Padova, 25th September 2022


Dear Editor,
We resubmitted our manuscript entitled “The impact of new treatments on short- and long-term outcomes in bilateral lung transplant: a propensity score study" for possible publication in Journal of Clinical Medicine. We appreciate the excellent input of the expert Reviewers, and feel indebted for the constructive and competent criticisms.  In addressing the Reviewers’ considerably complex and extensive comments, we heavily edited the manuscript that, we believe, has been substantially improved, while retaining its central theme. 
We really hope our efforts made the manuscript suitable for the high standard of JCM. 
With our best regards,
[bookmark: _heading=h.ol2nyoxxutmz][bookmark: _heading=h.mldwe5txazi4]N. Sella
[bookmark: _heading=h.umwtcvf72k6f]
REVIEW 3
The paper is interesting, but some changes are required. 
Q1: A linguistic edit is needed, and the number of abbreviations in the Abstract has to go down. Please consider using only a few or no abbreviations there, as they require much time to find out what they are. It is better to have a shorter and streamlined Abstract. 
R1: We thank the Reviewer for the excellent suggestion and we promptly reduced the number of abbreviations with the aim to clarify the whole manuscript. The abstract we changed as follows:
“ABSTRACT: Background: Despite many efforts to improve organ preservation and recipient survival, overall lung transplant (LT) mortality is still high. We aimed to investigate the impact of ‘prophylactic’ veno-arterial extracorporeal membrane oxygenation (VA ECMO) and tacrolimus on 72-hour primary graft dysfunction (PGD) and 30-day acute cellular rejection, respectively. Methods: All consecutive LT patients admitted to the Intensive Care Unit of the Padua University Hospital (February, 2016-2022) were screened. Only adult patients undergoing first bilateral LT, not requiring cardio-pulmonary bypass, invasive mechanical ventilation and/or ECMO before LT, were included. A propensity score weighting analysis was employed to account for the non-random allocation of the subjects to different treatments. Results: 128 LT recipients were enrolled. Compared to the ‘off-pump’-group (n.47,37%), ‘prophylactic’ VA ECMO (n.51,40%) recorded similar 72-hour PGD values, perioperative blood products and lower acute kidney dysfunction. Compared with cyclosporine (n.86,67%), tacrolimus (n.42,33%) recorded a lower risk of 30-day cellular rejection, kidney dysfunction and bacteria isolation. Conclusions: Prophylactic’ VA ECMO recorded 72-hour PGD values comparable to the ‘off-pump’-group; while tacrolimus showed a lower incidence of 30-day acute cellular rejection”. 
Additionally, a more detailed linguistic revision was conducted by K. E. Rose, an English speaker.
Q2: I am not sure I understand the numeric presentations in the Abstract either. Can you please explain this better and re-phrase it to increase readability? I think that the writing style needs to be easier and more generalized, rather than somewhat restricted as it is now. For example, the aim sentence does not bring in much in the first reading; it takes a lot of re-reading to understand it. 
R2: We thank the Reviewer for noticing this unclear piece of information in the abstract. We rephased the text, limiting abbreviations and redundant numbers, with the aim to clarify the clinical message. The abstract was improved as reported in the previous comment.
Q3: There is a fundamental risk of confounding by indication, which stems from the different entry statuses of the patients. This is reflected in Table 1, where we see the significant differences across the groups. Can you show that these groups are somehow poolable into the same analysis? Otherwise, it might be arguedd that the severity defined all of the outcome, and then it was masked by other effects. 
R3: We agree with the reviewer that the present study, observational in nature, could be affected by confounding by indication, which occurs when patients are not randomized to the treatments under study, and the patient's characteristics themselves are predictors of the outcome. Consequently, patients exposed and not exposed to the treatment could not be comparable to each other, undermining causal inference.
Statistical literature has described several approaches to account for confounding (2,3). Undoubtedly, covariate adjustment and propensity score analyses are the most widely used in clinical studies. The present analysis used a propensity score approach to account for confounding by indication. In practice, the propensity score represents the "chance" of being assigned to the intervention according to measured patients' characteristics. It presents several advantages over traditional multivariable regression to account for confounders. The main one is that the procedure is much more similar to randomization compared to traditional multivariable regression. First, the propensity score is estimated without using the information on the outcome under study, i.e., it is estimated using only patients' baseline characteristics. Furthermore, as demonstrated by Rosenbaum and Rubin in their master work (4), "treatment assignment and the observed covariates are conditionally independent given the propensity score", making propensity score technology “the observational study analog of randomization in experiments” (5).
However, it is well known that propensity score can adjust only for known and measured confounding factors. We cannot rule out that unknown or unmeasured factors could have affected the results. This concept has been added to study limitations. 
In conclusion, the equal distribution of known and unknown confounding factors between treatment groups can be reached only through randomization. The propensity score represents one of the best alternatives to randomization to account for confounding in an observational setting. This is why a propensity score analysis approach was employed in the present work.
2.     	Cnossen MC, van Essen TA, Ceyisakar IE, Polinder S, Andriessen TM, van der Naalt J, et al. Adjusting for confounding by indication in observational studies: a case study in traumatic brain injury. Clinical epidemiology. 2018;10:841.
3.     	Yang JY, Webster-Clark M, Lund JL, Sandler RS, Dellon ES, Stürmer T. Propensity score methods to control for confounding in observational cohort studies: a statistical primer and application to endoscopy research. Gastrointestinal endoscopy. 2019;90(3):360–9.
4.     	Rosenbaum PR, Rubin DB. The central role of the propensity score in observational studies for causal effects. Biometrika. 1983;70(1):41–55.
5.     	Rubin DB. On principles for modeling propensity scores in medical research. Pharmacoepidemiology and drug safety. 2004;13(12):855–7.
Q4: Table 1 has to be clarified more, what are the numbers in the brackets? Square brackets? Why are the groups so difficult named, couldn't those be simplified? Please provide three decimal digits for P. 
[bookmark: _GoBack]R4: The caption of each table was revised accordingly. Additionally, we thank the Reviewer for the excellent suggestion and we promptly reduced the number of abbreviations with the aim to clarify the whole manuscript. P-values were changed accordingly.
Q5: Why use weighted regression, and weighted by what and how? Please do not refere to the clinical judgment in the variable selection, this should ideally be assessed in a better way. Arguably, you have so many tests that you should consider a false-discovery rate adjustment. 
In the present work, a weighting propensity score procedure was employed. The propensity score weighting procedure works by weighting each treated and control subject with the inverse of the probability of their assigned treatment, i.e., the individual propensity score is used to compute a weight for each subject. The balancing weights were then used in the regression models for outcome analysis in order to control for bias resulting from the non-random allocation of the subjects to the treatment groups of interest. This was the reason why a weighted regression approach was employed for the outcome analysis.
Different methods have been described in the literature for the selection of variables to be used in the propensity score estimation. One method is to include variables based on clinical judgment, i.e., inclusion of variables known from the literature to be associated with the exposure and the outcome. Other works used automatic methods for variable selection, e.g., stepwise regression analysis, and reported parameters of performance of the propensity score estimated, e.g., the AUC or c statistic, as proof of PS adequacy. However, there are no evidence on the appropriateness of using automatic methods for variable selection for the propensity score estimation. Literature is still limited. Not least, Rubin has expressed concerns about the use of the latter approach arguing that “When we design a randomized experiment, we cannot try one randomization and see the answer, then try another randomization and see the answer, and continue until we find an answer that is ‘satisfactory’ for publication.” (5) Since there is no strong evidence about the use of alternative methods for variable selection in propensity score analysis, the selection was based on clinical judgment. The manuscript, tables (2 and 4) and results were improved accordingly.
5.	Rubin DB. On principles for modeling propensity scores in medical research. Pharmacoepidemiology and drug safety. 2004;13(12):855–7.

