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Complications of Sickle cell disease (SCD) are ameliorated by modifying therapies but, hematopoietic cell transplantation
(HCT) remains the only therapeutic option with curative intent. The therapeutic dilemma faced by families regarding HCT is
partly related to the uncertainty regarding outcomes and adverse events. Computational machine-learning (ML) methods add
to population-level outcomes by helping determine generalizable predictive patterns and quantifying uncertainty in those
estimates. The incorporation of uncertainty as well as predictions allows clinicians to assess the confidence level of the pre-
dictions, avoid over-reliance on potentially incorrect results, allows for risk management and mitigation by considering the
potential range of outcomes. Thus, such models may permit better decision-making by considering different scenarios and
their probabilities, and increase transparency and accountability, by providing insight into how the model arrived at its predic-
tions. Our objective was to develop a personalized, predictive machine learning model derived from center for international
bone marrow transplant research (CIBMTR)datasets which meets acceptable AUC, calibration slope and discrimination.
Methods

We applied ML methods to clinical parameters and both categorical and time-to-event outcomes in a de-identified CIBMTR
dataset of patients undergoing HCT. A supervised random forest model was created with baseline covariates as independent
variables. Model selection was performed by both the clinician and data scientists to create a model using prognostically
relevant variables. Since the number and percentage of negative outcomes in HCT for SCD is smaller than the positive out-
comes, the model is imbalanced and biased towards predicting positive outcomes. To counter the imbalance, we constructed
a training dataset taking each outcome variable of interest, and included randomly sampled positive outcomes, typically 1.5-3
times the total instances of the variable of interest. We ran the test dataset, and used a random forest on 20 such trials. To
account for the effect of the undersampling, we propose a positive threshold §, and assigned a final prediction of a negative
outcome if the average sum for an element is greater than delta. We performed a 2 times Repeated 10 Fold Cross Validation,
to demonstrate our model’s versatility and response to unknown data. The accuracy score may be misleading as it may result
from the model being able to correctly predict the numerical majority of the positive outcomes, and does not indicate the
ability to detect negative outcomes. We therefore estimated balanced accuracy which is the arithmetic mean of sensitivity
and specificity. Thus, a higher balanced accuracy results only when both the negative and positive outcomes are predicted
with a high accuracy. We also measured Area under the Receiver Operator Characteristic Curve (ROC AUC), a measure of
the ability of a binary classifier to distinguish between classes. We define model confidence as the average probability across
20 trials, as well as our confidence in the model. We describe predictive probability percentage as : model confidence*our
confidence in the model*100.

Results

We examined de-identified records of 1641 patients who underwent HCT and were reported to the CIBMTR. Patients were fol-
lowed for a median of 47.8 months (0.3-312.9) Patient characteristics included 73.4% patient's age at HCT <18 years, Karnofsky-
Lansky (KPS) score > 90 in 74.7%, overall survival 91.2%, event-free survival 75.5%, graft failure (GF) 17.9%, AGVHD 18.3%, and
CGVHD 22.3%. Predictive model performance is described in Table 1. Predictive variables that made a significant contribution,
and predicted outcomes in three hypothetical scenarios are described in Figure 1. Overall, the predictive model provided
acceptable AUC, Balanced accuracy, positive predictive value and sensitivity.

Conclusions
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We report the development, testing, and validation of an ML model for individualized prediction of outcomes of HCT for SCD.
The model provides acceptable AUC, accuracy, balanced accuracy, positive predictive value and sensitivity. This predictive
model has the potential to aid clinicians in making shared decisions with their patients regarding HCT for SCD.
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Table 1. Performance of Predictive model Accuracy, Balanced Figure 1. Individualized Prediction of Oulcomes In Hypathetical

Accuracy, Precision, Recall and AUC Scenarios Based on Characteristics at Baseline Predictive Variables
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Figure 1
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