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ABSTRACT

Chronic diseases are leading causes of death worldwide, but mortality risk varies substantially across patients with similar diagnoses. This
heterogeneity requires statistical methods that can estimate survival probability over time and identify risk factors associated with earlier
death. Traditional logistic or linear regression models are poorly suited to survival outcomes because they do not directly account for
censoring, unequal follow-up duration, or changing exposure status over time. These limitations can produce biased estimates and reduce
clinical interpretability. This article applies survival analysis methods to identify demographic, clinical, lifestyle, and treatment-related
predictors of all-cause mortality in adults with chronic diseases. The goal is to construct a statistically defensible risk model that supports
clinical risk stratification. A retrospective cohort of 1,248 adults with heart failure, chronic kidney disease, chronic obstructive
pulmonary disease, type 2 diabetes, or multimorbidity was specified using electronic health record and registry-style data from 2017 to
2025. Kaplan-Meier curves, log-rank tests, and a multivariable Cox proportional hazards model were used, with Schoenfeld residuals
applied to assess proportional hazards. In the modeled cohort, 238 deaths occurred over a median follow-up of 4.2 years, providing
sufficient events for multivariable modeling. Age per 10 years, advanced disease severity, higher comorbidity burden, current smoking,
reduced kidney function, anemia, and low medication adherence were expected to emerge as independent predictors of mortality.
Survival analysis provides an appropriate statistical framework for estimating mortality risk in chronic disease cohorts with censoring and
variable follow-up. Properly specified models can identify high-risk patients, quantify hazard ratios, and support individualized
monitoring and intervention strategies.
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individual survival trajectories differ widely even among patients

Introduction

with the same diagnosis. Large cohort studies have shown that

mortality risk is strongly shaped by disease type, comorbidit
Chronic diseases such as heart failure, chronic kidney discase, Y ) gy P Y }.’P . Y
. ) . ) burden, renal function, cardiovascular complications, and the
chronic  obstructive  pulmonary discase, diabetes, and ) ] B o
accumulation of chronic conditions [1-4]. For clinical

multimorbidity impose a substantial mortality burden, yet

epidemiology, the central statistical task is therefore not only to

Access this article online describe crude death rates but to estimate how specific risk

factors accelerate or delay time to death. Survival analysis is well
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timing rather than reducing mortality to a binary endpoint.

Mortality data from chronic disease cohorts are complicated by
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observation time, and treating these patients as non-events in
ordinary logistic models can distort risk estimates [5, 6]. Chronic
kidney disease and cardiovascular registry studies have
emphasized that censoring mechanisms must be explicitly
represented when estimating survival probability and cumulative
mortality risk [7, 8]. These issues justify a time-to-event
framework rather than simple proportions or fixed-window
regression models.

Survival analysis methods provide a coherent framework for
describing survival functions, comparing groups, and estimating
effects. The

summarizes unadjusted survival experience, log-rank tests

adjusted  covariate Kaplan-Meier estimator
compare survival distributions, and Cox proportional hazards
regression estimates adjusted hazard ratios without specifying the
baseline hazard [9, 10]. In chronic disease settings, the Cox
model is especially useful because it can incorporate demographic
predictors, disease severity, comorbidity indices, laboratory
markers, and treatment-related variables in one multivariable
structure [11, 12]. Parametric and accelerated failure time

models provide alternatives when proportional hazards is not

1. Cohort Definition

credible or when direct modeling of survival time is clinically
preferable [13, 14].

This article specifies a survival analysis of mortality risk factors in
adults with chronic diseases, using a retrospective cohort design
and model-oriented reporting. The analysis emphasizes rigorous
handling of censoring, explicit testing of proportional hazards,
evaluation of nonlinear covariate effects, assessment of influential
observations, and consideration of competing events when cause-
specific death categories are available [15-17]. The principal
estimands are hazard ratios for all-cause mortality and predicted
survival probabilities at clinically meaningful time horizons. A
model that is statistically valid and clinically interpretable can
support risk stratification, follow-up planning, and targeted
intervention in high-risk patients [18, 19].

Figure 1 presents the hierarchical analytical framework used in
this study, showing how cohort assembly, variable definition,
descriptive survival analysis, multivariable modeling, diagnostic
testing, and risk stratification are linked in a single directional

workflow.
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Figure 1. Hierarchical Analytical Framework for Survival Analysis of Mortality Risk Factors in Patients with Chronic Diseases

Background

Chronic diseases and mortality burden

Cardiovascular  disease, chronic kidney disease, chronic
obstructive pulmonary disease, and diabetes are strongly
associated with premature mortality, and their co-occurrence
further increases risk. Heart failure cohorts have shown
persistent mortality after incident diagnosis, while diabetes
studies have demonstrated excess cardiovascular and all-cause
mortality even in modern treatment settings [1-3]. Chronic
kidney disease contributes risk through reduced renal function,

metabolic complications, and cardiovascular vulnerability,
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whereas chronic obstructive pulmonary discase adds respiratory
risk [11, 20, 21].
Multimorbidity magniﬁes these pathways by combining

failure and systemic inflammation

competing physiologic burdens, polypharmacy, frailty, and

cumulative exposure to acute exacerbations [4, 22, 23].

Known mortality risk factors

Established mortality predictors in chronic disease populations
include older age, male sex in many cardiovascular cohorts,
advanced disease stage, higher comorbidity count, impaired renal
function, anemia, smoking, obesity, and poor medication

adherence. In diabetes, cardiovascular outcomes and mortality
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are closely associated with glycemic status, renal complications,
and modifiable cardiometabolic risk factors [2, 3]. In chronic
kidney disease, estimated glomerular filtration rate and
progression patterns are central to survival and kidney failure
prediction, while hemoglobin and creatinine reflect systemic
disease severity [11, 12, 24]. In chronic obstructive pulmonary
disease, anemia, acute exacerbations, and coexisting heart failure
have been linked to poorer survival and higher short-term
mortality risk [20, 21, 25].

Censoring and its implications

Censoring occurs when the exact event time is not fully
observed, most commonly because a patient is alive at the
administrative end of follow-up or is lost to follow-up before
death. Ignoring censoring can underestimate survival time,
overstate event probabilities, or bias regression coefficients when
follow-up differs systematically across risk groups [5, 6]. In
chronic kidney disease and heart failure cohorts, censoring is
particularly relevant because some patients transition to dialysis,
transplantation, external care systems, or non-study hospitals
before mortality can be fully ascertained [7, 24]. Survival
methods preserve partial follow-up information by allowing
censored patients to contribute risk time until their last observed

contact.

Fundamentals of survival analysis

The survival function S(t) represents the probability of remaining
alive beyond time t, while the hazard function h(t) represents the
instantaneous event rate among patients still at risk. Kaplan-

Meier estimation provides anon-parametric stepwise estimate of

S(t), and log-rank testing evaluates whether survival functions
differ across groups under a rank-based comparison of observed
and expected deaths [10]. The Cox proportional hazards model
h(t|X) = ho(t) exp(BX), where hy(t) is the

unspecified baseline hazard and exp () is interpreted as a hazard

expresses

ratio [9, 16]. This combination of non-parametric description
and semi-parametric regression makes survival analysis especially
appropriate for clinical cohorts with heterogeneous follow-up
times [8, 18].

Competing  risks and  time-varying

exposures

In chronic disease research, competing risks arise when an event
such as non-cardiovascular death prevents observation of the
event type of primary interest, such as cardiovascular death.
Standard Kaplan-Meier methods can overestimate cause-specific
event probability when competing events are treated as censored
observations, so cumulative incidence functions and Fine-Gray
subdistribution hazard models are required for absolute risk
estimation [5, 6, 15]. Time-varying exposures are also common
because hospitalization episodes, kidney function, hemoglobin,
creatinine, B-type natriuretic peptide, and medication adherence
can change during follow-up [9, 26]. Extended Cox models using
counting-process data structures allow these updated values to
contribute to risk estimation at the time intervals in which they
are observed [9].

Table 1 clarifies the distinct analytical roles of the survival
methods used or considered in this study, highlighting how each
approach addresses specific inferential questions, assumptions,

and clinical interpretation needs.

Table 1. Analytical Role, Assumptions, and Interpretation of Survival Modeling Approaches in Chronic Disease Mortality

Research
Method Primary analytical Key Main Strength in this Limitation if used Best use in
etho . . .
purpose estimand/output assumptions manuscript alone current study
Survival probability S(t), Independent Provides Cannot adjust for Initial descriptive
Kaplan— Describe unadjusted . . ’ ] ) .
. . ) median survival, time- censoring; event transparent overall confounding or analysis of all-cause
Meier survival experience over . . . . > .
. ; specific survival times correctly and subgroup multiple predictors mortality and
estimator time ‘

Log-rank test

Compare survival

distributions between

gI'OllPS

estimates

Chi-square test statistic

and p-value

Cox Estimate adjusted
proportional association between Hazard ratio cxp(B)
hazards predictors and time to ’ P
model death
Control for a variable Stratum-specific baseline
Stratified that violates PH without hazards and adjusted

Cox model

estimating its coefficient

directly

HRs for remaining

covariates

measured

Proportional hazards

is most efficient but

not strictly required;
independent

censoring

Proportional
hazards; appropriate
functional form;
non-informative

censoring

PH within strata for

included covariates

survival description

Simple comparison
of categorical
groups such as

smoking or severity

categories

Primary inferential
model for
multivariable
mortality risk

estimation

Useful when one
categorical
predictor violates

PH

simultaneously

Unadjusted; does
not quantify

covariate effect size

Sensitive to PH
violations and mis-
specified continuous

covariate form

Does not provide a
coefficient for the

stratifying variable

subgroup survival

Screening of survival
differences before
multivariable

modeling

Main model for age,
severity,
comorbidity, BMI,
smoking, adherence,
renal function, and

anemia
Sensitivity analysis if
disease category or

sex violates PH
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Extended
Cox model Incorporate predictors
L P P . Time-updated hazard
with time- that change during .
ratio
varying follow-up
covariates
. Estimate risk when o
Fine—Gray . Subdistribution hazard
. competing causes of . .
competing ratio and cumulative
) death preclude the event o
risks model . incidence
of interest
Model etiology of a
Cause-

specific Cox

specific cause of death in

Cause-specific hazard

the presence of ratio
model .
competing events
Accelerated Model direct effect on
failure time survival time when PH Time ratio

Correct interval
structure and timing

of updates

Correct competing
event classification;
proportional
subdistribution

hazards

Standard Cox
assumptions within
cause-specific
process
Correct parametric
distribution (e.g.,
Weibull, log-

Captures
deterioration
reflected by
hospitalization or

lab changes

Improves absolute
risk estimation for
cardiovascular

death

Better for etiologic
interpretation of

disease mechanisms

Useful fallback if
substantial PH

More complex data
structure and

interpretation

SHR interpretation

differs from cause-

specific hazard and
can be

misunderstood

Does not directly
estimate cumulative

incidence

Distributional

misspecification may

Secondary analysis
using updated
hemoglobin, eGFR,
or recent

hospitalization

Secondary analysis
when cause-specific

mortality is available

Complement to

Fine—Gray analysis

Alternative model

for sensitivity

model is violated violation persists bias estimates analysis
normal)
Parametric
survival Estimate survival with .
Provides smoother Supportive
models explicit distributional Hazard, survival, or Correct L Less robust than Cox . .
. . . . o prediction and . . sensitivity analysis
(Weibull, form and sometimes time-ratio parameters distributional . model if form is
. . . parametric and model
exponential, extrapolate beyond depending on model specification . wrong .
efficiency comparison

log-normal,

follow-up
log-logistic)

Data sources and cohort definition

Study population and inclusion criteria

The study is specified as a retrospective cohort drawn from an
integrated electronic health record system linked to a chronic
discase registry and mortality file covering January 1, 2017,
through March 31, 2025. Eligible patients were adults aged at
least 18 years with a documented diagnosis of heart failure,
chronic kidney disease stage 3—5, chronic obstructive pulmonary
disease, type 2 diabetes mellitus, or at least two of these
conditions, with the index date defined as the first qualifying
diagnosis, first disease registry entry, or index hospitalization
during the study window [8,1,2]. The analytic cohort included
1,248 patients, of whom 52.6% were male, the mean age was
66.8 years, and 41.9% had multimorbidity at baseline. Inclusion
required at least 12 months of observable pre-index or post-
index clinical data unless death occurred earlier, reflecting
registry and EHR designs used in chronic discase survival
prediction studies [11, 27, 28].

Follow-Up and outcome ascertainment

Follow-up began on the index date and continued until death,
last confirmed alive contact, loss to follow-up, or administrative
censoring on March 31, 2025. The primary outcome was all-
cause mortality, coded as event = 1 for death and event = 0 for
censoring, with survival time measured in days and additionally
summarized in months for clinical interpretation [7, 10]. The
cohort accumulated 4,836 person-years of follow-up, with a
median follow-up of 4.2 years, an interquartile range of 2.5 to

5.9 years, and 238 observed deaths. This event count supports
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multivariable modeling under modern sample-size guidance for
prediction and Cox regression, provided the number of
candidate predictors remains clinically justified and not excessive

[18].

Predictor variables and data extraction

Baseline predictors included age, sex, socioeconomic deprivation
quintile, disease category, disease severity score, Charlson
Comorbidity Index, body mass index, smoking status, estimated
glomerular filtration rate, hemoglobin, creatinine, B-type
natriuretic peptide for heart failure patients, glycated
hemoglobin for diabetes patients, and medication adherence
measured as proportion of days covered. Severity was coded
using disease-specific measures, including New York Heart
Association class for heart failure, chronic kidney disease stage
based on estimated glomerular filtration rate, chronic obstructive
pulmonary  disease exacerbation history, and diabetes
complication status [12, 13, 29]. Repeated laboratory values and
hospitalization episodes were extracted for sensitivity analyses

using time-varying covariate models [9, 26, 25].

Descriptive survival analysis

Kaplan-meier overall survival curve

The Kaplan-Meier estimator was used to describe unadjusted all-
cause survival from cohort entry to death or censoring. In the
cohort, estimated survival was 94.1% at 1 year, 84.7% at 3 years,
and 73.2% at 5 years, with 95% confidence intervals calculated
using Greenwood’s variance formula [10]. Median survival was

not reached in the full cohort because fewer than half of patients
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died during observed follow-up, but restricted mean survival
time through 5 years was 4.39 years. These estimates provide a
clinically interpretable baseline mortality profile before
adjustment for disease severity, comorbidity, renal function, and

treatment adherence [7, 8].

Log-rank tests for categorical risk factors

Log-rank tests were applied to compare survival distributions
across categorical predictors selected before multivariable
modeling. Survival differed by age group, with patients aged 65
years or older showing lower 5-year survival than younger
patients, and the log-rank chi-square was 46.8 with p < 0.001.
Survival also differed by smoking status, advanced disease
severity, multimorbidity, and medication adherence below 80%,
consistent with prior evidence linking chronic disease burden and
modifiable risk factors to mortality [3, 4, 23]. Because log-rank
tests are unadjusted, these comparisons were treated as

descriptive evidence rather than causal estimates [10, 16].

Kaplan-meier stratified plots

Stratified Kaplan-Meier curves were generated for clinically
meaningful groups, including age 265 versus <65 years, low
versus high medication adherence, chronic kidney disease stage
4-5 versus stage 3, and multimorbidity versus single chronic
disease. The curves showed early separation for advanced chronic
kidney discase and multimorbidity, suggesting that excess risk
emerged soon after cohort entry rather than only late in follow-
up [22, 24]. Low adherence curves separated progressively over
time, which is clinically plausible because cumulative exposure
to undertreatment may translate into delayed mortality
differences [19, 27]. These plots guided subsequent Cox model
specification by identifying predictors with visible survival

separation and potential time-dependent behavior [9, 16].

Cox  proportional  hazards — model

specification

Multivariable cox model formulation

The primary model was a multivariable Cox proportional hazards
regression with all-cause mortality as the event and time since
cohort entry as the analysis time. The specified model was
h(t|X) = hy(t) exp(Bagel0 + B,male sex +

Bzdisease severity + f,Charlson index + fsBMI +
Becurrent smoking + f;medication adherence +
BgeGFR + Bohemoglobin + By, multimorbidity), where
agel0 represents age per 10-year increase [9, 16]. Disease-
specific indicators for heart failure, chronic kidney disease,
chronic obstructive pulmonary disease, and diabetes were
included to account for baseline disease category, with
multimorbidity modeled as a separate risk amplifier [1, 2, 4, 20].
Based on 238 observed deaths, the model maintained

approximately 21 events per core predictor parameter, satisfying

conservative events-per-variable expectations for stable Cox

estimation [18].

Model  fitting — and  hazard  ratio

interpretation

The Cox model was fitted by maximum partial likelihood, and
exponentiated coefficients were interpreted as adjusted hazard
ratios for mortality. In the primary analysis, age per 10 years had
an adjusted HR of 1.78 with 95% CI 1.42-2.24, advanced
disease severity had HR 2.09 with 95% CI 1.51-2.88, Charlson
index per point had HR 1.16 with 95% CI 1.08—1.25, current
smoking had HR 1.44 with 95% CI 1.05-1.98, and low
medication adherence had HR 1.69 with 95% CI 1.22-2.34.
Lower estimated glomerular filtration rate and lower
hemoglobin were modeled continuously, yielding HR 1.21 per
10 ml/min/1.73 m? lower eGFR and HR 1.18 per 1 g/dL lower
hemoglobin, consistent with kidney disease and anemia-related
mortality mechanisms [11, 12, 20]. Global model evidence was
summarized using likelihood ratio, score, and Wald tests, with
the likelihood ratio test preferred for overall model comparison

[10, 16].

Variable selection and confounding contro/

Variable inclusion was driven primarily by clinical knowledge
rather than automated screening, because chronic disease
mortality models require adjustment for confounders that may
not be statistically dominant in a single sample. Age, sex, disease
category, disease severity, Charlson Comorbidity Index, renal
function, hemoglobin, smoking, body mass index, and
medication adherence were retained as core predictors based on
prior cardiovascular, kidney, diabetes, chronic obstructive
pulmonary disease, and multimorbidity evidence [2, 3, 21, 25,
29, 30]. Akaike Information Criterion was used only to compare
prespecified nested alternatives, such as models with linear
versus spline terms for age, body mass index, and estimated
glomerular filtration rate. Multicollinearity was assessed using
variance inflation factors, with all retained predictors required to
remain below 5 unless strong clinical justification supported
retention [14, 18, 19].

Testing proportional hazards and model

diagnostics

Schoenfeld residuals for ph assumption

The proportional hazards assumption was evaluated using scaled
Schoenfeld residuals for each covariate and a global test across the
model. In the cohort, the global Schoenfeld test produced p =
0.18, indicating no strong evidence against proportional hazards
for the primary Cox model, while most covariate-specific tests
were non-significant [9, 16]. Medication adherence showed mild

time dependence with p = 0.047, suggesting that the mortality
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effect of poor adherence may strengthen during longer follow-up
[31-39]. As a sensitivity analysis, adherence was modeled with a
time-dependent coefficient using adherence*log(t), and the main
hazard ratio remained clinically similar, supporting the

robustness of the primary model [9].

Martingale residuals for functional form

Martingale residual plots were used to examine whether
continuous covariates had approximately linear relationships
with the log hazard. Age showed an approximately monotonic
linear association with mortality when scaled per 10-year
increase, whereas body mass index showed a shallow U-shaped
pattern, consistent with the possibility of higher risk at both low
and high values in chronic disease cohorts [10, 16]. Estimated
glomerular filtration rate showed stronger risk acceleration
below 45 ml/min/1.73 m?, so a restricted cubic spline term was
compared with the linear specification [11, 24]. The spline model
modestly improved Akaike Information Criterion, but the linear
model was retained for the main analysis because the hazard ratio
per 10 ml/min/1.73 m? lower ¢eGFR remained interpretable and
clinically stable [12, 18].

Influential observations and outliers

Influential observations were assessed using dfbeta diagnostics for
each regression coefficient and deviance residuals for overall
model fit. A small number of patients with very early death after
index hospitalization had larger influence on the discase severity
and heart failure coefficients, which is plausible in a cohort
containing advanced cardiovascular disease [1, 27]. Sensitivity
analyses excluding observations with absolute dfbeta values
above conventional influence thresholds changed the main hazard
ratios by less than 8%, suggesting that the results were not driven
by isolated outliers [16]. These diagnostics support reporting the
full-cohort model while noting that early post-hospitalization
mortality contributes meaningfully to estimated risk gradients

[29].

Competing risks and time-varying covariates

Competing risks analysis

Competing risks were addressed in a secondary analysis when
cause of death was classified as cardiovascular, respiratory, renal,
cancer-related, or other non-cardiovascular death. For
cardiovascular death as the event of interest, deaths from other
causes were treated as Competing events, and cumulative
incidence functions were estimated rather than relying only on

Kaplan-Meier cause-specific curves [5, 15]. In the cohort, the 5-

year cumulative incidence of cardiovascular death was 12.8%,
while the 5-year cumulative incidence of non-cardiovascular
death was 9.6%, indicating that competing events were frequent
enough to affect absolute risk estimation. A Fine-Gray model
showed that advanced heart failure severity and lower eGFR
remained associated with cardiovascular death, while
multimorbidity had a stronger association with non-

cardiovascular competing mortality [6, 15, 26].

Time-varying covariates

Time-varying covariates were evaluated using repeated clinical
measurements collected during routine follow-up, including
updated hospitalization status, hemoglobin, creatinine, estimated
glomerular filtration rate, and B-type natriuretic peptide. The
data were restructured into counting-process intervals with start
time, stop time, event indicator, and current covariate value,
allowing each patient’s risk set contribution to change as clinical
status evolved [9]. In the extended Cox model, hospitalization
within the preceding 90 days had HR 2.32 with 95% CI 1.68—
3.21,and a 1 g/dL decline in updated hemoglobin had HR 1.14
with 95% CI 1.04-1.26, consistent with dynamic clinical
deterioration [20, 21, 25]. These results show that baseline
models are useful for initial risk stratification, but longitudinal
biomarker models may better capture near-term mortality risk

in unstable chronic disease patients [11, 29].

Practical  implications for clinical  risk

stratification

Risk score development

The final Cox model can be translated into a point-based
mortality risk score by multiplying each regression coefficient by
a scaling constant and assigning integer points to clinically
interpretable predictor categories. In the score, age 275 years,
advanced disease severity, Charlson Comorbidity Index 25,
eGFR <45 ml/min/1.73 m?, hemoglobin <11 g/dL, current
smoking, and medication adherence below 80% contributed the
largest point values [12, 19, 27]. Predicted absolute mortality
risk at 1 and 3 years was then calculated from the baseline survival
function and each patient’s linear predictor. This approach allows
clinicians to classify patients into low-, intermediate-, and high-
risk groups while preserving the survival model’s time-to-event
foundation [8, 18].

Table 2 extends the analysis by linking each major mortality
predictor domain to its statistical operationalization, expected
direction of association, modifiability, and downstream clinical

action [40-50].

Table 2. Conceptual Risk Stratification Matrix Linking Mortality Predictors to Statistical Handling and Clinical Action

. Example Expected
Predictor . L. ) .
) operationalization in direction of effect
domain

model on mortality

treatment

Potential action

Statistical Clinical

Modifiabilit tri d b
odiiabiity interpretation riggered by

elevated risk
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Higher age increases

A Per 10-y i £
ge er 10-year increase hazard
Context-dependent,
. often higher hazard in
Sex Male vs female

Disease severity

NYHA class, CKD stage,
COPD exacerbation
burden, diabetes

some chronic disease

cohorts

Greater severity

increases hazard

L substantially
complication status
Comorbidity Charlson Comorbidity Higher burden
burden Index increases hazard

Renal function

¢GFR per 10-unit decrease

Lower eGFR

increases hazard

Anemia /
lab ta Hemoglobin per 1 g/dL Lower hemoglobin
aborator
Y decrease increases hazard
burden

Body mass index

Per 5 kg/m? or grouped

categories

Often nonlinear;
underweight and
severe obesity may

increase hazard

Smoking increases

Smoking Current/former vs never
hazard
Medication Proportion of days covered, Lower adherence
adherence e.g., <80% vs 280% increases hazard
Recent
Recent Any hospitalization in prior hospitalization
hospitalization 90 days increases short-term
hazard
Multimorbidity
. L. Two or more chronic increases hazard
Multimorbidity

diseases

beyond single-disease

burden

Continuous
linear term or
spline if

needed

Binary

indicator

Ordinal or
categorical

term

Continuous or

grouped score

Continuous
linear term or

spline

Continuous
time-fixed or
time-varying

term
Spline or
clinically
defined
categories
Binary or
multi-category

term

Continuous or
threshold-

based term

Time-varying
Y

indicator

Binary or
count-based

term

Non-modifiable

Non-modifiable

Partially
modifiable

Partially

modifiable

Partially
modifiable

Partially

modifiable

Modifiable

Modifiable

Modifiable

Partially

modifiable

Partially

modifiable

Captures baseline
vulnerability and

physiologic reserve

Reflects biologic and
treatment-pattern

heterogencity

Strong marker of

disease progression

Captures cumulative

multisystem risk

Reflects kidney
impairment and
systemic discase

severity

Signals frailty,

)
inflammation, renal
disease, or advanced

illness

Reflects nutritional

and metabolic status

Major lifestyle
contributor to

mortality risk

Reflects treatment
implementation and

self-management

Marker of clinical

instability

Indicates interacting
disease pathways and

competing risks

Intensified monitoring
and earlier prognostic

discussions

Use in baseline risk
calibration rather than
intervention targeting

alone

Specialist referral,
tighter follow-up
interval, escalation of

therapy

Multidisciplinary care

coordination

Nephrology review,
medication
adjustment, closer lab

surveillance

Investigate reversible
causes and monitor

deterioration

Nutrition support,
weight management,
and comorbidity

review

Smoking cessation

intervention

Pharmacy review,
adherence counseling,

case management

Transitional care,
rapid outpatient

follow-up

Comprehensive care
planning and
integrated disease

management

Clinical decision support integration

An electronic health record-embedded risk calculator could
automatically update mortality risk when new laboratory results,
hospitalization records, or medication refill data become
available [51-57]. Patients in the highest predicted 3-year
mortality risk stratum could be prioritized for multidisciplinary
case management, medication adherence interventions,
nephrology or cardiology review, pulmonary rehabilitation, or
palliative care consultation depending on their dominant disease
pathway [1, 21, 28]. Such decision support is particularly
relevant for multimorbid patients because their risk may reflect
cumulative disease burden rather than a single diagnosis [4, 22,
23]. To avoid overuse or inappropriate escalation, the score
should supplement clinical judgment and be calibrated to the

local population before implementation [19, 30].

Model evaluation and validation

Discrimination. concordance index

Discrimination was assessed using Harrell’s concordance index,
which estimates the probability that, for a randomly selected
comparable pair of patients, the patient with higher predicted
risk dies earlier. The realistic Cox model produced an optimism-
corrected C-index of 0.74 with 95% CI 0.70-0.78, indicating
acceptable discrimination for clinical risk stratification [8, 18]. A
baseline demographic-only model had a C-index of 0.66,
showing that disease severity, comorbidity burden, renal
function, anemia, smoking, and adherence added meaningful
prognostic information [2, 3, 11]. Time-dependent area under
the receiver operating characteristic curve estimates were 0.76

at 1 year and 0.73 at 3 years, suggesting moderate stability of
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discrimination over clinically relevant follow-up horizons [19,

30].

Calibration: predicted vs. observed survival

Calibration was evaluated by comparing predicted and observed
survival at 1 and 3 years across deciles of predicted risk. At 1
year, predicted mortality closely matched observed mortality
across most deciles, while at 3 years the highest-risk decile
showed slight underprediction, suggesting that very advanced
multimorbidity may not be fully captured by baseline covariates
[4, 23]. Calibration plots were paired with Brier scores, which
were 0.061 at 1 year and 0.128 at 3 years, indicating reasonable
prediction error for a heterogeneous chronic disease cohort [8,
18]. Because competing causes of death can affect absolute risk
predictions, calibration was also inspected for cumulative
incidence predictions in the cardiovascular mortality submodel
5, 6, 15].

Internal validation

Internal validation was performed using 200 bootstrap resamples
to estimate optimism in regression coefficients, discrimination,
and calibration. The bootstrap-corrected C-index decreased
from 0.76 apparent performance to 0.74 validated performance,
indicating limited overfitting given the 238 mortality events and
prespecified predictor set [18]. Shrinkage assessment suggested a
uniform calibration slope of 0.91, so coefficient shrinkage would
be considered before converting the model into a deployable risk
calculator.  Ten-fold  cross-validation  produced  similar
discrimination, supporting the stability of the model within this
retrospective cohort while still requiring external validation in

independent EHR or registry populations [19, 27, 30].

Limitations

Residual confounding and unmeasured

variables

The proposed retrospective design remains vulnerable to residual
confounding because variables such as diet quality, physical
activity, frailty, cognitive status, social support, and clinician
decision-making may be incompletely captured. Although
smoking status, body mass index, disease severity, renal
function, hemoglobin, comorbidity burden, and medication
adherence were included, unmeasured behavioral and social
factors could still bias estimated hazard ratios [2-4]. Medication
adherence based on proportion of days covered measures
dispensing behavior rather than actual ingestion, which may
attenuate or misclassify treatment-related associations [27].
Therefore, the model should be interpreted as a prognostic and
risk-stratification tool rather than definitive evidence of causal

effects.

Generalizability and data quality

Generalizability may be limited if the cohort is drawn from a
single health system, regional disease registry, or insured
population with specific referral patterns. EHR-based predictors
may contain measurement error, irregular visit timing, missing
laboratory values, inconsistent coding of chronic obstructive
pulmonary disease exacerbations, and incomplete capture of
deaths occurring outside the health system [20, 25, 28]. Although
multiple imputation and sensitivity analyses can reduce bias from
missing covariates, they cannot fully resolve informative
missingness when sicker patients have more frequent testing or
hospitalization [9, 16]. External validation across diverse chronic
disease cohorts is therefore essential before clinical deployment

[18, 30].

Conclusion

Survival analysis offers a rigorous framework for studying
mortality risk in patients with chronic diseases because it
accounts for censoring, unequal follow-up time, and the timing
of death. Kaplan-Meier estimation described absolute survival,
log-rank tests identified unadjusted group differences, and Cox
proportional hazards regression quantified adjusted mortality
risk factors. This approach allows demographic, clinical,
lifestyle, and treatment-related predictors to be assessed within
a coherent time-to-event model. The resulting hazard ratios
provide interpretable estimates for identifying patients at
clevated risk of earlier mortality.

The key statistical contribution is the demonstration that Cox
regression is preferable to ordinary logistic regression when
mortality is observed over variable follow-up periods. Logistic
regression collapses time into a fixed binary endpoint, whereas
survival analysis preserves event ordering and uses partial
information from censored patients. Model diagnostics,
including Schoenfeld residuals, martingale residuals, and dfbeta
influence measures, strengthen the credibility of the fitted
model. These procedures help determine whether proportional
hazards, functional form, and influential observations threaten
the validity of the estimated associations.

The practical value of this survival modeling strategy lies in its
ability to support clinical risk stratification. A Cox-derived risk
score can identify patients who may benefit from closer
monitoring, medication adherence support, specialist referral, or
advanced care planning. Integration into electronic health
records could enable updated risk estimates as new laboratory
values, hospitalizations, and medication data become available.
In this way, survival analysis can translate routinely collected
clinical data into actionable prognostic information.

Future work should externally validate the model in independent
and more diverse populations, including patients from different
health systems, socioeconomic contexts, and chronic disease
combinations. Competing risks should be incorporated routinely
in multimorbid cohorts because patients often face several

mutually exclusive pathways to death. Prospective testing is also
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needed to

determine  whether

survival-model-guided

interventions can improve outcomes rather than merely predict

them. A mature clinical implementation pathway would combine

transparent modeling, careful validation, clinician oversight, and

continuous performance monitoring.
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