Prediction models of mortality for people with cystic fibrosis
Cystic fibrosis (CF) is a rare genetic disease which disrupts ion transport, leading to the generation of mucus in several kinds of organs, including the lungs. The main cause of complications and mortality in cystic fibrosis is lung damage [1]. Lung transplantation is one of the only treatment options for people with end-stage CF [2]. Due to the scarcity of donor lungs, transplant candidates need to be carefully selected so that their long-term survival is maximized. People referred for transplantation are put on a waitlist before they get the actual transplant. This provides an opportunity for them to receive information about lung transplantation and address any barriers to the procedure [3]. The timing of transplantation is crucial. For transplant referral decisions, a delicate balance needs to be achieved – if an individual gets the transplant too early, the risk of the transplantation procedures could outweigh the risk of delayed transplantation; if the transplantation happens too late, the individual with CF could be too ill to be an appropriate transplant candidate [4]. Accurate prediction of who has an increased risk of death can be an aid in making decisions about who should be prioritized in getting the transplant and what the optimal timing is [3].
A seminal paper published in 1992 by Kerem, et al., showed that people with CF who have FEV1 (i.e., forced expiratory volume in one second, a measure of lung function) below 30% will have 50% greater risk of dying in two years. Accordingly, the International Society for Heart and Lung Transplantation established guidelines to select lung transplant candidates based on the levels of FEV1. The guidelines have been updated over the years, but FEV1 level remained to be a selection criterion today [3]. However, relying solely on FEV1 as the best indicator of CF mortality can result in inaccurate predictions due to substantial heterogeneity in disease states for a given FEV1 level, potentially overlooking important information [5].
Since the publication of Kerem, et al.’s study, other prediction models have been proposed that examined risk factors other than just FEV1, but none of them have been used clinically. These studies considered different sets of variables, from a handful to over a hundred, selected either manually, with stepwise selection methods, with Lasso techniques, or with other variable selection techniques incorporated into a machine learning algorithm. I conducted a comprehensive literature search to identify articles that have developed mortality prediction models for CF. Of the studies identified, four used logistic regression [6] [7] [8] [9], seven used Cox proportional hazards models [10] [11] [12] [13] [14] [15] [16], one used the landmark approach with Cox models [17], two used threshold regression with Cox models [18] [19], one developed a parametric time to event model [20] and one developed a machine learning algorithm [21]. 
The performance of a prediction model can be assessed using two measures – discrimination and calibration. Discrimination examines whether the model can differentiate between people who have high risk and those who have low risk and is usually reported as concordance (c)-statistic. Calibration assesses whether the model predictions are close to the actual outcomes, which can be reported using calibration plots, Hosmer-Lemeshow tests, or Brier score [22]. Not all studies reported on performance. For the studies that did, the majority showed high discrimination. The studies that compared their models with the FEV1 standard showed improved discrimination. The studies that reported on calibration showed that the models tend to predict who will live more accurately than who will die. However, calibration measures are influenced by the variability of a population. For example, mortality is more likely for the pediatric versus the adult population, on average. Therefore, for studies dealing with the adult population, the calibration measures were saturated by having more people who lived. 
[bookmark: OLE_LINK1][bookmark: OLE_LINK2]The Transparent Reporting of a multivariable prediction model for Individual Prognosis Or Diagnosis (TRIPOD) Statement provides guidelines for reporting the development, validation, and updating of prediction models. It is a checklist of 22 items that are essential components in prediction model development [23]. Within the CF literature there was a poor level of reporting in the studies selected, and details of how the models were developed were not adequately reported, making it difficult to critically appraise the available information [23]. Even if all TRIPOD items were reported, it remains challenging to directly compare model performance because the studies not only used different models, but also different variable selection methods. When the performance of a model improves, it becomes difficult to discern whether this improvement is attributed to the model itself or the variable selection method. 
Another reason why it would not be very useful to compare the studies directly is the presence of other disparities among them. The outcome of the studies was either a single outcome, death, or a composite outcome of death and lung transplantation. The studies with varying sample sizes, population, age, and data sources were too disparate to be combined into a universal model. As a result, it is difficult to reach a consensus in selecting a prediction model from these articles. 
Another issue concerns the changing nature of CF. The progression in CF treatment has improved people’s life expectancy, and therefore articles that were published in the past could be outdated and no longer relevant to a contemporary population. Key details, including performance measures, missing data handling, and model specifications were not fully reported, hindering our ability to assess and critically appraise the models. Therefore, it is unsurprising that none of these prediction models have been implemented in clinical practice. In order to effectively compare the models, future analyses will be necessary. 
In my future work, I will fit a series of prediction models and multiple variable selection methods on the Canadian CF registry dataset. Then, I will measure their performance in terms of calibration and discrimination. These steps will both externally validate the models and allow for a direct comparison. Finally, I will try to develop a new model by choosing the best variable selection method and prediction model based on their performance metrics, with the Canadian CF registry data. This proposed model would be externally validated using a CF registry from another country. By clearly assessing the proposed models using TRIPOD, we hope to help decision-makers determine whether any of the models could be applied in healthcare settings to help with transplant referrals and decision making. 
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