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Introduction
- Activation Likelihood Estimation employs cluster- (cFWE) and voxel-level family-wise error (VFWE) correction /- Hypotheses: N
 approximate a null distribution of spatial convergence, through monte-carlo simulation procedure [1,2] > Null-distribution of spatial convergence is fully
* Random coordinates, but using experiment characteristics from original dataset determined by dataset characteristics
« Atleast 5000 - 10000 iterations required to converge, which takes many hours > Time intensive monte-carlo simulation can be
« 95% of ALE computation time spent on monte-carlo simulation \_ replaced by machine learning prediction J
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3. Prediction performance of the XGBoost regression for unseen naturalistic datasets.

4. Feature importance /COnChlSion:

* Red dot => outlier dataset; parameters out of range of training data for XGBoost models
« Parameter check necessary before prediction is trusted ‘ ‘ « Our model predicts
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