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Figure 1. Overview of forecASD model. Two Random Forest classifiers, one using BrainSpan gene
expression and the other using the STRING network as predictors, are trained to discriminate high
confidence autism genes (SFARI HC, scores 1 and 2) from a set of 1,000 genes drawn randomly from
those not listed at all in the SFARI Gene database. Predictions are then made on the remainder of the
genome, and these are combined with the out-of-bag (OOB) estimates from the training process to yield a
prediction for each gene in the genome. A subsequent classifier is then trained using the output of these
two RFs and previously published autism gene scores as predictive features, and again predictions are
made on the remainder of the genome, with OOB predictions being used for those genes in the training set.
The RF vote proportion for class “autism gene” is then the final forecASD score.
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Figure 2. Mean decrease of Gini impurity measure feature importance scores within the forecASD
ensemble model are shown, with the STRING score as the single most important feature. STRING score
and BrainSpan score are the result of the random forests we trained on SFARI HC genes, in the first layer
of the random forest ensemble. Also shown are several TADA summaries from Sanders et al' (tada
asc+ssc = tadaFdrAscSscExome, tada asc+ssc+del = tadaFdrAscSscExomeSscAgpSmallDel, tada ssc =
tadaFdrSscExome, tada asc = tadaFdrAscExome) named after the data sources they use (ASC, SSC
cohorts, with/without deletions), and a single, earlier TADA statistic from De Rubeis et al.2 (TADA BF).
Several statistics were taken from DAWN?, including Netscore, min IFDR and rASD, representing a
network-based score, a module based score, and a binary risk gene ASD status score. Lastly, several

scores were taken from other ASD gene scoring methods, including D ens and D from DAMAGES* and

krishnan post from Krishnan et al>.
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Figure 3. Performance comparison between forecASD and competing methods. Competing methods
include Krishnan et al°>, DAMAGES?, Duda et al®>, DAWN?, Lin et al’ and the baseline measures of genes
ranked by Gnomad loeuf® and BrainSpan gene expression level®. All models were fit as part of bivariate
logistic regression models, where five TADA based scores were used as covariates to predict SFARI score
3 genes. Area under the ROC curve (AUROC) is shown for each method in parentheses in the legend.
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