Supplementary file 1: 
Testing of proportional hazards in cox regression and dealing with non-proportionality issues. 

Visual assessment of KM curves is a commonly used method to assess the PH assumption and assumptions of constant risk or hazard. This means plotting survival function against time. Other methods include plotting log(-log) against time or log-transformed time (1). According to the PH assumption, the survival curves should follow a similar trend without crossing regardless of method of assessment (Figure S1A). In this case the log(-log) curves follows similar trends as well and remain parallel (Figure S1B). In most cases, however, this is not the case. The hazard for different covariates can be proportional for a while and then change. Hence the survival curves will diverge (Figure S2A). The log(-log) curves in this scenario crosses and confirms the PH violation. The curves may also cross, meaning that the hazard is greater in group 2 at first, while the hazard is higher for group 1 at the end (Figure S3A), which can be seen similarly in the log(-log) plot (Figure S3B). There also might be difference between the hazards and survival curves at first, while the difference will even out later (Figure S4A). In the log(-log) plot the curves are unparallel and cross, which indicates PH violation (Figure S4B).  Another visual assessment method is to check constancy of log hazard ratio against stratified follow-up times. As an alternative to visual methods, likely the most used statistical approach to test the PH assumption is to test the correlation of scaled Schoenfeld residuals with rank-ordered time. In this method, correlation of time with the residuals between the observed and expected values of covariates in each failure time-point is examined. Significant correlation of residuals with time can be interpreted as a violation of the PH assumption. The formed scatterplot can be visually inspected for the fit of the PH assumption and to detect potential outliers (2). Another statistical method to assess proportionality is to test log(time) and covariate interaction for statistical significance.
Violation of the PH assumption may lead to biased and erroneous effect estimates in Cox regression analysis if not appropriately accounted. Thus, if the PH assumption does not hold, adjustment of the model to meet the PH assumption is vital. Several methods have been introduced to deal with the non-proportionality of the Cox model. The Cox model can be stratified by the risk factor that violates the PH assumption (3). The downside of this stratification is that the effect of the selected stratification factor cannot be assessed. Another method is time-axis division where the Cox model that violates the PH assumption is divided into time-intervals that fulfill the PH assumption. One common way to correct violation of the PH assumption is to use time-dependent coefficients (4). In this method, the risk factors violating the PH assumptions are divided into time-intervals similar to time-axis division, yet the interaction between these coefficients and time is included in the same model (1, 3).  Schemper´s weighted model is also one possible way to deal with PH violation (5). In Schemper’s weighted model, the events and observations are analyzed based on the follow-up instead of assuming the hazard constant over time. Since the model weights the results by time, it can be used to calculate the HRs for the whole study-period (1, 5). Another method, although methodologically completely different, that avoids the proportionality issues related to the Cox model is the restricted mean survival time method, which is based on the testing of the restricted means in survival and the reporting of the differences at preselected fixed timepoints (6-8). Restricted mean survival time method has gained increasing interest as these problems related cox method have been notified more (7,9). 
It should be noted that in certain cases, PH violation alone does not automatically lead to biased regression estimates and non-proportionality is not an issue. If censoring is absent or censoring is independent of tested covariates, average hazard ratios produced by Cox regression are valid and interpretable as such. Censoring distribution, however, is almost never assessed in TJA literature. In case of non-proportionality, regression estimates may be interpreted as overall average effect during the study period as suggested recently by Stensrud and Hernan (7). This approach is suitable for RCTs where study period is usually fixed and specified and patients followed for certain time. TJA research is usually observational in nature and specific study periods such as in RCTs is not used but patients are followed as long as possible with non-random censoring distribution. Hence, the PH assumption is crucial and should not be overlooked in TJA research. As said, there is a clear biological rationale why PH is likely to often fail. Not dealing the PH assumption appropriately undermines the study purpose in TJA research. Thus, if violation of the PH assumption is detected, it should practically always be handled using one of the methods above or other applicable methods. 
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Figure S1 A) An example of Kaplan-Meier survival graph without an obvious proportional hazard violation. B) log(-log) plot for graph A to present the testing of the proportional hazard assumption unviolated as the curves remain parallel.  
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 Figure S2 A) Survival curves start as proportional, but the hazard changes and causes the survival curves to diverge. B) The log(-log) plot shows the diverge as PH violation, since the presented graphs are unparallel. 
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Figure S3 A) Survival curves cross as the hazards is firt greated in group 2 and later in group 1. B) This leads to proportional hazard violation as the log(-log) plots cross as well. 
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Figure S4 A) The hazards and survival curves start as constant but the difference evens out later. B) The log(-log) plot reveals proportional hazard violation at the end as the curves cross. 
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