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The Author(s) 2023. Published by Oxford University Press on behalf of the European Association for Cardio-Thoracic Surgery. All rights reserved. Background: Lung transplantation is the final treatment option for end-stage lung disease. In this study, we evaluated the individual risk of 1-year mortality at each stage of the lung transplantation process.

Methods: This was a retrospective analysis of patients undergoing bilateral lung transplantation between January 2014 and December 2019 in three French academic centers.

Patients were randomly divided into development and validation cohorts. Three multivariable logistic regression models of 1-year mortality were applied (A) at recipient registration, (B) the graft allocation, and (C) after surgery. The 1-year mortality was predicted for individual patients assigned to three risk groups at time points A-C.

Results:

The study population consisted of 478 patients with a mean (SD) age of 49.0 (14.3) years. The 1-year mortality rate was 23.0%. There were no significant differences in patient characteristics between the development (n = 319) and validation (n = 159) cohorts. The models analyzed recipient, donor, and intraoperative variables. The discriminatory power (area under the receiver operating characteristic curve) was 0.67 (0.62 -0.73), 0.70 (0.63 -0.77), and 0.82 (0.77 -0.88), respectively, in the development cohort, 0.74 (0.64-0.85), 0.76 (0.66 -0.86) and 0.87 (0.79 -0.95), respectively, in the validation cohort. Survival rates were significantly different among the low-(< 15%), intermediate-(15%-45%), and high-risk (> 45%) groups in both cohorts.

Conclusions: Risk prediction models allow estimation of the 1-year mortality risk of individual patients during the lung transplantation process. These models may help caregivers identify high-risk patients at times A-C, and reduce the risk at subsequent time-points. The median survival of bilateral lung transplantation recipients is 8.8 years (conditional on survival to 1 year after transplant) [START_REF] Chambers | The International Thoracic Organ Transplant Registry of the International Society for Heart and Lung Transplantation: Thirty-sixth adult lung and heart-lung transplantation Report-2019; Focus theme: Donor and recipient size match[END_REF] , and predicting 1-year survival is challenging [START_REF] Foroutan | Predictors of 1-year mortality in adult lung transplant recipients: a systematic review and meta-analysis[END_REF] . Some predictive scores have been developed to estimate 1-year survival after double lung transplantation. However, these previous studies considered only donor characteristics 6 , recipient-and donor-specific characteristics 7 , or postoperative events [START_REF] Huppmann | The Munich-LTX-Score: predictor for survival after lung transplantation[END_REF] . None of the models described in the literature integrated all stages of the lung transplantation process.

Bilateral lung transplantation involves a number of steps, including recipient registration on a waiting list [START_REF] Orens | International Guidelines for the Selection of Lung Transplant Candidates: 2006 Update-A Consensus Report From the Pulmonary Scientific Council of the International Society for Heart and Lung Transplantation[END_REF][START_REF] Weill | A consensus document for the selection of lung transplant candidates: 2014-An update from the Pulmonary Transplantation Council of the International Society for Heart and Lung Transplantation[END_REF] , donor lung selection [START_REF] Reyes | Guidelines for Donor Lung Selection: Time for Revision? The Annals of Thoracic Surgery[END_REF] , treatment allocation [START_REF] Egan | Development of the New Lung Allocation System in the United States[END_REF] , and the surgical procedure itself 

MATERIAL AND METHODS

Ethics Statement

The study received Institutional Review Board (Société Française de Chirurgie Thoracique et Cardio-Vasculaire) approval (IRB00012919). Patients provided informed consent for data collection before the lung transplantation procedure. This study was approved for retrospective data collection (CNIL MR-004 2223379-08/25/2021).

Settings and study population

The 

Primary outcome

The primary endpoint was 1-year mortality, defined as death from any cause within 365 days after lung transplantation surgery.

Variables

Recipient, donor, and intraoperative variables were collected from the national database of the Agence de la Biomédecine, and from medical reports. Operative reports were screened for important intraoperative variables (intraoperative events, pleural adherence, and difficulty in performing anastomosis). An intraoperative event was defined as one of the following: major bleeding (> 1,000 mL or a major hemorrhagic event during the operation), hemodynamic failure (systolic blood pressure < 50 mmHg) treated with high-dose catecholamines or extracorporeal assistance, cardiac arrest, or visual pulmonary edema.

Development and validation cohorts

The study population was randomly assigned to the development and validation cohorts (ratio of 2:1) using R Software. The two cohorts were compared according to baseline recipient-, donor-, and intraoperative-specific variables, to ensure the reliability of randomization. A predictive model was constructed based on the development cohort data set and then applied to the validation cohort.

Statistical analysis

Categorical variables are presented as number (percentage) and continuous variables as the mean (standard deviation, SD). Continuous variables were compared with Student's t test.

Categorical variables were compared with the chi-squared test and Fisher's exact test according to the expected number of subjects. Statistical analyses were performed using RStudio (version 4.0.3; R Development Core Team, Vienna, Austria). The model with the lowest Akaike information criterion (AIC) was considered the most accurate. The above procedure was performed for each of the three models. Variables retained in model A were force-entered into the multivariable regression model during the construction of models B and C. A maximum ratio of one parameter for five events was used in the final models [START_REF] Van Smeden | No rationale for 1 variable per 10 events criterion for binary logistic regression analysis[END_REF] . The interactions between selected factors and pathology were tested.

Variable linearity was tested using polynomial regression. The collinearity of the variates in the models were assessed using the VIF function (Variance Inflation Factor).

The predictive variables for each model were allocated scores corresponding to their linear (β) coefficients. All patients were assigned a final score corresponding to the sum of their βcoefficients in all three models. The predicted 1-year probability of mortality was calculated for each patient at each time point (A-C), and associated with the final score according to a mathematical formula. Therefore, each patient had three probabilities of mortality, expressed as percentages.

The models were then applied to the validation cohort. The areas under the receiver operator characteristic curves (AUCs) were used to determine the discriminatory power of the predictive models. We performed bootstrap calculation of the AUC within 1000 re-samplings for validation [START_REF] Fernandez-Felix | Bootstrap internal validation command for predictive logistic regression models[END_REF] We investigated the calibration and the overall performance of the models by analyzing Brier's score, calibration slope and calibration-in-the-large [START_REF] Steyerberg | Assessing the performance of prediction models: a framework for traditional and novel measures[END_REF] . The data steering committee defined thresholds for dividing the patients into three groups according to the predicted probability of mortality: low risk (< 15%), intermediate risk (15-45%), and high risk (> 45%).

The predictive accuracy of each model was determined by comparison of the observed and predicted events. Survival analysis was performed using Kaplan-Meier method. We performed decision curve analyses using 'dcurves' package.

In all analyses, p < 0.05 was taken to indicate statistical significance. 

RESULTS

The study population consisted of 478 patients (Figure 1). The mean (SD) age of the recipients was 49.0 (14.3) years and 42.9% were women. Chronic obstructive pulmonary disease (COPD, 36.8%) and cystic fibrosis (25.3%) were the most common diagnoses. More than 10% of the population (12.6%) had at least one previous thoracic surgery, 5.9% had a history of cancer, 17.6% had diabetes mellitus, 4.2% had a psychiatric disease, and 4.2% had a history of venous thromboembolism. A total of 75 patients were managed in the intensive care unit (ICU) and 25 (5.2%) required extracorporeal membrane oxygenation (ECMO) before lung transplantation.

The mean (SD) age of the donors was 47.7 (15.7) years and 46.0% were women. The main cause of death was vascular events (56.3%) and the mean (SD) duration of mechanical ventilation before organ retrieval was 2.47 (2.0) days. Among the donors, 37.7% were smokers and 5.5% had a history of pulmonary disease.

Cytomegalovirus (CMV) mismatch (donor-positive [D + ] and recipient-negative [R -]) occurred in 13.4% of cases and sex-matched lung transplantation was performed in 67.2% of cases.

The mean (SD) operative duration was 373.0 (86.6) minutes and the mean (SD) ischemic time for the second implanted lung was 381.7 (66.2) minutes. Intraoperative assistance was used in 70.7% of procedures, consisting of cardiopulmonary bypass and ECMO in 54.8% and 45.2% of cases, respectively. Intraoperative assistance was used in 80% of the cases in the early period (2014-2015) versus 45% in the late period (2018-2019). The mean (SD) arterial oxygen partial pressure to fractional inspired oxygen ratio (PaO2/FiO2 ratio) at the end of the procedure was 247.8 (115.40) mmHg. A total of 108 patients died within 1 year after lung transplantation (Figure 2).

The main recipient, donor, and intraoperative variables were comparable between the development and validation groups (Table S1). Mean (SD) follow-up time was 35 months (25). The 1-year mortality rate was higher in the development than validation cohort, although the difference was not significant (25.1% vs. 17.6%, p = 0.0848).

Univariable regression analysis

The data steering committee selected variables considered as relevant for analysis. Finally, 147 variables were included in the univariable regression analysis (Supplementary Material Table S2).

Recipient variables at registration, donor variables, intraoperative variables, and variables reflecting recipient status at the end of the procedure (impossibility of weaning off assistance, PaO2/FiO2 ratio at the end of the procedure, norepinephrine) were tested in multivariable models (Supplementary Material Table S3). Three multivariable models were finally obtained (Table 1) for each time point and applied to all patients (Supplementary Material S4). The collinearity of the variates in the models were low (Variance Inflation Factor inferior to 5).

The distributions of scores A-C were similar between the development and validation cohorts (p = 0.982, p = 0.611, and p = 0.690, respectively).

The correlations between the individual risk of mortality estimated using models A-C and scores A-C are shown in Figure 3.

The probability of mortality was calculated using the equations shown in Supplementary Material S5.

With regard to discriminatory power, the AUCs (95%CI) for models A-C were 0.67 (0.62 -0.73), 0.70 (0.63 -0.77), and 0.82 (0.77 -0.88), respectively, in the development cohort, 0.74 (0.64-0.85), 0.76 (0.66 -0.86) and 0.87 (0.79 -0.95), respectively, in the validation cohort.

When using the bootstrap calculation for validation, mean AUCs were 0.69, 0.73 and 0.83 for model A, B and C respectively. When investigating calibration in both cohorts, results were interesting (Supplementary Material S6 -S9), and no interactions with diagnosis were observed. Both models had low collinearity between the covariates (Supplementary Material S10). Decision curve analyses showed a benefit in using the models when the probability of death is higher than 10% approximately at timepoint A and B and when the probability of death is higher than 5% at timepoint C (Supplementary Material S11-S13).

In both cohorts, the high-risk group had significantly more events in all models (Table 2), and the proportion of patients who died within 1 year increased with the predicted probability of death. The distribution of predicted probability of death at 1 year was similar between the validation and development cohorts; however, those who had an unfavorable event at 1 year had a significantly higher probability of death in all models (Figure 4). 

DISCUSSION

The SALTO study represents the first attempt to estimate the probability of death (and by extension, survival) 1 year after lung transplantation at three different time-points before the postoperative period. This approach was based on three scores: score A (4 predictive variables), score B (8 predictive variables based on recipient-and donor-specific characteristics), and score C (13 predictive variables based on recipient, donor, and procedure characteristics). The three scores for each patient together comprised the absolute risk, i.e., survival probability, calculated prior to the postoperative period.

The outcomes of the study population were somewhat lower to those reported in the Registry of the International Society for Heart and Lung Transplantation (77% in our population vs 81%) 3,4 .

Our models included variables considered as prognostic factors in other studies, such as imaging abnormalities [START_REF] Oto | Feasibility and Utility of a Lung Donor Score: Correlation With Early Post-Transplant Outcomes[END_REF] , donor oxygenation ratio [START_REF] Thabut | Outcomes after lung transplantation[END_REF] , need for assistance at the end of the procedure, and mean pulmonary arterial pressure [START_REF] Hayes | Impact of pulmonary hypertension on survival in patients with cystic fibrosis undergoing lung transplantation: An analysis of the UNOS registry[END_REF] . Surprisingly, other variables such as ICU hospitalization, ECMO, sex, CMV mismatch, and graft ischemia time were not included in the models. For example, it has been reported that patients supported by ECMO before lung transplantation have poorer short-term outcomes [START_REF] Bittner | Outcome of Extracorporeal Membrane Oxygenation as a Bridge to Lung Transplantation and Graft Recovery[END_REF][START_REF] Bermudez | Outcomes of intraoperative venoarterial extracorporeal membrane oxygenation versus cardiopulmonary bypass during lung transplantation[END_REF] , but pre-operative ECMO or intraoperative assistance were not included in predictive models in the present study. The high rate of intraoperative assistance or the size of the population could explain that preoperative ECMO or intraoperative assistance were not included in the predictive models. However, the effect of intraoperative event could be captured by the intraoperative event variable in model C. Moreover, if a variable was not included in our models, it does not mean it is not a prognostic variable but other variables better fit with our predictive models. The small number of patients included in the study (n = 479) and careful patient selection may have impacted the outcomes.

The study power may have limited the detection of factors that are associated with posttransplant mortality, illustrated by the absence of variables previously identified as prognostic factors such as ischemic time. Although variable selection can be discussed, the purpose of this study was not to examine the prognostic factors themselves, but rather to achieve the most accurate prediction of 1-year survival; stepwise backward selection was adequate for this purpose [START_REF] Sanchez-Pinto | Comparison of variable selection methods for clinical predictive modeling[END_REF] . We tested four randomization sequences, which all yielded the same combinations of variables. The variables included in our models differed from those described in predictive scores in previous studies 7, [START_REF] Huppmann | The Munich-LTX-Score: predictor for survival after lung transplantation[END_REF][START_REF] Oto | Feasibility and Utility of a Lung Donor Score: Correlation With Early Post-Transplant Outcomes[END_REF] . Our selected variables could be considered as predictive factors. However, our study design did not permit exploring causal inferences. We cannot assert that the variables included in the model cause death. They may help to predict the outcome.

As an example (supplementary materialsurvival probability calculator), a subject with COPD and mean pulmonary arterial pressure of 18 mmHg would have an estimated probability of death at time A of 11.4% (low risk). With donor characteristics (PaO2/FiO2 ratio of 280, atelectasis and lung condensation on computed tomography (CT)), this probability would increase to 20.3% (intermediate risk). With an intraoperative event (major hemorrhagic event) requiring the transfusion of 6 units of red blood cells and 3.5 μg/kg/min norepinephrine at the end of the procedure, the estimated probability would increase to 51.8%. This prediction corresponds to the worst-case scenario; the reverse situation, i.e., changing from high to low risk, was also possible, but less likely.

Of the three models tested, model C showed the best discrimination and calibration, which was reasonable as predictions should be more accurate closer to the endpoint. However, this could also be affected by the clinical course, as illustrated by the 251 patients showing a change in risk group over the follow-up period. This approach could facilitate decision-making during the entire process of lung transplantation, from recipient registration to surgery. Despite these encouraging results, this study had some limitations. First, the small number of subjects limited the number of parameters that could be analyzed [START_REF] Van Smeden | No rationale for 1 variable per 10 events criterion for binary logistic regression analysis[END_REF] . The resulting AUC for models A and B could be improved with a larger population. On the other hand, the small sample size made it possible to collect complete data in a large proportion of cases. Second, as some data were collected retrospectively, the analyses of certain variables could have lacked accuracy, and some factors could not be integrated into our study, such as the preoperative Karnofsky Performance Status score 7 and human leukocyte antigen (HLA) mismatch [START_REF] Brugière | Relative impact of human leukocyte antigen mismatching and graft ischemic time after lung transplantation[END_REF] . Three centers participated in the study, and survival may have varied according to the protocols used at those centers. In those three centers, the number of intra-operative assistance is rather high (70%). In the early 2010s, in those centers, intra-operative assistance was frequently used to benefit oxygenation and to reduce the occurrence of reperfusion damage [START_REF] Rozé | Cardiopulmonary bypass during a second-lung implantation improves postoperative oxygenation after sequential double-lung transplantation[END_REF] . The number of intra-operative assistance reported in the European centers differs from a center to another (for instance, Atchade et al. reported 75% of intra-operative assistance [START_REF] Atchade | ECMO support as a bridge to lung transplantation is an independent risk factor for bronchial anastomotic dehiscence[END_REF] whereas 28% of the patients required intraoperative ECMO support in the Ius et al study [START_REF] Ius | Five-year experience with intraoperative extracorporeal membrane oxygenation in lung transplantation: Indications and midterm results[END_REF] ). Finally, further prospective studies are needed for external validation before using SALTO prediction models in clinical practice.

SALTO scores are clinically interesting as they could be used to predict changes in risk group between time points A-C. For example, when managing a patient with a high risk of mortality at time A, the goal is to decrease this risk at time B and/or C. Better graft allocation or a specific surgical procedure could be discussed during the meetings pertaining to patient registration for transplant. Ultimately, the aim is to achieve the lowest probability of death at time C. Primary diagnostic indications for transplantation and donor characteristics have changed over the past two decades (e.g., the median donor age increased by 10 years between 2000 and 2018) [START_REF] Chambers | The International Thoracic Organ Transplant Registry of the International Society for Heart and Lung Transplantation: 37th adult lung transplantation report -2020; focus on deceased donor characteristics[END_REF] and would change in the future since proportion of cystic fibrosis patients is decreasing among lung transplantation population. SALTO models could be considered as an actualization of the prediction approach and do not aim to substitute to lung allocation score.

We aimed to provide a new insight of the lung transplantation process. Variables that are not captured by UNOS or ISHLT registries, particularly intraoperative variables, were collected in order to update prediction abilities. In comparison with previous studies 6,7 based on UNOS data in North American population, our models are more specific for the European population.

As medical knowledge and techniques evolve, additional models should be used to corroborate our findings. The coefficients of the models (bêta) should be adjusted based on the inclusion of additional consecutive patients, which could involve the application of artificial intelligence systems [START_REF] Sanchez-Pinto | Comparison of variable selection methods for clinical predictive modeling[END_REF] . The results of this study can be considered as primary data; additional data could be used to improve the models automatically through artificial intelligence.

However, prospective studies are needed for external validation. Predictive models can be updated as new data becomes available, which can help refine the models and improve their accuracy over time. This can lead to more personalized and effective treatments for lung transplant patients.

Lung transplantation is a complex procedure with many factors that can affect outcomes such as donor and recipient characteristics and surgical procedure. Predictive models can be used to identify patients who are at high risk of poor outcomes and who may require more aggressive care or closer monitoring. However, it is important to note that predictive models should always be used in conjunction with clinical judgement and should not be relied on as the sole basis for clinical decision-making. 

MANUSCRIPT

  The data underlying this article will be shared on reasonable request to the corresponding author.KEYWORDS: Lung transplantation, predictive model, survivalDownloaded from https://academic.oup.com/ejcts/advance-article/doi/10.1093/ejcts/ezad167/7143385 by Universite de Bordeaux user on 13 May 2023 Downloaded from https://academic.oup.com/ejcts/advance-article/doi/10.1093/ejcts/ezad167/7143385 by Universite de Bordeaux user on 13 May 2023 Take home message: The models are clinically relevant as they provide individualized predictions of mortality according to each patient's unique situation. Downloaded from https://academic.oup.com/ejcts/advance-article/doi/10.1093/ejcts/ezad167/7143385 by Universite de Bordeaux user on 13 May 2023

  ABBREVIATIONS

13 .

 13 This study was performed to predict survival after lung transplantation at one-year (SALTO) at three time points: (A) recipient registration on the waiting list; (B) graft allocation; and (C) after the surgical procedure. Three risk groups were distinguished at each time point to help physicians reduce the risk at subsequent time points. Downloaded from https://academic.oup.com/ejcts/advance-article/doi/10.1093/ejcts/ezad167/7143385 by Universite de Bordeaux user on 13 May 2023

  study population consisted of patients aged ≥ 15 years who underwent lung transplantation between January 2014 and December 2019 at one of three French academic centers. Patients undergoing single lung transplantation, or simultaneous solid organ transplantation were excluded, as were those with previous lung transplantation. Patient data were encrypted and pseudonymized to comply with international data privacy requirements. The study was designed in accordance with the Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or Diagnosis (TRIPOD) guidelines and Strengthening the Reporting of Observational Studies in Epidemiology (STROBE).
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  Three predictive models were constructed to estimate the 1-year probability of survival at registration on the transplantation list (based on recipient variables; model A), at the time of graft allocation (based on recipient and donor variables; model B), and at the end of the lung transplantation procedure (based on recipient, donor, and intraoperative variables; model C).A data steering committee, including two surgeons and an epidemiologist, overviewed the operative reports. Sixteen reports lacked data and were excluded from the development process for model C. However, these patients were included during the development of models A and B.A univariable logistic regression model was applied to the development cohort to identify potential factors predicting 1-year mortality. Variables with a p-value < 0.25 in the exploratory analysis were incorporated into a multivariable model using backward stepwise regression. Downloaded from https://academic.oup.com/ejcts/advance-article/doi/10.1093/ejcts/ezad167/7143385 by Universite de Bordeaux user on 13 May 2023
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Figure 5

 5 Figure 5 presents a summary of the mortality prediction for each patient and time point (A-C),
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Figure 1 .

 1 Figure 1. Flow chart of the study population.

Figure 2 .

 2 Figure 2. Kaplan Meier survival curve of overall population.

Figure 3 .

 3 Figure 3. Probability of death at 1 year according to the calculated scores.

Figure 4 .

 4 Figure 4. Predicted probability of death in models A-C. Part 1: red, patients who died within 1

Figure 5 .

 5 Figure 5. Risk group according to calculated model scores: 16 patients had no score for model
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Table 1 . Multivariable logistic regression analysis of predictors of 1-year mortality
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	Cystic fibrosis	Ref A	Ref	Ref	Ref	Ref	Ref
	Emphysema/COPD	0.9727	0.064	0.8013	0.127	1.6249	0.011
	Pulmonary hypertension	0.6159	0.477	0.3806	0.671	0.5588	0.604
	Fibrosis	1.6869	0.002	1.6815	0.002	1.8299	0.005
	Other Psychiatric disease History of venous thromboembolism	1.0019 1.4226 1.7798	0.117 0.021 0.006	0.9733 1.4650 1.8994	0.126 0.024 0.005 R I P T 1.2658 1.6031 1.8738	0.114 0.041 0.019
	Mean pulmonary artery pressure (mmHg) Not measured < 20 20-40 > 40	1.1070 Ref 0.9115 1.0695 M A N 0.102 Ref 0.058 0.107 U 1.1787 Ref 0.9861 1.0929 S C 0.089 Ref 0.046 0.111	0.8225 Ref 1.1035 1.1193	Ref 0.059 0.150 0.344
	Donor information PaO2/FiO2 ratio B Atelectasis Imaging C E P T E D --	--	-0.0220 0.4420	0.101 0.118	-0.0208 0.4456	0.193 0.181
	Normal ≥ 1 abnormality C A C	--	--	Ref 0.3995	Ref 0.172	Ref 0.5794	Ref 0.084
	Positive blood culture	-	-	0.9316	0.052	1.2666	0.023
	Procedure						
	Intraoperative information:						

Table 1 . Multivariable logistic regression analysis of predictors of 1-year mortality
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	Major bilateral pleural adherence	-	-	-	-	1.1028	0.041
	≥ 1 intraoperative event	-	-	-	-	0.3877	0.306
	Red blood cell transfusion, units	-	-	-	-	0.1025	0.008
	At the end of the procedure:						
	Norepinephrine rate (μg/kg/min)	-	-	-	-	1.1028	0.003
	Need of assistance	-	-	-	-	1.0159	0.022
	COPD, chronic obstructive pulmonary disease.						

A Ref: reference. B PaO2/FiO2 divided by 10. C Excluding atelectasis.

Table 2 .

 2 One-year mortality by risk group Downloaded from https://academic.oup.com/ejcts/advance-article/doi/10.1093/ejcts/ezad167/7143385 by Universite de Bordeaux user on 13 May 2023

			Development Cohort			Validation Cohort	
		Number of	OR (95% CI)	p-value	Number of	OR (95% CI)	p-value
		events			events		
		(n/total)			(n/total)		
	Model A						
	Risk group			<0.001			0.009
	Low-risk Intermediate-risk High-risk	13/92 55/210 12/17	Ref 2.16 (1.11-4.18) 14.58 (4.41-48.27)	Ref 0.023 <0.001	3/52 21/95 4/12 R I P T 4.64 (1.31-16.38) Ref 8.17 (1.53-43.52)	Ref 0.017 0.014
	For 10% increase in predicted mortality risk		1.69 (1.37-2.08)	<0.001 S C	1.53 (1.15-2.03)	0.004
	Model B Risk group Low-risk	13/92	<0.001 Ref A N Ref M U	4/52	Ref	0.019 Ref
	Intermediate-risk High-risk For 10% increase in predicted mortality risk Model C C E P T E D 33/166 1.8 (0.92-3.54) 34/61 11.31 (4.43-28.85) 1.72 (1.44-2.06)	0.086 <0.001 <0.001	15/72 9/35	2.91 (0.92-9.2) 6.46 (1.64-25.5) 1.43 (1.11-1.84)	0.068 0.008 0.005
	Risk group Low-risk A C	11/132	Ref	<0.001 Ref	2/64	Ref	<0.001 Ref
	Intermediate-risk	33/129	3.78 (1.82-7.87)	<0.001	8/57	5.06 (1.03-24.92)	0.046
	High-risk	31/47	21.31 (8.99-50.52)	<0.001	15/33	25.83 (5.4-123.67)	<0.001
	For 10% increase in		1.74 (1.5-2.02)	<0.001		1.67 (1.36-2.05)	<0.001
	predicted mortality risk						
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