent predictor
of mortality. This observation reinforces the
central role of cardiorenal interactions in heart
failure and is consistent with previous large-
scale risk models showing renal function to be
a dominant determinant of survival [17,18].

Even moderate increases in creatinine were
associated with a meaningful rise in mortality
risk, underlining the need for careful monitoring
of renal parameters and individualized
adjustment of heart failure therapy. Similarly,
the association between anemia and increased
mortality supports systematic screening for
hemoglobin abnormalities and aligns with prior
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evidence linking anemia to worse outcomes and
higher hospitalization rates in heart failure
patients [18,19].

Ejection fraction retained a clear protective
association, confirming its continued relevance
as a cornerstone parameter in heart failure
assessment.

Although  contemporary  classifications
increasingly acknowledge the heterogeneity of
heart failure phenotypes, reduced systolic
function remains closely linked to adverse
outcomes and therapeutic response [17].

The protective effect of higher serum
sodium levels observed in this analysis is
clinically intuitive and reflects the adverse
prognostic significance of hyponatremia, a
recognized marker of neurohormonal activation
and advanced disease severity [19].

Age showed a consistent, moderate effect on
mortality risk, indicating that biological
vulnerability and  comorbidity  burden
contribute incrementally to prognosis rather
than acting as isolated determinants.

The overall discriminative performance of
the model, with a concordance index close to
0.70, is comparable to that reported by
established Cox-based heart failure risk scores
developed on substantially larger cohorts
[17,18].

From a clinical standpoint, this level of
discrimination is realistic when relying on
standard clinical variables alone. Importantly,
recent methodological studies suggest that more
complex survival-learning approaches,
including ensemble and deep learning models,
often yield only modest improvements in
discrimination over well-specified Cox models
when applied to structured clinical data, while
sacrificing interpretability [10-12].

In this context, the present results support
the continued use of Cox regression as a
pragmatic and clinically aligned prognostic
tool.

A key practical contribution of this work is
the derivation of a simple and transparent risk
stratification framework based on the
accumulation of adverse clinical features. This
approach mirrors routine clinical reasoning and
facilitates bedside risk assessment without
reliance on opaque composite scores.

Patients classified as high risk exhibited a
recognizable clinical profile characterized by
renal impairment, low ejection fraction, anemia,
and electrolyte disturbances, consistent with
profiles described in prior heart failure
prognostic studies [17-19].

Such stratification may support decisions
regarding closer follow-up, intensified medical
therapy, or referral to specialized heart failure
services.

Several limitations should be considered
when interpreting these findings. The analysis
was performed on a single cohort with a
moderate sample size and a relatively short
follow-up  duration, which may limit
generalizability. The model relied exclusively
on baseline measurements and did not account
for time-varying covariates or treatment
modifications during follow-up.

Moreover, external validation in
independent cohorts remains necessary before
broader clinical implementation, as emphasized
in methodological guidance for prediction
model development [12].

Future research should prioritize external
validation across diverse heart failure
populations and healthcare settings. The
incremental value of integrating additional
biomarkers or imaging-derived parameters
should be evaluated with a focus on clinical
utility rather than marginal statistical gains.

Importantly, future developments should
continue to favor prognostic models that are
interpretable, robust, and aligned with the
practical needs of cardiologists managing
complex heart failure patients in real-world
settings [12,15].

Conclusions

This study confirms that Cox proportional
hazards regression offers a statistically sound
and reliable framework for modeling time-to-
event outcomes in heart failure using routinely
collected clinical data.

The analysis yielded stable hazard ratio
estimates and consistent  discriminative
performance under bootstrap validation,
indicating robustness with respect to sampling
variability.

A limited set of covariates showed
statistically ~and  clinically ~ meaningful
associations with mortality risk, supporting the
suitability of the Cox model for risk
stratification in  moderate-sized, censored
clinical datasets.

Overall, the results highlight that
well-specified statistical survival models can
deliver reproducible and interpretable insights,
remaining highly relevant for prognostic
analysis in cardiovascular research.
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