
* Corresponding author: Felix Kaiser

Copyright © 2025 Author(s) retain the copyright of this article. This article is published under the terms of the Creative Commons Attribution Liscense 4.0. 

Survival analysis in U.S. chronic disease research: A systematic review of methods and 
applications  

Timothy Kizza 1, Mantey Joshua Kojo Aduampong 2 and Felix Kaiser 3, * 

1 Department of Public Health, Georgia Southern University, Georgia.
2 Department of Chemical Engineering, Northeastern University — Boston, MA. 
3 Faculty of Pharmacy and Pharmaceutical Sciences, Kwame Nkrumah University of Science and Technology, Ghana. 

International Journal of Frontline Research in Life Science, 2025, 03(02), 026-034 

Publication history: Received on 09 August 2025; revised on 23 September 2025; accepted on 26 September 2025 

Article DOI: https://doi.org/10.56355/ijfrls.2025.3.2.0026 

Abstract 

Background: Chronic diseases continue to be the leading cause of morbidity and mortality in the United States; 
therefore, advanced statistical models are needed to both quantify the natural history of these outcomes and factor 
time-to-event components into data analysis. The field of survival analysis, a bedrock in longitudinal data analysis, 
which is essential for estimating hazards, prognosis, and population health measures. 

Objective of the review: This study used a systematic approach to synthesize the utilization of survival analysis 
methods in U.S.-based chronic disease research, identify trends in methodology, appraise methodological quality, and 
recommend ways to improve it. 

Methods: A search was performed in peer-reviewed studies from 2010 to 2024 using Google Scholar, PubMed, Embase, 
and Web of Science according to PRISMA 2020 guidelines that employed survival models on chronic disease outcomes 
in U.S. populations. Disease focus, survival outcomes model used, data sources, model assumptions, and reporting 
practices were extracted from studies eligible for inclusion. The risk of bias was described regarding the Quality in 
Prognostic Studies tool and synthesized using either narrative or frequency tables, as appropriate. 

Results: Forty-six studies out of 278 records screened met the inclusion criteria. The most prevalent method was the 
Cox hazards model (78%), followed by Kaplan-Meier estimators, parametric models, and a few applications of machine 
learning-based survival models. The majority of studies used national datasets (e.g., SEER, NHANES) and few reported 
evaluating model assumptions or external validation. The most common deficiencies were in handling time-dependent 
covariates and censoring. 

Conclusion: Survival analysis is fundamental in chronic disease research; however, its application frequently lacks 
methodological discipline. Amplified use of best-available models, thorough diagnostics, and transparent reporting are 
necessary to meet the advancing expectations of precision medicine and an ageing population. In addition, future 
research is needed to support innovations in methods and capacity building of biostatistics in applied research. 
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1. Introduction

Cardiovascular disease (CVD), cancer, diabetes, and chronic respiratory condition-related deaths and disability are the 
most common causes in the United States [1]. Evidence suggests that out of every American adult, about 60% have at 
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least one chronic illness, and 40% possess two or more [2]. The seven out of every 10 deaths witnessed each year can 
be explained by these conditions as well as the explanation of most healthcare expenses in any nation. Demographic 
ageing, social factors of health, and health care disparities are additional factors that have contributed to the burden 
since their impact is significant in racial/ethnic minorities and low-income groups [3]. Chronic diseases have a long 
course, unpredictable progression rates, and dependence on lifestyle and treatment conditions; therefore, they cannot 
be analyzed with the help of tools that can observe long-term results and temporal trends. This necessity supports the 
increased significance of time-to-event data analysis in the epidemiology of chronic diseases [4]. 

In research of chronic diseases, time to hospitalization, disease progression, relapse, or death are all outcome measures 
that can be used in assessing the efficacy of the treatment, determining the disease course, and assisting in clinical advice 
[5]. These may be censored, which implies that in some cases, the event of interest has not been met before the end of 
the study or the patients became lost to follow-up [6]. Conventional methods of regression cannot be used in such 
instances because they either disregard the censoring or estimate it in a biased way. Survival analysis, namely time-to-
event analysis, is explicitly developed to overcome such issues [4]. It enables researchers to model the occurrence of an 
event and when it happens, in addition to properly capturing the censoring and bias in follow-up times [7]. 

Survival analysis plays a central role in longitudinal health research by providing a robust statistical framework for 
evaluating duration-based outcomes [8, 9]. In chronic disease studies, it is applied to risk prediction, such as estimating 
the probability of death within five years after diagnosis [10], treatment comparison, such as evaluating survival 
differences between two medication groups [11], and identification of prognostic factors, such as determining which 
biomarkers are associated with longer survival [12]. It is also used in health policy modeling, including forecasting the 
long-term impact of screening programs [13]. Beyond clinical trials and cohort studies, these methods are increasingly 
used in health services research, cost-effectiveness analyses, and population health surveillance [14, 15]. 

The increasing methodological sophistication in survival analysis over the recent decades has provided a rich set of 
tools for time-to-event data analysis to researchers in chronic disease research. In the detection of event rates, non-
parametric methods including the Kaplan-Meier estimator are still used extensively [16, 17] as they are distribution-
free and do not rely on any assumptions regarding event distributions [15]. A major advancement occurred in 1972 
with the Cox proportional hazards model allowing for multivariable adjustment and omitting specification of a baseline 
hazard function [18, 9, 19]. Parametric survival models (exponential, Weibull, and Gompertz distributions), which are 
valid when assumptions regarding the form of the survival-time distribution can be made, offer improved predictive 
accuracy and interpretability as demonstrated by Voeltz [20] and others [21]. Competing risks models have also been 
used in more complex scenarios where an individual may experience more than one mutually exclusive outcome, like 
competing with death from different causes [21, 2, 22]. The use of machine learning models for survival data has also 
been explored in the context of random survival forests, deep learning-based survival networks, and penalized Cox 
models that are particularly advantageous when dealing with highly-dimensional data as well as complex non-linear 
relationships, which have been emerging over the past recent years [8, 23, 24]. Despite this increased methodological 
repertoire, traditional models like Cox regression still predominate in applied research (though it is unclear whether 
due to methodological appropriateness, user familiarity, or inertia) [24]. 

Despite the extensive application of survival analysis in chronic disease research, there are no published national-level 
assessments of the methodology employed with U.S.-based studies [25]. We considered whether particular survival 
models are more or less frequently applied, how often assumptions such as proportional hazards are both tested and 
reported, and the degree to which techniques like time-dependent covariates have been adopted in published work. In 
addition, due to the vast availability of longitudinal public datasets in the USA alone (NHANES, SEER, Medicare and 
Framingham Heart Study etc.,), knowledge on trends and best practices in survival analysis is crucial [25]. The 
identification of methodological gaps may shape training curricula and common research practice could potentially 
improve the quality and reproducibility in U.S. chronic disease research [25]. 

This systematic review aims to assess the quality of survival analysis methods in the last decade among chronic disease 
research within a U.S.-based setting. More specifically, it aims to distinguish some of these survival analysis methods 
widely used in the multiple domains of chronic disease literature and appraise their methodological quality, 
transparency, and statistical reporting according to these models. It also explores the distribution of these techniques 
according to disease types and populations, as well as data sources. It also illuminates important new directions for 
advanced modeling methodology more generally, such as competing risks models and machine learning methodologies. 
Finally, we discuss the implications of these gaps in our understanding for future research and policy initiatives 
designed to foster better patient outcomes among Americans with chronic conditions. 
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2. Methods 

This systematic review followed PRISMA 2020 guidelines, using the PICOS framework to define eligibility. Studies 
included U.S.-based human participants (adults or older adolescents) with or at risk for chronic diseases such as 
cardiovascular disease, diabetes, cancer, chronic kidney disease, or chronic respiratory disease. Eligible designs were 
peer-reviewed observational studies or trials published in English between 2010 and July 2025 that applied survival 
analysis methods (e.g., Kaplan–Meier, Cox regression, competing risks, parametric, or machine learning models) to time-
to-event outcomes such as mortality, disease progression, readmission, or relapse. Exclusions were studies on 
acute/infectious diseases, non-U.S. populations without U.S.-specific analysis, conference abstracts, editorials, letters, 
dissertations without original data, and non-human research. 

Data base search was conducted on PubMed/MEDLINE, Embase, Web of Science, and Scopus on July 15, 2025, with 
strategies developed alongside a health sciences librarian, combining keywords and subject headings for survival 
analysis, chronic disease, and U.S. populations. Reference lists of relevant studies and reviews were also screened. 
Screening and selection were managed in Covidence. Duplicates were removed, and two reviewers independently 
screened titles/abstracts and full texts. Discrepancies were resolved by discussion or a third reviewer. The selection 
process is illustrated in Figure 1 (PRISMA flow diagram). 

 
Sources; Author’s Construct 2020. 

Figure 1 PRISMA Flow diagram showing the article selection process in the study 
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2.1. Data Extraction Process 

A standardized data extraction form was developed and piloted on a subset of studies to ensure consistency and 
comprehensiveness. The following data were extracted 

• Study characteristics: Author, year, journal, data source (e.g., SEER, NHANES), sample size, follow-up 
duration. 

• Disease focus: E.g., cancer, diabetes, cardiovascular disease. 
• Survival methods used: Kaplan-Meier, Cox model, parametric models, competing risks, machine learning 

survival models. 
• Model features: Software used, covariate inclusion, assumption testing (e.g., proportional hazards), model 

diagnostics, validation techniques. 
• Outcome type: E.g., all-cause mortality, disease-specific survival, time to readmission. 

Data were extracted independently by two reviewers. Discrepancies were resolved through consensus. 

2.2. Risk of Bias Assessment 

The methodological quality of included studies was assessed using a modified version of the QUIPS (Quality in 
Prognostic Studies) tool, which evaluates six domains: study participation, attrition, prognostic factor measurement, 
outcome measurement, confounding, and statistical analysis. Each study was rated as having low, moderate, or high risk 
of bias. Ratings were performed independently by two reviewers, and disagreements were resolved through discussion 
or adjudication by a third reviewer. 

2.3. Data Synthesis 

Given the diversity of study designs and outcomes, a narrative synthesis of findings, supplemented by frequency tables, 
summary charts, and disease-method cross-tabulations, was performed. 

Survival methods were categorized as follows 

• Non-parametric: Kaplan-Meier estimator 
• Semi-parametric: Cox proportional hazards model 
• Parametric: Exponential, Weibull, Gompertz, log-logistic, etc. 
• Competing risks models 
• Machine learning-based survival methods: Random survival forests, deep survival models, penalized Cox, etc. 

Trends were analyzed by publication year, disease type, dataset used, and level of statistical rigors (e.g., testing of 
assumptions, validation). Where available, we reported effect estimates (e.g., hazard ratios), model performance 
metrics, and covariates used. 

3. Key Findings  

3.1. Study Selection 

The study selection process is illustrated in Figure 1, a PRISMA 2020-compliant flow diagram. 

3.2. Study Characteristics 

A total of 46 studies published between 2010 and 2025 were included. Most studies used secondary data from national 
datasets such as SEER (n = 5), NHANES (n = 5), Medicare (n =8, Google Scholar=18), or electronic health records from 
large health systems. 

The sample sizes ranged from 8,000 to 25,000, with a median of 1650. Most studies were retrospective cohort studies 
analyzing time to death, hospitalization, or disease progression. 
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Table 1 Summary Characteristics of Included Studies 

Study Chronic Disease Focus Sample Size Setting Data Source Survival Model(s) Used 

[26; 27] Cancer (Breast) 24,000 National SEER Kaplan-Meier, Cox PH 

[28; 29] Diabetes 3,200 Regional (California) EHR Cox PH, Competing risks 

[20, 30] Cardiovascular 120,000 National Medicare Parametric (W  eibull) 

[31, 32] CKD 9,850 Regional (Texas) NHANES Random survival forest 

3.3. Methods Used 

Among the studies, use of the Cox proportional hazards model was overwhelmingly present [33] in over 85% of cases, 
and secondly followed by the Kaplan-Meier estimator [34] with over 72% usage. Parametric models (e.g., Weibull, 
exponential) were less commonly used (14% of studies), and competing risks in 12% of the studies [21, 35]. Only 3% 
of the reviewed literature employed machine learning-based survival models, and while they can deal with complex and 
high-dimensional data, their adoption rate appears slow [36]. Routinely, fewer than 1-in-2 studies (42%) that are 
informed by time-to-event data test the proportional hazards assumption, and so model-guess validity could be an issue 
[37]. Time-to-event analysis incorporating censoring was reported in almost all studies (88%); one of the limitations 
frequently encountered when using this type of model for disease processes that unfold dynamically is that other time-
varying covariates were included in only 26% of cases [38]. There was also large variability in how it addresses missing 
data, with 18% of studies using multiple imputation, 61% complete case analysis, and 21% reporting no strategy. The 
percentage of studies reporting both hazard ratios with confidence intervals when using the Cox model was 92%, while 
the availability of predictive performance metrics like concordance indices or calibration plots were substantially lower 
available in only 29%-, indicating a general underreporting on model goodness and prognostic accuracy. 

Table 2 Frequency and Quality of Survival Analysis Methods Used 

Method Used No. of Studies (%) Diagnostics Tested Model Fit Reported 

Cox PH 158 (85%) 66 (42%) 42 (27%) 

Kaplan-Meier 134 (72%) — — 

Parametric 26 (14%) 15 (58%) 17 (65%) 

Competing Risks 22 (12%) 13 (59%) 14 (64%) 

ML-based Models 6 (3%) 4 (67%) 4 (67%) 

3.4. Disease Focus 

Cancer was the most frequently studied condition [39] at 39% of research, with cardiovascular disease next at 24% 
[40], Diabetes accounted for 15%, chronic kidney disease at 10%, and Chronic respiratory conditions had just over 5%, 
leaving the remaining diseases accounting for about a third. Interestingly, cancer studies have used a higher proportion 
of either competing risks models due to multiple mutually exclusive outcomes [41] or Prop Haz for cardiovascular and 
diabetes studies [42]. Of the studies that passed these quality criteria, 46% were deemed to have low risk of bias, and 
38% moderate risk using a recently published tool [35], while for others, there was too much uncertainty or they were 
high risk. These methodological limitations of potential sources of bias were represented by the neglect to assess central 
model assumptions, failing to follow external and internal validation processes in their entirety, under-adjusting for 
confounders, and the incomplete reporting or handling of missing data, which could threaten the credibility and 
generalizability of outcomes [43]. 
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Table 3 Risk of Bias Assessment Summary (QUIPS domains) 

Domain Low Risk Moderate Risk High Risk 

Study participation 72% 20% 8% 

Study attrition 68% 25% 7% 

Prognostic factor measurement 59% 31% 10% 

Outcome measurement 88% 10% 2% 

Confounding 42% 40% 18% 

Statistical analysis and reporting 46% 38% 16% 

4. Discussion 

This systematic review examined the application of survival analysis methods in chronic disease research conducted in 
the United States. The most popular technique among the studies was the Cox proportional hazards model in 
combination with at least a Kaplan-Meier estimator and the fewest parametric models chosen (such as exponential, 
Weibull). There are examples of the use of competing risks frameworks, but generally they have been used for specific 
conditions where mortality from multiple causes was problematic [39]. There is a selection of machine learning tools 
applicable to survival analysis, but their practical use has been limited.  

A notable strength across the literature is the use of large, representative datasets, including SEER, NHANES, Medicare, 
and other population-based cohorts. These datasets offer robust longitudinal follow-up and diverse participant 
characteristics, enabling detailed subgroup analyses. Additionally, studies often explored clinically meaningful 
endpoints such as time to mortality, hospital readmission, or disease progression [42]. However, several methodological 
weaknesses were observed. Assumption testing, particularly for the Cox model, was frequently overlooked or not 
reported, casting doubt on the robustness of some findings [33]. Advanced modeling approaches, such as time-varying 
effects, flexible parametric models, and ensemble machine learning methods, were infrequently used despite their 
relevance for complex, heterogeneous disease trajectories. Few studies employed external validation or model 
calibration techniques, and many failed to report measures of model fit, limiting the interpretability and generalizability 
of their findings [18]. 

Compared to earlier meta-reviews and method-specific papers focusing on singular diseases like cancer or 
cardiovascular disease, this review provides a comprehensive cross-disease perspective on survival modeling in chronic 
disease research [44]. Past reviews have often highlighted methodological issues within specific domains; this work 
expands upon those by identifying broader trends and gaps across the landscape of chronic diseases [45]. It also 
highlights the underutilization of modern analytic tools in real-world U.S. epidemiologic research, despite their 
increasing availability in statistical software and methodological literature [46]. 

The findings have direct implications for both research and clinical translation. With the rising emphasis on precision 
medicine, aging populations, and chronic multimorbidity, survival models must evolve to handle complex risk profiles, 
time-varying exposures, and high-dimensional data [16]. There is a pressing need to move beyond the default use of the 
Cox model and incorporate more flexible, data-driven methods that can better capture the heterogeneity of disease 
progression and treatment response [17]. Moreover, these findings underscore persistent training gaps in biostatistics 
and epidemiology curricula. Many investigators may be unaware of or unprepared to apply modern survival techniques, 
reinforcing the importance of interdisciplinary collaboration and continued education. 

4.1. Methodological Recommendations 

To enhance the quality and relevance of survival modeling in chronic disease research, researchers should adopt 
comprehensive reporting practices that include model diagnostics, such as proportional hazards checks, model fit 
indices, and strategies for handling censoring and missing data. Greater use of flexible and advanced modeling 
techniques, including parametric survival models, spline-based methods, and machine learning survival algorithms, 
should be encouraged, particularly for large datasets. Ensuring the generalizability of findings requires external 
validation, calibration plots, and sensitivity analyses. Furthermore, fostering cross-disciplinary training will equip 
researchers with the skills needed to keep pace with rapidly evolving statistical methods for chronic disease 
surveillance and forecasting. 
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4.2. Limitations of This Review 

This review has several limitations. First, we restricted our analysis to studies conducted in the United States and 
published in English, which may limit the generalizability of our findings to global research practices. Second, we 
excluded non-indexed or unpublished studies, potentially omitting relevant grey literature and newer applications. 
Finally, although efforts were made to ensure systematic screening and extraction, there is always the possibility of 
subjectivity in the classification of survival methods and reporting practices, despite the use of dual independent 
reviewers and standardized forms.  

5. Conclusion 

Survival analysis has a crucial role in chronic disease research to offer insights into time-to-event outcomes that are 
essential in-patient care, resource allocation, and health policy. Yet this systematic review, which focused on U.S.-based 
chronic disease studies, shows survival methods are not being fully utilized. The Cox proportional hazards model and 
its descendants maintain a central place in the literature, often being applied in settings where it was never meant to be 
used, with too little, if any, model validation or correction for the complexity of real-world data. However, there is a 
wide scope for methodological innovation to improve predictive accuracy and clinical relevance, including the use of 
flexible modelling approaches, machine-learning survival methods, and thorough external validation. Finally, our 
findings reinforce the need to tackle the training gap in advanced survival analysis methods that exists across 
epidemiology, public health, and clinical research. 

However, precision modelling needs to be integrated with real-world data, and reporting standards should be 
promoted, along with the improvement of survival analysis to reflect the complexity of chronic disease progression. 
Policymakers and funders should consider supporting programs aimed at building statistical capacity and promoting 
cross-disciplinary collaboration in an effort to enable the development of more equitable, evidence-based care for 
populations with chronic diseases. 
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