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Background: This report is the first step of a research collaboration that aims to retrospectively validate an .
ALS disease progression computer model leveraging data from a clinical trial of the investigational drug, Of FVC Range and Time
tirasemtiv (BENEFIT-ALS). The PRO-ACT database is a rich source of Forced Vital Capacity (FVC) records, but |nterva| Baseline Run-in
sparse Slow Vital Capacity (SVC) records. BENEFIT-ALS used SVC as an outcome, thus we asked whether a N O el /
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The PRO-ACT ALS database was used to compare the performance of three different predictive models, i.e. " ;FVé R;n s oo S 0 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7
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Random Forest! (RF), Gradient Boosting Machine? (GBM ) and XGBoost3. The XGBoost option was discarded Predicted VC
because it exhibited both a higher root mean square deviation (RMSD) and lower R? value than the other |
algorithms. Upon additional testing, it was revealed that the GBM model slightly outperformed the RF * RMSD increases for extreme FVC values External dataset included 60 participants from
model. e RMSD increases with time trial NCT01257581 (courtesy of Dr. Nazem
Using the GBM algorithm, we compared predictions using a 30-day run-in period to predictions made from * Higher RMSDs are correlated with sparser Atass, M(.;H' >€€ tha'IS on Cllr?lcaITrlaIs.gov;
data treated with creatine or tamoxifen).

baseline without a run-in period, examined the useful range of the model (in terms of vital capacity and
over time) and validated the GBM models with an external data set. Finally, we examined the
generalizability of using the model for predicting SVC.

Workflow of VC Prediction

Data Extraction Variable Selection Predictive Modeling Resu Its

* Removed variables with > 40% missing
* Removed redundant features
* Removed variables with < 1% importance

We developed a generalizable GBM-based predictive model for prediction of Vital Capacity. The
longitudinal predictive model was validated using an external validation dataset.
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Performance Comparison Baseline FVC value Predicted SVC value

of MaChlne-Learnlng Models * A: Correlation between FVC and SVC values in 270 patients with both FVC and SVC records.

GBM RE XGBoost  B: Application of FVC model to prediction of SVC records.
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o 1 2 3 4 5 0 1 2 3 4 5 8 S outperformed other models and we selected GBM as our core model for developing a tool to predict SVC.
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* Models were developed using data from baseline (N = 4987). 1- Breiman, L. (2001). Random Forests. Machine Learning 45, 261-277.
e 10-fold cross validation was applied to training and testing of models.

2- Friedman, J.H. (2001). Greedy Function Approximation: A Gradient Boosting Machine, Annals of

Conclusion: Statistics 29(5):1189-1232.

1. The XGBoost option was discarded because it exhibited both a higher 3- Chen, T. and Guestrin, C. (2016). XGBoost: A Scalable Tree Boosting System. Arxiv.1603.02754.
RMSD and lower R? value than the other algorithms.
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