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A B S T R A C T   

Introduction: Comparative studies on surgical treatments with time-to-event endpoints have provided substantial 
evidence for clinical practice, but the accurate use of survival data analysis and the control of confounding bias 
remain big challenges. 
Methods: This was a survey of surgical studies with survival outcomes published in four general medical journals 
and five general surgical journals in 2021. The two most concerned statistical issues were evaluated, including 
confounding control by propensity score analysis (PSA) or multivariable analysis and testing of proportional 
hazards (PH) assumption in Cox model. 
Results: A total of 74 studies were included, comprising 63 observational studies and 11 randomized controlled 
trials. Among the observational studies, the proportion of studies utilizing PSA in surgical oncology and non- 
oncology studies was similar (40.9 % versus 36.8 %, P = 0.762). However, the former reported a significantly 
lower proportion of PH assumption assessments compared to the latter (13.6 % versus 42.1 %, P = 0.020). 
Twenty-five observational studies (25/63) used PSA methods, but two-thirds of them (17/25) showed unclear 
balance of baseline data after PSA. And the proportion of PH assumption testing after PSA was slightly lower than 
that before PSA, but the difference was not statistically significant (24.0 % versus 28.0 %, P = 0.317). 
Comprehensive suggestions were given on confounding control in survival analysis and alternative resolutions 
for non-compliance with PH assumption. 
Conclusion: This study highlights suboptimal reporting of PH assumption evaluation in observational surgical 
studies both before and after PSA. Efforts and consensus are needed with respect to the underlying assumptions 
of statistical methods.   

1. Introduction 

Surgical procedures for both cancer and non-cancer patients are 
increasing diverse and sophisticated, which requires physicians to 
compare the pros and cons of different options and select the best one [1, 
2]. Randomized controlled trials (RCTs) are typically considered as the 
gold standard for evaluating efficacy and safety among different treat
ments [3]. However, the use of RCTs may be limited by methodological 
and practical challenges, such as recruitment difficulties, poor 
randomization, high research costs and other issues [4]. Observational 

studies are found to be more frequently used to evaluate surgical out
comes [5]. In recent years, advancements in real-world data and registry 
databases have facilitated more studies comparing the effectiveness of 
different surgical procedures, yielding good results [6,7]. 

However, the biggest challenge with these observational studies is 
the confounding bias caused by baseline imbalance [8]. For example, 
comparing overall survival between surgical and non-surgical groups 
may introduce bias, as surgically eligible patients often have less severe 
conditions and longer survival. Multivariable regression analysis and 
propensity score analysis (PSA) are two commonly used methods to 
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address this issue [9]. Multivariable analysis is limited by event 
numbers, and PSA compensates for this shortcoming [10]. Nevertheless, 
the quality of PSA application in surgical research needs substantial 
improvements [5]. 

On the other hand, more surgical studies focus on long-term end
points post-surgery, leading to a rise in the application of time-to-event 
endpoints [2].While Cox regression is the most widely used method for 
survival endpoints [11], its use in surgical research is far from satis
factory [12,13]. Previous study in surgical RCTs have found that testing 
and reporting of the proportional hazards (PH) assumption was scarce 
and violation of the PH assumption was frequently observed [13]. The 
PH assumption refers to the treatment effects of the intervention and 
control groups remaining relatively constant throughout the follow-up 
period [14]. If the standard Cox regression analysis is used ignoring 
the violation of PH assumption, it may lead to biased results, under
powered trials, or even misleading conclusions [15,16]. Therefore, PH 
assumption should be assessed before conducting Cox regression and 
handled if violated. However, in observational surgical studies with 
survival endpoints, the application and quality reporting of multivari
able Cox analysis considering PH assumption and PSA to control bias 
remains obscure [12]. 

Therefore, we aimed to assess the testing of the PH assumption in Cox 
models within comparative surgical RCTs and observational studies 
with survival endpoints, and to evaluate the application of PSA in 
observational studies. Comprehensive suggestions on these issues were 
given according to the application practice. The results of the study are 
applicable to other observational studies as well. 

2. Methods 

2.1. Study design and eligibility criteria 

This study is a systematic review and methodological evaluation of 
published surgical papers in five general surgical journals (Annals of 
Surgery, The British Journal of Surgery, JAMA Surgery, Journal of the 
American College of Surgeons, Surgery), and four general medical 
journals (New England Journal of Medicine, British Medical Journal, 
Lancet, The Journal of the American Medical Association) selected ac
cording to their impact factors. We searched Web of Science for reports 
published between January 1, 2021, and December 31, 2021, in these 
journals, with document types of clinical trials, reviews, or articles. The 
main inclusion criteria were observational studies or RCTs comparing 
the effectiveness and/or safety of different surgical treatments in 
humans. Detailed search strategy and eligibility criteria were provided 
in Appendices 1-2. As this was a systematic review of published studies, 
Institutional Review Board (IRB) approval was not required. 

2.2. Data extraction 

2.2.1. Baseline characteristics of included articles 
For each article, the following information was extracted: journal 

name, first author’s name, study design, disease types, comparison 
types, number of study groups, sample size, and funding. For RCTs, we 
also collected the phases of trials, types of hypothesis test, randomiza
tion ratio, and use of blinding. 

2.2.2. Reporting of PH assumption testing 
We assessed the reporting of PH assumption testing regarding sur

vival curves or Cox models by reviewing the Methods and Results sec
tions of an article. We considered authors to have addressed the PH 
assumption if they reported specific methods for PH assumption testing, 
or provided methods to address deviations from PH assumption, even 
without detailed testing methods. Otherwise, we classified it as unas
sessed. If an article mentioned PH assumption testing, we recorded the 
detailed methods used and the results whether the PH assumption was 
met. 

2.2.3. Reporting of methods to control for confounding and use of PSA 
Through reviewing the methodology section, we identified the 

methods that used for confounding control, including multivariable 
analysis, PSA, and others (such as matching based on prognostic factors 
or coarsened exact matching). For each article that utilized PSA, we first 
assessed the balance of baseline characteristics before and after PSA. 
Only when standardized mean difference (SMD) was <0.1, it was 
considered well-balanced; SMD ≥0.1 indicated imbalance; otherwise, it 
was classified as unclear. 

Meanwhile, the following aspects were also evaluated [5]: type of 
PSA, primary analysis designation, covariates reporting in propensity 
score (PS) model, PS model and variable selection, number of PS model 
variables, and reporting and handling methods of missing data. Two 
authors (QZ and RL) screened all papers independently and any dis
crepancies were discussed. 

2.2.4. Assessment of risk of bias from observational studies 
Newcastle-Ottawa Scale (NOS), the most widely used tool to evaluate 

the quality of observational studies [17], was adopted to assess the risk 
of bias of all included observational studies. Total score >7: low bias 
risk; 5–7: moderate; <5: high bias risk [18]. 

2.2.5. Statistical analysis 
Continuous variables were presented as median (interquartile range, 

IQR) and compared with Wilcoxon rank sum test due to non-normal 
distribution. Categorical variables were described as numbers and per
centages and compared by Chi-square test or Fisher’s exact test. For 
studies employing PSA, McNemar’s test was used to compare the dif
ference in the proportion of testing PH assumption. Some studies with 
non-survival endpoints as primary outcomes but with survival endpoints 
as secondary outcomes were also included in our research. To confirm 
the robustness of the results, sensitivity analyses were conducted by 
including studies with survival endpoints as primary outcomes. All 
analysis was performed with SAS software 9.4 (SAS Inc., Cary, N.C., 
USA). 

3. Results 

3.1. Study characteristics 

A total of 7573 articles were screened from five general surgical 
journals and four general medical journals. Initially, 47 duplicate arti
cles were excluded, followed by the exclusion of 7422 articles based on 
titles or abstracts. Detailed evaluations of 104 articles were conducted to 
determine their eligibility for inclusion. Ultimately, 74 articles were 
included: 63 observational studies and 11 RCTs (Fig. 1). The list of 
included articles was in Supplementary Table S1. As shown in Table 1, 
most observational studies compared two groups, while 9 articles (14.3 
%) included multiple groups (5 three-group studies, 2 four-group 
studies, 1 seven-group study, and 1 ten-group study). Among the 
included observational studies, the principal comparison was "surgery vs 
surgery", followed by "surgery vs usual care/no surgery ". And the me
dian sample size was 1099 (IQR: 293-6385). All RCTs primarily 
compared two surgical procedures. And the median sample size in the 
included RCTs was 530 (IQR: 112-3625). The results for all included 
studies were also presented by oncology (n = 47) and non-oncology 
studies (n = 27) in Table 1. Except for participant numbers, no statis
tically significant differences in characteristics were found between 
these two types of studies. 

3.2. Reporting of PH assumption testing 

Table 2 displayed PH assumption assessment results of all included 
articles. Approximately 18 out of 74 total articles (24.3 %) reported the 
assessments of PH assumption (22.2 % in observational studies versus 
36.4 % in RCTs, P = 0.445). The proportion of PH assumption 
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assessment in oncology studies was significantly lower than in non- 
oncology studies in all included studies (14.9 % versus 40.7 %, P =
0.013). When restricted in observational studies, the difference of pro
portion of PH assumption assessment between oncology studies and 
non-oncology studies was also significant (13.6 % versus 42.1 %, P =
0.020, Supplementary Table S6). Methods used for evaluation included 
graphical assessment of Kaplan-Meier (KM) curves, visual inspection of 
log-log plots, Schoenfeld residuals, the interaction between treatments 
and time, Kolmogorov type supremum test, or not reported. Schoenfeld 
residuals and log-log plots were two most frequently used methods 
(50.0 % and 22.2 % respectively). No significant differences were found 
between observational studies and RCTs and between the oncological 
and non-oncological studies. 

3.3. PSA in observational studies 

We assessed the methods employed for confounding control among 
the 63 observational studies. Among these, 73.0 % (46/63) utilized 
multivariable adjustment, 39.7 % (25/63) employed PSA, and 4.8 % (3/ 
63) used other methods like coarsened exact matching or prognostic 
factor matching. Twenty studies employed both multivariable adjust
ment and PSA simultaneously. Among the observational studies, the 
proportion of studies utilizing PSA in surgical oncology and non- 
oncology studies was similar (40.9 % versus 36.8 %, P = 0.762, 
Table 3). Of the observational studies using PSA, around one-third (32.0 
%, 8/25) had imbalanced baseline data before adjustment, and 68.0 % 
(17/25) had unclear balance. After PSA, 40.0 % of articles (10/25) re
ported good baseline balance, while 60.0 % (15/25) had unclear bal
ance. Matching (76.0 %) was the primary PS method, followed by 

weighting (24.0 %). Logistic regression model was the most frequently 
used model to estimate PS (72.0 %, 18/25). Most studies (72 %, 18/25) 
reported the variables used to construct the PS model, but nearly two 
thirds (64.0 %, 9/25) still failed to report variable selection methods of 
model building. Among the 25 observational studies using PSA, 72.0 % 
of them made conclusions according to results from PSA. Table 3 showed 
that no significant difference in the employment of PSA was observed 
between oncology and non-oncology studies. 

3.4. PH assumption testing before and after PS 

As shown in Table 4, the proportion of testing PH assumption be
tween observational studies with or without PSA was comparable before 
PSA (28.0 % vs 18.0 %, P = 0.371). Among PSA studies, the proportion 
of PH assumption testing after PSA was slightly lower than that before 
PSA, but the difference was not statistically significant (24.0 % versus 
28.0 %, P = 0.317). 

3.5. Risk of bias assessment for the included observational studies 

The overall reporting quality of the 63 included observational studies 
was moderate, with a mean NOS score of 6.3 ± 0.3 (Supplementary 
Table S2). Main deficiencies included the absence of clear evidence 
regarding outcome events before study initiation due to the retrospec
tive cohort nature (92.1 %). Insufficient follow-up data (79.4 %) and 
inadequate follow-up duration (61.9 %) were two other common issues. 
Studies were also grouped based on PH assumption assessment and PSA 
use, but no statistically significant differences in reporting quality were 
found between these groups (Supplementary Tables S3–S5). 

Fig. 1. Flowchart of the study. RCTs, randomized controlled trials.  
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3.6. Sensitivity analysis 

In the sensitivity analysis, 57 observational studies and 8 RCTs with 
survival endpoints as the primary analysis were included. The baseline 
characteristics, PH assumption, and PS reporting did not show signifi
cant changes (Data not shown). 

4. Discussion 

Proportional hazards assumption and covariate adjustment are two 
crucial issues in clinical research with survival data. This study identi
fied 74 comparative surgical studies with time-to-event endpoints, the 
majority of which were observational studies. Most studies did not 

evaluate PH assumption in Cox regression in observational studies, with 
less than one-fourth reporting PH assumption testing. In addition, PH 
assumption assessments were significantly lower in surgical oncology 
studies compared to non-oncology studies. Furthermore, the study 
highlights the suboptimal reporting of PH assumption evaluation in 
observational surgical studies both before and after PSA. These findings 
are consistent with the studies by Lin et al. [19] and Handorf et al.’s 
[20], which highlighted two main challenges in observational studies 
with survival outcomes: non-proportional hazards and confounding 
bias. 

For survival data analyzed with Cox regression, addressing violations 
of the PH assumption and accurately choosing statistical methods are 
crucial [16,21]. However, our study revealed poor reporting of PH 

Table 1 
Baseline Characteristics of Included articles.  

Variables Total (N =
74) 

Observational study (n =
63) 

RCT (n = 11) P value Oncology study (n =
47) 

Non-oncology study (n =
27) 

P value 

Journal    <0.001d   0.005d 

British Medical Journal 1 (1.4 %) 1 (1.6 %) 0 (0.0 %)  0 (0.0 %) 1 (3.7 %)  
Lancet 2 (2.7 %) 0 (0.0 %) 2 (18.2 %)  0 (0.0 %) 2 (7.4 %)  
New England journal of medicine 4 (5.4 %) 0 (0.0 %) 4 (36.3 %)  0 (0.0 %) 4 (14.8 %)  
The Journal of the American 
Medical 

2 (2.7 %) 2 (3.2 %) 0 (0.0 %)  0 (0.0 %) 2 (7.4 %)  

Association        
Annals of surgery 33 (44.6 %) 32 (50.8 %) 1 (9.1 %)  22 (46.8 %) 11 (40.8 %)  
JAMA Surgery 5 (6.8 %) 3 (4.8 %) 2 (18.2 %)  4 (8.5 %) 1 (3.7 %)  
Journal of the American College of 
Surgeons 

2 (2.7 %) 2 (3.2 %) 0 (0.0 %)  2 (4.3 %) 0 (0.0 %)  

Surgery 17 (23.0 %) 17 (27.0 %) 0 (0.0 %)  14 (29.8 %) 3 (11.1 %)  
The British journal of surgery 8 (10.7 %) 6 (9.4 %) 2 (18.2 %)  5 (10.6 %) 3 (11.1 %)  

Arms    0.095d   0.716d 

Two 65 (87.8 %) 54 (85.7 %) 11 (100.0 %)  42 (89.4 %) 23 (85.2 %)  
More than 2 groups 9 (12.2 %) 9 (14.3 %) 0 (0.0 %)  5 (10.6 %) 4 (14.8 %)  

Type of comparison    0.105d   0.271d 

Surgery vs Surgery 39 (52.7 %) 31 (49.1 %) 8 (72.7 %)  27 (57.4 %) 12 (44.5 %)  
Surgery vs Usual care/No surgerya 18 (24.3 %) 18 (28.6 %) 0 (0.0 %)  10 (21.3 %) 8 (29.6 %)  
Surgery vs Surgery plus other 
treatments 

2 (2.7 %) 1 (1.6 %) 1 (9.1 %)  2 (4.3 %) 0 (0.0 %)  

Surgery vs Drugsb 2 (2.7 %) 2 (3.2 %) 0 (0.0 %)  0 (0.0 %) 2 (7.4 %)  
Othersc 13 (17.6 %) 11 (17.5 %) 2 (18.2 %)  8 (17.0 %) 5 (18.5 %)  

Number of patients analyzed, median 
(IQR) 

1039 (293- 
3887) 

1099 (293-6385) 530 (112- 
3625) 

0.238 676 (196-2059) 3825 (1158–65,416) <0.001 

Funding    0.102✝   0.281e 

Yes 35 (47.3 %) 27 (42.9 %) 8 (72.7 %)  20 (42.6 %) 15 (55.6 %)  
No 39 (52.7 %) 36 (57.1 %) 3 (27.3 %)  27 (57.4 %) 12 (44.4 %)  

RCT, randomized controlled trial; IQR, interquartile range. 
a Two studies with three-group parallel comparisons were included. 
b One study with three-group parallel comparisons was included. 
c Six studies with more than two groups comparisons were included. 
d Fisher’s exact test. 
e Chi-square test. 

Table 2 
Reporting of proportional hazards (PH) assumption assessments.  

Characteristics Total Observational study RCT P value Oncology study Non-oncology study P value 

Assessment of PH assumption (N¼74)    0.445   0.013 
No 56 (75.7 %) 49 (77.8 %) 7 (63.6 %)  40 (85.1 %) 16 (59.3 %)  
Yes 18 (24.3 %) 14 (22.2 %) 4 (36.4 %)  7 (14.9 %) 11 (40.7 %)  

Results of PH assumption testing reported (N¼18)    1.000   0.627 
No 6 (33.3 %) 5 (35.7 %) 1 (25.0 %)  3 (42.9 %) 3 (27.3 %)  
Yes 12 (66.7 %) 9 (64.3 %) 3 (75.0 %)  4 (57.1 %) 8 (72.7 %)  

Methods used to assess the PH assumption (N¼18)a        

Graphical evaluation of KM curves 1 (5.6 %) 1 (7.1 %) 0 (0.0 %) 1.000 0(0.0 %) 1 (9.1 %) 1.000 
Log-log plots 4 (22.2 %) 3 (21.4 %) 1 (25.0 %) 1.000 1 (14.3 %) 3 (27.3 %) 1.000 
Schoenfeld residuals 9 (50.0 %) 6 (42.9 %) 3 (75.0 %) 0.577 3 (42.9 %) 6 (54.5 %) 1.000 
Treatment * time interaction 1 (5.6 %) 1 (7.1 %) 0 (0.0 %) 1.000 0 (0.0 %) 1 (9.1 %) 1.000 
Kolmogorov type supremum test in the cox model 1 (5.6 %) 1 (7.1 %) 0 (0.0 %) 1.000 0 (0.0 %) 1 (9.1 %) 1.000 
Not reported 5 (27.8 %) 5 (35.7 %) 0 (0.0 %) 0.278 3 (42.9 %) 2 (18.2 %) 0.326 

RCT, randomized controlled trial; PH, proportional hazards; KM, Kaplan-Meier. 
a An article can employ multiple PH assumption testing methods simultaneously. 
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assumption testing. Typically, the reporting of Cox analysis assumptions 
may receive less attention when survival endpoints are not the primary 
focus of a study. To ensure robustness, we conducted sensitivity analyses 
using survival endpoints as the primary focus, with no alteration to our 
conclusions. Previous studies on PH assumption assessment in various 
field reported proportions ranging from 0 to 53 % [12,22,23]. For 
instance, Kuitunen et al. examined studies on total joint arthroplasty, 
and found that 40 % mentioned PH assessment, with 36 % reporting PH 
assumption violation [12]. Our proportion was slightly lower, possibly 
because we didn’t restrict surgery types. Kuemmerli et al. focused on PH 
assumption reporting in surgical research [13], comparing adherence to 
CONSORT guidelines and statistical method reporting in surgical RCTs 
and general medical journals. They found poorer adherence and less PH 
reporting in surgical RCTs, with only two out of 25 studies reporting 
formal PHA testing [13]. These findings highlighted the need for 
improved PH reporting in current literature. In addition, only 11 % of 
studies used PSA and assessed PH simultaneously. Even after PSA, 
considering PH assumption testing with Cox regression is essential to 
avoid biased results [24–26]. 

Besides multivariable Cox model, PSA, aiming to mimic RCTs [5], 
has become a prevalent approach for bias control in observational 
studies. Only 25 articles (40 %) among the included observational 
studies employed PSA to control for confounding factors. Matching was 
the most commonly used PSA method, with the logistic model being the 
most frequently used PS model [27,28]. Similar to other studies [10,29, 
30], we outlined seven conventional PSA steps in Supplementary Fig. S1. 
However, we observed a low proportion of studies testing PH assump
tion of Cox regression after PSA. Prior research primarily concentrated 
on one aspect, with limited studies addressing both issues simulta
neously [19,31]. Recently, researchers have increasingly emphasized 
the importance of concurrently considering the PH assumption and PS 
[19,20,31–33], indicating a promising research direction ahead. For 
example, Conner proposed adjusted restricted mean survival time 
(RMST) using and integrated KM estimator with inverse probability 
weighting [33]. This method performs well in both proportional and 
non-proportional hazards scenarios and has gained acceptance recently. 
Similarly, Ni introduced the Stratified RMST Model, aiming to reduce 
confounding effects in observational studies by simultaneously adjusting 
PS [31]. In summary, if the PH assumption deviates when using Cox 
after PSA, it’s advisable to consider these alternative solutions rather 
than applying statistical methods blindly. 

To aid researchers in choosing suitable statistical methods and 
enhancing literature reporting, we’ve outlined key points and analytical 
steps for using these methods in Table 5 and Supplementary Fig. S1 as a 
reference. We summarized six methods commonly used for the PH 

Table 3 
Reporting of propensity score (PS) analysis in observational studies.  

Characteristics Total Oncology 
study 

Non- 
oncology 
study 

P 
value 

Reporting of PS analysis in all observational studies (n¼63) 
PS analysis used 

No 38 
(60.3 
%) 

26 (59.1 %) 12 (63.2 %) 0.762 

Yes 25 
(39.7 
%) 

18 (40.9 %) 7 (36.8 %)  

Reporting of PS analysis in selected observational studies using this method (n = 25) 
Baseline data balance a prior 

to PS analysisa    
0.640 

No 8 (32.0 
%) 

5(27.8 %) 3 (42.9 %)  

Yes 0 (0.0 
%) 

0 (0.0 %) 0 (0.0 %)  

Not clear 17 
(68.0 
%) 

13(72.2 %) 4 (57.1 %)  

Baseline data balance after 
PS analysisa    

0.378 

No 0 (0.0 
%) 

0 (0.0 %) 0 (0.0 %)  

Yes 10(40.0 
%) 

6(33.3 %) 4 (57.1 %)  

Not clear 15(60.0 
%) 

12(66.7 %) 3 (42.9 %)  

PS methodsb     

Matching 19 
(76.0 
%) 

15(83.3 %) 4 (57.1 %) 0.299 

Adjustment 1 (4.0 
%) 

0(0.0 %) 1 (14.3 %) 0.280 

Weighting 6 (24.0 
%) 

3(16.7 %) 3 (42.9 %) 0.299 

Stratification 0 (0.0 
%) 

0 (0.0 %) 0 (0.0 %) NA 

Model used to estimate PS    0.171 
Logistic regression model 18 

(72.0 
%) 

11 (61.1 %) 7 (100.0 %)  

Generalized boosted 
method 

1 (4.0 
%) 

1 (5.6 %) 0 (0.0 %)  

Not reported 6 (24.0 
%) 

6 (33.3 %) 0 (0.0 %)  

Details of variables included 
in PS reported 

18 
(72.0 
%) 

12(66.7 %) 6 (85.7 %) 0.626 

Number of variables included 
in PS models, median 
(IQR) 

10 (6, 
17) 

10 (6, 15) 8 (6, 25) 0.832 

Variable selection methods 
used in PS models    

0.430 

Data-driven 3 (12.0 
%) 

3 (16.7 %) 0 (0.0 %)  

Pre-defined 6 (24.0 
%) 

3 (16.7 %) 3 (42.9 %)  

Not reported 16 
(64.0 
%) 

12 (66.7 %) 4 (57.1 %)  

Rate of missing data reported 7 (28.0 
%) 

4 (22.2 %) 3 (42.9 %) 0.355 

Methods to handle missing 
data reported 

8 (32.0 
%) 

5 (27.8 %) 3 (42.9 %) 0.640 

PS analysis considered as the 
primary analysis 

18 
(72.0 
%) 

12(66.7 %) 6 (85.7 %) 0.626 

PS, propensity score; IQR, interquartile range; NA, not available. 
a Variable with standardized mean difference (SMD) < 0.1 was considered 

well balanced between comparison groups. 
b An article can employ multiple PSA methods simultaneously. 

Table 4 
Evaluation of proportional hazards (PH) assumption before and after propensity 
score (PS) analysis.  

Characteristics PS used Total P value 

Yes No 

Before PS    0.371a 

PH assumption tested 7 (28.0 %) 7 (18.0 %) 14 (22.0 
%)  

PH assumption not 
tested 

18 (72.0 %) 31 (82.0 
%) 

49 (78.0 
%)  

After PS    – 
PH assumption tested 6 (24.0 %) – –  
PH assumption not 
tested 

19 (76.0 %) – –  

P value      
0.317b – –  

PS, propensity score; PH, proportional hazards. 
a Chi-square test to compare the proportions of PH assumption testing before 

PS analysis between PS used or not. 
b McNemar’s test to compare the difference of PH assumption testing in 

studies using PS. 
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assumption testing, including graphical methods (KM curves, log-log 
plots, Schoenfeld residuals) [34,35], and three statistical tests 
(Grambsch-Therneau test, treatment-time interactions, 
Kolmogorov-type supremum test) [23,24,35,36]. All of these methods 
were used in the articles we evaluated. As results may vary, it’s advis
able to utilize both graphical methods for visualizations and statistical 
tests for a thorough assessment [37]. Meeting Cox regression’s basic 
assumptions, especially the PH assumption, enables standard Cox 
regression usage. Otherwise, alternative methods must be considered. 
There were two studies reporting that the PH assumption was violated 
after assessment, one employed Cox model with time-dependent cova
riates and another one fitted different cox models in different time pe
riods. However, there is no one size fits all approach currently. Table 5 

outlines six methods suitable for survival data analysis when PH 
assumption is violated. The application scenarios, as well as the ad
vantages and disadvantages of each method, were provided. We want to 
emphasize that when choosing appropriate method for survival data 
analysis after the violation of PH assumption, researchers need to 
consider various aspects, including analysis objectives, evidence of 
time-dependent effects, event numbers, sample size, and relevance of 
non-proportional factors [38]. Besides the methods listed in Table 5, 
parametric models like accelerated failure time models [39], or more 
flexible spline-based approaches such as the Royston-Parmar spline 
model [40,41], serve as alternatives to semi-parametric modeling. 
Random Survival Forest (RSF), a machine learning method, is also 
gaining popularity for survival data analysis due to its freedom from 

Table 5 
Summary of several methods to analyze survival data with non-proportional.  

Methods Description Explanation Advantages (+) and 
disadvantages (− ) 

R packages and functions 

Stratified Cox 
regression [38] 

Variables not meeting PH are stratified, 
while those meeting PH are directly 
included in the Cox model. 

Applicable for few non-proportional 
hazards variables with limited categories 
and secondary focus. 
Not applicable for many non-proportional 
hazards variables or when their effects are 
essential. 

+ General adjustment for 
confounding variables. 
- Cannot estimate the effects of 
stratified variables. 
- Reduced precision and power 
with excessive stratified 
variables. 

Package survival, "coxph" 
function with strata 

Separate Cox 
regression for 
different time 
periods [12,38] 

Fit separate Cox regressions within 
different time intervals to obtain 
corresponding HR, ensuring PH 
assumption within each interval. 

Applicable when distinct short-term and 
long-term effects exist or when HR 
abruptly changes, such as a transition from 
>1 to <1. 
Segmentation based on prior clinical 
knowledge to determine the appropriate 
breakpoints. 

+ Easy interpretation. 
- Selection of time points and 
segments affects HR estimation. 
- PH assumption must be satisfied 
within each interval, sometimes 
impractical. 

Package survival, "coxph" 
function; 
Package coxphw, "coxphw" 
function with template =
"PH" 

Cox regression 
with time- 
dependent 
covariates [38, 
44] 

To address non-proportional hazards 
variables, introduce an interaction term 
between the variable and time in the Cox 
regression, creating a time-dependent Cox 
model. 

It can assess PH assumptions or capture 
time-dependent effects of study factors. 
A time-dependent covariate is the product 
of a covariate with a predefined function 
of time. The function choice, like γ(t) = t or 
γ(t) = log(t), affects results, considering 
model complexity and overfitting. 

+ Flexible time function selection 
based on data. 
+ Obtain effects in multiple time 
periods with one model. 
- Requires careful function 
selection for study factor-time 
interaction. 
- Complex modeling risks 
overfitting. 
- Limited by sample size and event 
count. 

Package survival, "coxph" 
function; 
Package coxphw, "coxphw" 
function with template =
"PH" and a predefined 
time-by-covariate 
interaction 

Weighted Cox 
regression [38] 

Weighted Cox regression assigns weights to 
event times based on survivor function and 
follow-up probability. 

A well interpretable average effect 
(average HR) could be provided. It can be 
considered when only a single effect size is 
needed. 

+ No need for additional 
parameters. 
+ Applicable to small sample 
sizes. 
- Averaged HR may hide 
directional changes over time and 
temporal treatment effects. 

Package coxphw, "coxphw" 
function with template =
"AHR" 

Restricted mean 
survival time, 
RMST [33,45, 
46] 

RMST refers to the area under the KM 
curve up to a specified time point, which 
indicates the treatment effect up to that 
particular time point. A longer RMST 
indicates a better treatment effect. 

Predefined time points significantly 
influence results, often chosen for clinical 
relevance or slightly below maximum 
follow-up times. Initially used in RCTs, 
RMST is now widely applied in 
observational studies, incorporating 
covariate adjustment methods such as 
ANCOVA, pseudo-values, and IPW. 

+ Absolute differences can be 
provided, more conservative and 
interpretable. 
+ Independent of PH assumption. 
Robust test results regardless of 
survival curve crossing. 
- Require predefined time points 
without a unified standard. 

"akm.rmst" function. 
The function is available 
on GitHub (https://github. 
com/s-conner/akm-rmst). 
Package survRM2, "rmst2″ 
function. 

Landmark Cox 
analysis [47,48, 
49] 

Analysis is based on a predefined landmark 
time, excluding subjects with events or lost 
follow-up before it. Only subjects’ status at 
the landmark time is considered. 

Suitable for investigating post-baseline 
factor relationships with survival 
outcomes, especially when curves cross. 
Landmark time should be chosen based on 
clinical experience or literature review; if 
unsure, conduct sensitivity analyses with 
multiple time points. 

+ Easily to visualize. 
+ Provides effect sizes for 
different time periods and 
addresses immortal time bias. 
- Results may vary with different 
landmark times. 
- Early landmark time may lead to 
misclassification, while late 
landmark time may reduce 
sample size and power. 
- Excluding patients with 
endpoint events before the 
specified time may disrupt trial 
randomization. 

Package survival, "coxph" 
function. 

PH, proportional hazards; HR, hazard ratio; IPW, inverse probability weighting; RMST, Restricted mean survival time; KM, Kaplan-Meier; ORR, objective response 
rates; OS, overall survival. 

R.-m. Liang et al.                                                                                                                                                                                                                               

https://github.com/s-conner/akm-rmst
https://github.com/s-conner/akm-rmst


European Journal of Surgical Oncology 50 (2024) 108513

7

proportional hazards assumptions and advantages with 
high-dimensional and nonlinear data [42,43]. After understanding their 
analysis needs, researchers can choose methods by weighing their ad
vantages and disadvantages. 

There are some limitations in the study. Firstly, we did not conduct a 
comprehensive search for articles comparing surgical treatments but 
focused instead on those published in selected nine journals over a 
period of one year. As the study aimed to assess reporting quality and 
make methodological evaluations, a snapshot of articles in related top 
journals could provide representative results. In future studies, we plan 
to include articles spanning multiple years to analyze potential shifts or 
patterns. Secondly, our findings regarding the assessment of PH 
assumption testing were based on authors’ reporting, without recon
structing individual patient-level data for secondary confirmation. Some 
studies may have performed PH assumption testing but not reported it, 
potentially leading to underestimation of the assessment proportion. 
However, our findings were consistent with previous research, showing 
a similar proportion of deviation from the PH assumption, ranging from 
24 % to 28 % [15,21,50]. Thirdly, this study did not limit the disease 
type, potentially affecting reporting across different disease areas. 

5. Conclusions 

In observational studies comparing different surgical options for 
survival outcomes, there is a low proportion of studies employing sur
vival analysis and adequately reporting the PH assumption testing, as 
well as using PSA to control for confounding. Notably, the reporting of 
PH assumption testing after employing PSA is even lower. Ignoring the 
assumptions of statistical methods may lead to unreliable results, and 
it’s crucial to explore alternative statistical methods if assumptions are 
not met. This study provided a methodological paradigm to use statis
tical methods in surgical comparative research with survival outcomes. 
In the future, precise method use and reporting will enhance surgical 
research quality. 
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