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ABSTRACT

Survival analysis is a fundamental tool in clinical research for evaluating time-to-event outcomes. While the Kaplan-Meier method remains a widely used
univariable approach for estimating survival probabilities and comparing groups, it does not account for multiple risk factors simultaneously. To address
this limitation, multivariable regression models are employed, with the Cox proportional hazards model (Cox regression) being the most commonly used.
This paper provides a practical guide to Cox regression for clinicians, emphasizing its application in survival analysis rather than focusing on mathemati-
cal derivations. We discuss key concepts, including hazard ratios, model assumptions, variable selection, and interpretation of results. Additionally, we ex-
plore essential methodological considerations, such as assessing proportional hazards assumptions, handling missing data, and avoiding overfitting. By
offering a step-by-step approach to implementing Cox regression in clinical research, this article aims to enhance understanding and improve the quality
of survival analysis in medical studies. Practical examples illustrate how to interpret Cox regression results and their relevance in clinical decision-making.
Keywords: Investigative Techniques; Models, Statistical; Proportional Hazards Models; Regression Analysis; Survival Analysis

RESUMO

A analise de sobrevivéncia é uma ferramenta fundamental na investigagao clinica para avaliar o tempo até a ocorréncia de um acontecimento de interes-
se. Embora o método de Kaplan-Meier seja amplamente utilizado para estimar as probabilidades de sobrevivéncia e comparar grupos, este ndo permite
avaliar simultaneamente multiplos fatores de risco. Para contornar essa limitagéo, recorre-se a modelos de regressdo multivariada, sendo o modelo
de regressao de riscos proporcionais de Cox (regressdo de Cox) o mais utilizado. Este artigo apresenta-se como um guia pratico sobre a aplicagdo
clinica da regressao de Cox, privilegiando a sua utilizagcdo na analise de sobrevivéncia, em detrimento de abordagens matematicas mais complexas.
Sé&o discutidos conceitos essenciais, incluindo a razéo de risco, os pressupostos do modelo, a selecédo de variaveis e a interpretagdo dos resultados.
Adicionalmente, séo abordadas questdes metodoldgicas cruciais, como a verificagdo da suposigao de riscos proporcionais, a gestdo de dados omissos
e a prevengao do overfitting do modelo. Através de uma abordagem passo a passo, este artigo visa melhorar a compreenséo e a aplicagdo da regresséo
de Cox na investigagao clinica. Exemplos praticos ilustram a interpretagdo dos resultados e a sua relevancia para a tomada de decisao clinica.
Palavras-chave: Andlise de Regressdo; Andlise de Sobrevivéncia; Modelos Estatisticos; Modelos de Riscos Proporcionais; Técnicas de Investigagdo

INTRODUCTION

Survival analysis is a fundamental tool in clinical research for evaluating outcomes over time. This paper is a follow-up
to the article “Kaplan-Meier Survival Analysis: Practical Insights for Clinicians”,” which explored Kaplan-Meier analysis as
one of the most commonly used methods in clinical research for univariate analysis.

While Kaplan-Meier analysis provides an intuitive approach for estimating survival probabilities and comparing differ-
ent groups, its primary limitation is that it only allows for the assessment of one variable at a time, making it insufficient for
evaluating complex interactions between multiple risk factors.

To address this limitation, a multivariable analysis is typically conducted after descriptive and univariable analyses to
assess multiple variables (factors) that simultaneously best explain the outcomes (Fig. 1A, B, C). At this stage, regression
models play a crucial role in this process by identifying significant variables and quantifying the magnitude of their influence
(Fig. 1D).

By incorporating multiple covariates, such as age, treatment type, and comorbidities, the Cox proportional hazards
model (commonly referred to as Cox regression) provides a more comprehensive understanding of survival dynamics
compared to simpler methods. Its ability to adjust for confounders and provide an interpretable hazard ratio makes it an
essential tool in clinical research, particularly for applications such as evaluating the effectiveness of interventions and
identifying risk factors for disease progression.?

Besides Cox regression, other methods, such as the accelerated failure time model and the competing risks model,
have alternative approaches with specific assumptions and applications.>* However, these are rarely encountered in the
medical literature, and so the focus of this paper will be on the Cox regression model, highlighting its practical applications
in clinical research.

Despite its widespread use, many clinicians do not fully make use of its applications or understand its interpretation.
This paper aims to bridge that gap by providing a clear and practical guide to multivariable analysis, specifically, how to
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interpret these methods, recognize their alternatives, and be aware of their limitations. Rather than focusing on mathemati-
cal considerations, we will emphasize study design, result interpretation, and the implementation of Cox regression and
multivariable survival analysis in clinical investigation, providing healthcare professionals with the necessary skills to apply
these methods effectively.

METHODS
Understanding the Cox proportional hazards model

Consider a hypothetical study aimed at evaluating the role of the variable X2 gene expression in gastric cancer disease
progression. The collected data for all included gastric cancer patients were: X2 expression, age at diagnosis, stage of the
disease, resection margin, histological type, date of diagnosis, date of surgery, date of disease recurrence diagnosis (if
applicable), date of death due to disease progression (if applicable), and the date of last observation.

In this context, the analysis examines how these different factors influence the likelihood of an event occurring over

time, such as cancer recurrence or death. It estimates the risk of the event based on:

e The baseline hazard function (baseline risk level): this represents the starting probability of the event occurring
when no other factors are considered. Although it is mathematically essential, it often lacks direct clinical interpreta-
tion and is not the scope of most studies.

o Covariates (predictor variables): these are patient characteristics used in the model, such as age, stage, margin,
etc., that may influence the event. Careful consideration should be given to the number of covariates included in the
regression model. Overfitting and reduced statistical power can occur when too many variables are used relative
to the number of events, ultimately compromising the model’s accuracy. Covariate selection is typically based on
univariable analysis results, prioritizing variables with statistically significant associations with the outcome and/or
strong biological plausibility.

o Regression coefficients: these estimate the effect of each covariate on the event. In this case, these coefficients
quantify the influence of age at diagnosis, stage of the disease, resection margin, and histological type on time to
cancer recurrence or time to death due to disease progression.

The clinical relevance of Cox regression arises from these regression coefficients.

Statistical software packages, such as SPSS, STATA, R, and Python, typically calculate the hazard ratio (HR) for each
variable.

The HR compares the risk of an event occurring in one group to the risk of the same event in another group. An HR for
dichotomous variables compares the instantaneous risk of an event between two groups over time. Usually, an “exposed”
(or treatment) group and an “unexposed” (or control) group. An HR of 1.0 indicates no difference in risk, an HR > 1.0 means
the exposed group has a higher risk, and an HR < 1.0 means the exposed group has a lower risk.

For example, in a clinical trial comparing two treatment regimens, an HR of 0.5 would suggest that patients receiving
the new treatment have half the risk of the event occurring compared to those receiving the standard treatment. In Cox
regression multivariable models, an HR of 1.5 for a given covariate means that a one-unit increase in that covariate is as-
sociated with a 50% increase in the hazard (or risk) of the event happening at any given time. For example, if the covariate
is age (in years) and HR = 1.5, then for every one-year increase in age, the risk of recurrence increases by 50% (hypotheti-
cal scenario). If the covariate is sex, a reference category must first be defined (e.g., female). In this case, an HR = 1.5 for
male patients indicates that male patients have a 50% higher risk of the event occurring compared to female patients at
any given time.

o Covariates with HR > 1 are generally associated with an increased risk of the event of interest, such as cancer

recurrence or death occurring earlier in time, compared to a reference group.

o Covariates with HR < 1 are generally associated with a decreased risk of the event of interest, compared to a refer-

ence group. HR < 1 means that the covariate is a “protective factor”.

Taking as an example the study “The Exploration of Surgery and Survival Prediction in Patients with Peritoneal Metas-
tasis from Gastric Adenocarcinoma Based on the Surveillance, Epidemiology, and End Results (SEER) Database”,® the
authors preliminarily evaluated the possible treatment efficacy of surgical resection. For this purpose, the authors analyzed
a dataset of 399 patients with peritoneal metastases from gastric carcinoma selected from the SEER database (2000 -
2022). Following a descriptive analysis, they presented Kaplan-Meier curves depicting overall survival according to each
variable (univariable analysis).

Figure 2, reproduced from Shen Y et al,® illustrates a Kaplan-Meier curve for overall survival stratified by tumor grade



and T stage. Panels A and B depict survival according to surgical treatment in patients with low-grade (grade | - 1l) and
high-grade (grade Il - IV) tumors, respectively. Panels C and D show analogous comparisons stratified by early (T1 - T2)
and advanced (T3 - T4) primary tumor stage. Across all strata, patients undergoing surgery demonstrate improved overall
survival compared with those managed without surgery, with statistically significant differences observed on log-rank test-
ing. The dashed lines indicate the time point at which 50% of the initially included patients within each age group have died
(i.e., experienced the event), representing the median overall survival. These subgroup analyses illustrate how Kaplan—
Meier curves allow intuitive visual assessment of survival differences within clinically relevant categories. However, despite
the valuable descriptive information provided by Kaplan—Meier analysis and the quantitative comparison afforded by the
log-rank test, neither approach quantifies the magnitude of effect nor accounts for the simultaneous influence of multiple
prognostic variables. To assess the independent impact of each factor on survival and to adjust for potential confounding,
multivariable analysis is required. It is in this context that Cox proportional hazards regression assumes a central role in
clinical research.

Table 1 presents the results of a multivariable Cox regression analysis for the aforementioned cohort. This table in-
cludes the variables: age (categorized), sex, race, primary tumor staging and characteristics, and treatment-related vari-
ables, (reproduced from Shen Y et al).®

For each variable, the HR, 95% confidence interval (95% Cl), and corresponding p-value are reported. Using age as an
example, the 20 - 39 age group serves as the reference, with survival outcomes of all other age groups compared against
it. An HR > 1 (as observed for the = 80 years age group) indicates a higher risk of the event (death) relative to the reference.
Conversely, HR < 1 (as observed for the 40 - 59 and 60 - 79 age groups) suggests a lower risk of death compared to the
reference group.

Beyond HR values, interpretation of the 95% Cl is essential. If the 95% CI includes the number one, the result is not
statistically significant. In this case, although the HRs for the 40 - 59 and 60 - 79 age groups are < 1, their 95% Cls include
1. Consequently, these results are not statistically significant (p > 0.05), meaning these age groups cannot be confidently
considered protective factors for survival.

Regarding the variable “surgery”, where “no surgery” is the reference category, the HR for patients undergoing surgery
is 0.438 (95% CI: 0.301 - 0.632), which does not include 1, with a corresponding p-value of 0.001. Similar considerations
apply to radiotherapy and chemotherapy.

Based on these findings, surgery, radiotherapy, and chemotherapy appear to be independent protective factors for
survival. However, the discussion of the clinical significance of these results is beyond the scope of this paper.

Why Cox regression?
The Cox regression was first introduced by the British statistician Sir David Cox in 1972.° It revolutionized multivariable
survival analysis, being, until today, the most widely used statistical method in this field:
o Cox regression does not assume a specific form for the baseline hazard function. We can modulate and predict
survival data without knowing the baseline hazard risk.
o Cox regression deals with censored data (patients that enter after the beginning of the study, patients that are lost
to follow-up)' with minimal bias.
e Cox regression introduced the concept of the hazard ratio (explained above), which quantifies how much a given
covariate increases or decreases the risk of an event occurring at any point in time. This became a standard metric
in survival analysis and medical statistics.

However, there are some restrictions (assumptions) to bear in mind: the Cox regression assumes that covariates act
multiplicatively on the baseline hazard, meaning that each variable is associated with a constant proportional change in
the hazard rather than an additive effect. In addition, the model assumes that these effects remain constant over time, cor-
responding to the proportional hazard’s assumption.

Step-by-step guide to implementing Cox regression

A. Definition of variables and data collection

The definition and coding of variables are essential to the success of the study. If not carried out correctly before data
collection, it may compromise the entire work. For conducting a Cox regression, it is essential to clearly define the event
under study. For each study participant, key information must be defined, including the time of study entry (relative to the
study start), whether the event occurred, the time of event occurrence (if applicable), and the time of last observation or

ARTIGO DE REVISAO

ARTIGO ACEITE PARA PUBLICAGAO DISPONIVEL EM WWW.ACTAMEDICAPORTUGUESA.COM



OVYSIA3Y 30 0911V

NOD'VSANONLYOVIIAINVLOV' MMM W3 TIAINOCSIA OYIVIITENd VHVd ILIFOV ODILHY

study exit in the absence of an event. Additionally, it is essential to precisely define, code, and input covariate data at the
study’s outset.

B. Descriptive statistics and univariable analysis
This section typically includes Kaplan-Meier plots for covariates, where applicable. The approach will depend on the
study’s objective and the type and number of covariates involved.

C. Selection of variables for the multivariable model

The selection of covariates may vary depending on the study’s objective and design. Generally, variables that show
statistical significance in univariable analysis are included, along with those that have clinical relevance, even if they do not
reach statistical significance in the univariable analysis.

D. Model building

Several software packages are available for model building. STATA and SPSS are among the most widely used. The
survival package in R and the lifelines library in Python (as well as scikit-survival and statsmodels libraries) are also com-
monly applied. It is important to note that model robustness and power decrease as the number of covariates increases
relative to the number of events. Similarly, categorical variables with many categories, especially when they involve small
numbers of participants, can lead to data fragmentation and compromise accuracy, power, and potentially cause overfit-
ting. A simple, generic strategy is to consider different subsets of three or four covariates (the number of variables depends
on sample size and event count) and select the model that shows the best robustness.

E. Assessing model performance

Cox regression combines an unspecified baseline hazard with a parametric component that estimates the effect of
covariates on the hazard. In practical terms, the model does not require specification of the underlying baseline risk of
the event over time, but instead focuses on estimating relative effects between groups. For example, in a hypothetical
study evaluating the effect of adjuvant chemotherapy on survival in patients with resected gastric cancer, the baseline
hazard represents the underlying risk of death over time that would apply to all patients if no covariates were considered.
Unlike fully parametric survival models, such as exponential or Weibull models — which assume a specific mathematical
form for the baseline hazard — Cox regression leaves this baseline risk unspecified. The model therefore concentrates on
estimating the hazard ratio between patients who did and did not receive chemotherapy, assuming that this relative effect
remains constant over time (the proportional hazards assumption).® As a semi-parametric model, Cox regression is typi-
cally evaluated using likelihood-based measures and information criteria to compare different model specifications, rather
than through tests of absolute goodness of fit. One of the most widely used approaches is the likelihood ratio test, which
compares nested models — that is, models in which a simpler model is fully contained within a more complex one — by
evaluating differences in their log-likelihoods, a measure of how well a given model explains the observed data. A larger
chi-square (y?) statistic from the likelihood ratio test indicates that the more complex model explains additional variation
in the data relative to the simpler model, while a p-value < 0.05 suggests that this improvement in model fit is statistically
significant.®’

In Appendix 1, Table 1, (https://www.actamedicaportuguesa.com/revista/index.php/amp/article/view/23078/15892) re-
produced from Zhenguo Wu et al,” four Cox regression models are compared using several complementary metrics,
including the y? statistic, the Akaike information criterion (AIC), and the Bayesian information criterion (BIC). While the
¥ statistic reflects improvement in model fit, AIC and BIC additionally penalize model complexity, favoring models that
achieve a better balance between explanatory power and parsimony. Lower AIC and BIC values therefore indicate superior
relative model performance.

In this analysis, “Model 3 + TyG + SUA” demonstrated the most favorable overall performance across these criteria
compared with the other candidate models. Other methods for model evaluation may be employed depending on the
study’s aims, including discrimination measures (e.g., Harrell’s C-index) and calibration assessments.

F. Verify the proportional hazards model assumptions

Cox regression, like other statistical models, relies on a set of underlying assumptions to ensure the validity of its re-
sults. A key assumption is the proportional hazards (PH) assumption, which states that the relative risk (hazard ratio) of an
event between any two groups or individuals with different covariate levels remains constant over time. Violations of this


https://www.actamedicaportuguesa.com/revista/index.php/amp/article/view/23078/15892

assumption may compromise both the internal and external validity of the model. The PH assumption can be assessed
using both graphical and statistical approaches, which are routinely implemented in standard statistical software pack-
ages. Graphical methods include log[-log(S(t))] survival plots, which compare survival functions across covariate groups
— if the curves are approximately parallel, the PH assumption is likely valid, whereas crossing or diverging curves suggest
potential violations [Appendix 1, Fig. 1 (Appendix 1: https://www.actamedicaportuguesa.com/revista/index.php/amp/article/
view/23078/15892)].°

Schoenfeld residual plots offer another visual approach: Schoenfeld residuals are calculated as the difference between
the observed and expected covariate values at each event time, and they should display no systematic pattern when plot-
ted against time if the PH assumption holds [Appendix 1, Fig. 2 (Appendix 1: https://www.actamedicaportuguesa.com/
revista/index.php/amp/article/view/23078/15892)].%1°

For a more formal assessment, the Grambsch-Therneau test examines the relationship between Schoenfeld residuals
and time; a statistically significant result (e.g., p-value < 0.05) indicates a violation of the PH assumption for the correspond-
ing covariate."

G. Time-dependent covariates

In scenarios where a covariate’s value changes during follow-up or its effect on the hazard is not constant over time,
the covariate is considered time-dependent.'>'® Both situations violate the proportional hazards assumption of the Cox
regression model and require explicit modelling to avoid biased hazard ratio estimates.'*"

Consider the following simple scenario, illustrated in Fig. 3, in which three patient groups (A, B, and C) are followed over
time. The underlying recurrence hazard changes at approximately 12 and 24 months, resulting in the crossing of Kaplan-
Meier curves (Fig. 3A). Initially, during follow-up, group B has a lower hazard than group A. Still, this effect decreases and
then reverses after two years. Group C has intermediate early risk and improves late. This pattern is common when an
initial treatment effect wanes over time or late adverse effects emerge.

To test this formally, the proportional hazards assumption is examined using Schoenfeld residuals (Fig. 3B). The resid-
ual plot shows a clear upward trend (instead of fluctuating randomly around zero), and the associated Grambsch-Therneau
test is statistically significant (p-value < 0.05).

Once time-dependence is detected, there are two main strategies:

1. Piecewise modelling: divide the follow-up into meaningful periods (e.g., 0 - 12, 12 - 24, > 24 months) and allow
the hazard ratio to vary between periods. This approach is intuitive and produces period-specific hazard ratios, as
shown in Fig. 3C. Group B versus A is protective in the first year, neutral in the second, and harmful after two years.
This is often the most accessible approach for clinicians and is especially useful when the change points have bio-
logical or clinical meaning.''*

2. Continuous time-covariate interactions: when changes are gradual rather than abrupt, or when pre-specified pe-
riods are not obvious, a more flexible strategy is to include an interaction between the covariate and a function of
time [e.g., covariate x log(time)] in the Cox regression model. This extended model allows the hazard ratio to evolve
smoothly over time without artificially imposing cut-points.

A practical clinical example is a trial in which some patients started a second-line therapy several months after enrol-
ment. If this treatment is included in the model as a fixed baseline variable, each patient contributes follow-up time both
before and after starting therapy, but the model treats them as if they had been on treatment from day one. This creates
what is known as immortal time bias, because the period before treatment initiation is incorrectly attributed to the “treated”
group, leading to distorted hazard ratio estimates.'® The correct approach is to treat treatment status as a time-dependent
covariate. Each patient’s follow-up is divided into two intervals — before and after starting the second-line therapy — so that
their treatment status is accurately represented at each time point. Technically, this is done by splitting follow-up time into
multiple intervals per patient and using the start-stop format (also called counting process notation) in the Cox model. In
each interval, the covariate values are updated to reflect the patient’s current status.''¢

Assessing influential observations and outliers

Outliers or highly influential observations can distort hazard ratio estimates. DFBETA values measure the change in
regression coefficients when an observation is removed (compares the model with and without a particular observation to
see how it changes): large DFBETA values indicate observations that disproportionately influence the model [Appendix 1,
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Fig. 3 (Appendix 1: https://www.actamedicaportuguesa.com/revista/index.php/amp/article/view/23078/15892)].""

Dealing with missing data and informative censoring

Missing values are inevitable in real-world clinical studies. Traditional approaches like complete case analysis may
introduce bias, particularly if missingness is related to prognosis. Techniques such as multiple imputation or inverse prob-
ability weighting can help mitigate these biases, but their implementation requires careful consideration to avoid introducing
new sources of error.

Informative censoring occurs when patients with severe disease have a higher probability of dropping out, while health-
ier patients are more likely to remain in the study. This results in bias toward better survival outcomes, as the likelihood of
a subject being censored is related to their risk of event. This remains a challenge that standard Cox regression does not
inherently address.™

Sample size calculation in Cox regression models: practical insights

Sample size calculation in Cox regression analysis is essential to ensure adequate statistical power for detecting mean-
ingful associations between covariates and survival outcomes.

Unlike traditional statistical methods, survival analysis is event-driven, meaning the required sample size depends pri-
marily on the number of observed events rather than the total number of participants. A commonly used guideline suggests
at least 10 events per predictor variable to reduce the risk of overfitting.'**' Several factors influence sample size determi-
nation, including expected event rates, effect sizes, follow-up duration, and potential loss to follow-up, all of which impact
the precision of the hazard ratio.’*?' Several freely available online tools can be used to estimate sample size under these
assumptions, including web-based calculators implementing Schoenfeld’s formula (e.g., QuesGen, powerandsamplesize.
com) as well as open-source statistical software such as R, which allows both analytical and simulation-based approaches.
Schoenfeld’s formula is widely used for studies involving proportional hazards assumptions, while simulation-based meth-
ods are particularly useful in complex study designs.?>** When reading a paper, one must take this into account to know
how to translate the findings into clinical practice. While clinical trials must include a sample size calculation in their meth-
ods, non-interventional studies often lack this information.

As an example, in the study “Risk and Predictors of Dementia and Parkinsonism in Idiopathic REM Sleep Behaviour
Disorder: A Multicentre Study”,?® the authors explicitly state in the methods section how they estimated the sample size for
a future neuroprotective trial. Their calculation was based on a categorical definitive endpoint (disease phenoconversion),
with two groups (placebo versus a single-dose treatment), a two-sided alpha = 0.05, and 80% power. They used time-to-
event analysis (http://www.quesgen.com/SSSurvival.php) for a two-year trial, assuming an agent that reduces phenocon-
version with HR = 0.5. The sample size was calculated for the entire population, as well as stratified by prodromal marker
testing, using directly observed conversion rates, and adjusting for center effects based on the current study’s hazard ratio.
In the results section, the authors showed the differences in sample size calculations according to different assumptions of
the previously mentioned factors.

Machine learning, deep learning, and the future of survival analysis

Cox regression remains a fundamental tool in clinical research, but its application in modern datasets presents practical
challenges that clinicians and researchers must be aware of.

Recent advancements in machine learning (ML) and deep learning (DL) offer powerful alternative survival models, but
they lack interpretability.?*-2®

A practical approach is not to replace Cox regression but to enhance it through hybrid modeling. Artificial intelligence-
driven methods can assist in feature selection, interaction detection, and non-linear modeling while maintaining a Cox-
based framework for interpretability.

For example, machine learning can identify clusters of patients with distinct survival patterns, which can then be ana-
lyzed using a Cox model to generate clinically meaningful hazard ratios.

Deep learning in particular has shown promise in survival analysis through models such as DeepSurv, which extends
the Cox proportional hazards model by using neural networks to learn complex, non-linear relationships between covari-
ates and survival outcomes. Unlike traditional Cox regression, DeepSurv does not require the assumption of proportional
hazards and can adaptively model interactions without explicit specification. However, its major limitations include the need
for large datasets, potential overfitting, and reduced interpretability.?*-*°

One promising direction is combining deep learning with Cox regression to balance predictive accuracy and clinical
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interpretability. For instance, neural networks can be used for feature extraction, transforming raw data into meaningful
representations that can then be analyzed using a Cox model. This hybrid approach preserves the advantages of both
methods, allowing for better risk stratification while maintaining the ability to report hazard ratios that are clinically action-
able.

For example, in the article “Explainable Machine Learning Can Outperform Cox Regression Predictions and Provide
Insights in Breast Cancer Survival”,*® the authors compare the performance of Cox regression and different hybrid models.
The authors conclude that, based on their data, ML-based approaches can perform as well as the conventional Cox regres-
sion model or, in the case of the XGB model, even better. However, this improvement comes with increased complexity and
reduced interpretability.*°

CONCLUSION

Cox regression is a powerful tool for analyzing survival data, allowing researchers to account for multiple covariates
simultaneously.

This article aims to simplify the key aspects of its application, including its potential, limitations, and pitfalls. It is essen-
tial to identify which points need to be reported so that others can critically assess the applicability of our results, as well as
to develop the ability to analyze and apply findings from the wider scientific community. Recognizing the inherent limitations
associated with each method and study is fundamental to practicing evidence-based medicine responsibly and ensuring
that academic research remains both valuable and sustainable.
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Table 1 — Multivariate Cox regression analysis for patient survival
after propensity score matching. Reproduced from Shen Y et al.®
© 2024 under the terms of the Creative Commons Attribution-Non-
Commercial-NoDerivatives 4.0 International (CC BY-NC-ND 4.0).

Characteristics HR (95% CI) p-value
Age (years)

20-39 Reference

40-59 0.8252 (0.3588, 1.8977) 0.65

60-79 0.7020 (0.3084, 1.5979) 0.40

>80 1.1708 (0.4685, 2.9261) 0.74
Sex

Male Reference

Female 0.8709 (0.6114, 1.2404) 0.44
Race

White Reference

Black 0.9495 (0.5329, 1.6916) 0.86

Others 1.2767 (0.7712, 2.1137) 0.34
Grade

-1 Reference

- 0.9957 (0.6538, 1.5165) 0.98
T stage

T1-T2 Reference

T3-T4 0.9389 (0.5986, 1.4728) 0.78
N stage

NO Reference

N1 1.4114 (0.9319, 2.1375) 0.10

N2 1.3273 (0.7547, 2.3341) 0.33

N3 1.0959 (0.5423, 2.2143) 0.80
Surgery

No Reference

Yes 0.4382 (0.3037, 0.6324) <0.001***
Radiation

No Reference

Yes 0.5463 (0.3355, 0.8896) 0.02*
Chemotherapy

No Reference

Yes 0.3782 (0.2514, 0.5689) < 0.001***
Tumor size (mm)

2-43 Reference

44 -70 1.0131 (0.6915, 1.4843) 0.95

71245 0.8655 (0.5417, 1.3829) 0.55

*1 p<0.05; ***: p<0.001, multivariate Cox regression. PSM: propensity score matching;
HR: hazard ratio; Cl: confidence interval
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Figure 1 — Considering a hypothetical study exploring the role of X2 gene expression in gastric cancer progression: A) descriptive statistics
with a boxplot of X2 gene expression of the whole sample. B) univariate statistics comparing the X2 gene expression according to “no pro-
gression” (blue) group and disease progression (red) group, showing that X2 expression is higher among patients with disease progres-
sion (p-value < 0.05). C) Kaplan-Meier curves comparing time to disease progression in patients with low X2 expression (blue) and high
X2 expression (orange). It seems that the orange group has a lower time to event (higher risk of recurrence) compared to the blue group
although p-value > 0.05 (no statistical significance). D) Results of a multivariate Cox regression model for 3 covariates (R1 resection; Age;
X2 expression). The left and right limits of each line represent the 95% confidence interval limits. X2 expression confidence interval shows
that higher X2 expression is a risk factor for disease progression [HR = 1.29 95%CI (1.04 - 1.60), p-value < 0.02], adjusted for type of
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resection margin and age; R1 resection is an independent risk factor for disease progression. Author’s own work.
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Figure 2 — Kaplan-Meier survival curve of GA with PMs in different grades and T stages after PSM. (A) grades | — II; (B) grades Il — 1V;

(C) T1 -T2 stages; (D) T3 — T4 stages.

GA, gastric adenocarcinoma; PM, peritoneal metastasis; PSM, propensity score matching.

Reproduced from Shen Y et al.” © 2024 under the terms of Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International (CC BY-NC-ND 4.0), remade in vectorial

format by AMP.
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Figure 3 — lllustration of time-dependent effects. (A) Kaplan-Meier curves for three groups showing clear crossings at approximately 12
and 24 months, suggesting violation of the proportional hazards assumption. (B) Schoenfeld residuals for Group B versus Group A, dem-
onstrating a clear time trend. The Grambsch—Therneau test for proportionality was statistically significant (p-value < 0.05). (C) Piecewise
Cox regression model with three follow-up periods (0 - 12, 12 - 24, > 24 months), showing how the hazard ratio evolves over time: Group
B versus A changes from protective to harmful, while Group C versus A shows gradual improvement. Together, these plots illustrate how
visual inspection (A), formal diagnostics (B), and appropriate modelling (C) can be combined to address time-dependent effects in survival
analysis. Author’s own work.
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