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Supplementary Method 
1. The supplementary detail for the classifier pipeline’s feature selection and feature reduction
On the second step (Supplementary Fig. 1), feature selection, included seven groups of methods. These seven groups are no (no action), grn[1] (genetic regulatory network), z-score, selectV[2], svm[3], GSEA[4], DE-analysis[5]. The Grn group has 14 methods, based on gene regulatory network analysis. The Z-score group has 4 methods for selecting features with high z-score variance. It picks the features with variance in the first quartile and then selects features within the 3rd quartile of the context likelihood of relatedness. The SelectV group has 54 methods and bases on the "Variable Selection for High-Dimensional Supervised Classification"[2]. In this group, features are first filtered by 'ExpHC','HC', 'Fair' methods (with/without comvar). The remaining features are further selected by the grn method with different parameters. The Svm group has 4 methods leveraging support vector machines with feature selection methods "scad", "L1", "ElasticNet" and "scad+L2". The GSEA group has 10 methods based on gene set enrichment analysis. The features are chosen with either FDR (False discovery rate)<0.1 or FDR<0.25. The features are ordered by FDR value within both feature groups and selected by choosing the lowest 10%, lowest 20%, lowest 50%, or below mean threshold. The remaining features are filtered by the cor and the grn3 method. The DE-analysis group has 15 methods and is picking features based on differential gene expression. The methods pick features with the combination of P value (P < 0.05 or P <0.01), fold change (logFc >0 or logFc<0 or both), and different numbers of features (1000, 500, or 100 features with the lowest P).
	The third step was feature reduction (Supplementary Fig. 1). The seven methods include no (no feature reduction), WGCNA[6], logisticFwd, SIS[7], principal component regression (PCR)[8], partial least squares regression (PLSR)[9], canonical powered partial least squares (CPPLS)[9]. The WGCNA, weighted correlation network analysis, calculates modules of co-expressed genes[6], and we select hub genes from each module. The LogisticFwd method deploys stepwise logistic regression with the forward method to select features. The SIS[7] method returns the features selected by the SIS R package, which implements the “Iterative Sure Independence Screening” for selecting variants. PCR regresses on a subset of principal components for dimensionality reduction , while PLSR finds a dimensionality-reducing linear regression model by projecting the variables to a new space, and CPPLS allows for discrete and continuous responses in the PLS model. After three steps, up to 1320 gene routes were created that can be used in the classification step.

2. Visualization of the classifier AUC-ROC scores vs route mean AUC-ROC score
The 12-classifier mean AUC-ROC scores of 1320 routes were calculated and set as x-axis. AUC-ROC scores of the 12-classifiers were visualized as y-axis (Supplementary Fig. 2c and d). Then, the 12-classifier mean AUC-ROC scores of 1320 routes were binned into 10 quantiles and the variance of the 12-classifiers AUC-ROC score for each route were calculated and presented as boxplot (Supplementary Fig. 2e and f).

3. The gene set similarity score between routes
To characterize the most common routes in classifiers with values of 0.80 or above, we compared the first five hundred genes that existed in those common routes (see Supplementary Table 5). In order to retrieve the genes from dimension reduction methods such pcr, cppls and plsr, we calculated the feature weights and the gene weights in each feature. Then, we ranked the genes with the weights they contribute to all features and selected the genes that cumulated to 66% of total weights.
· 
In the Supplementary Figure 4 and 5, the distance of the routes gene similarity is presented as 
.

4. Post Hoc exploratory test combining GeoPref non-social test score and prenatal events as feature along with the ensemble features 
In a post hoc step, we tested whether adding the GeoPref eye tracking score and prenatal events along with the ensemble classification score would further improve overall classifier performance. GeoPref scores were available for 132 of the 175 Training subjects and 41 of the 65 of the subjects found in the independent Test dataset. The logistic regression with learning rate alpha=0.1 is used as the final model.

Supplementary Result 
1. High-performing models typically classify subjects similarly
We next leveraged our set of 742 high-performing models to determine whether or not different classification models identified different subgroups of ASD toddlers. We clustered the 175 subjects in the Training dataset based on classification score similarity (Fig. 3a). The classification scores provide a probabilistic measure on the certainty of a model on the diagnostic status of each Training sample. It ranges from 0 to 1 with 0 being the highest certainty in TD status and 1 being the highest certainty in ASD status. The hierarchical clustering analysis found only one ASD group separated from TD subjects. This shows that the 742 models, overall, worked similarly in their assignment of classification scores to the ASD toddlers; that is, there was no evidence that different models selected different subgroups of ASD toddlers. This was also true in analysis of the holdout Test dataset.

2. Genes driving classification enrich multiple processes consistent with the ASD literature
We characterized the feature routes of 742 models showing AUC-ROC above 0.8 in the Discovery dataset and above 0.80 in the independent Replication dataset. The 742 models mostly originated from 125 feature routes. 
To identify the biological processes that contribute to these 125 feature routes, we scored all genes in these routes based on the number of times they occurred in different 125 routes (Supplementary Table 5). We found that the top 500 scoring genes selected by the feature routes had a larger impact on the model performance than the 12 classifiers. Different routes that largely overlapped in selected feature genes also showed highly correlated performance across different classifier methods (see Methods, Supplementary Fig. 4 and 6). We next calculated the enrichment of biological processes among 500 most common feature genes using g:Profiler. In this work, the 500 most common genes were enriched (Supplementary Table 7) in the KEGG pathways of inflammation/immune related disease, including Acute myeloid leukemia (KEGG: hsa05221), Measles infection (KEGG: hsa01524) and other significant pathways such as oxidative phosphorylation (KEGG: hsa04070), Ras signaling pathway (KEGG: has04014) and Wnt signaling pathway (KEGG: hsa04310). Similarly, enriched Gene Ontology terms for biological processes were associated with the down-regulation in blood inflammation/immune cell response, transcriptional gene regulation and response to cytokines, which were consistent with previous studies[10–12] (see Methods).

3. Result and parameter setting on the baseline Random Forest model
For this estimate of AUC-ROC baseline, the Test dataset was randomly split into a separate “baseline-validation” and “baseline-test” set. The same training dataset was used for training. Using the Training set, we performed feature selection for the top q variables, as scored by the chi-squared statistic. From a grid, q was chosen based on which grid value yielded the highest mean AUC after 100 random forest evaluations on the “baseline-validation” set. Additionally, we averaged the feature importance rankings over the 100 iterations to provide a more comprehensive view of important genes. With the selected q value, we trained a random forest classifier and evaluated on the held-out “baseline-test” set. Number of top variables are chosen from results based on the validation data, over a grid of (10, 100, 500, 1000). On this grid, 500 genes are chosen as optimal. Importances are generated from 100 rounds of evaluations of Random Forest, averaged. Final test results using these top 500 genes have the accuracy: 73.33%, sensitivity: 85.71%, specificity: 62.50%, AUC-ROC: 72.32%.

4. Post Hoc exploratory test: Combining GeoPref (non-social) test score and prenatal effects as features along with ensemble features 
Since social attention abnormalities are core ASD symptoms and visual social attention deficits well described[13–15], in a post hoc test we tested whether adding a social feature to the molecular ensemble would increase classifier performance. For this, we used toddlers' gaze fixation score on non-social (i.e., geometric) images as measured in an eye-tracking test known as the GeoPref Test[13–15]. GeoPref scores were available for 132 of the 175 Training subjects and 41 of the 65 of the subjects found in the held out Test dataset. Based on their prior GeoPref test results, subjects who had percent fixation on non-social images >69% were labeled as being the ASD GeoPref-subtype[13–15] (Supplementary Fig. 6). With prenatal effects and eye-fixation features added, the Bayesian model AUC-ROC increased from 84.67% to 88.20% for the Training dataset and increased from 89.18% to 91.48% for the Test dataset.


Supplementary Figure 1. The detailed workflow of the feature engineering pipeline.
[image: ]
Supplementary Figure 2. The distribution of AUC-ROC scores of 12 classifiers against the AUC-ROC mean score of 1320 routes. The distribution of AUC-ROC generated by 1320 routes within each of 12 classifiers in a the discovery dataset and b the independent dataset. The distribution of AUC-ROC generated by 1320 routes vs the mean of AUC-ROC of each route in c the discovery dataset (with +- 0.0514 95% confidence interval) and d the distribution in the independent dataset (with +- 0.0514 95% confidence interval) . The variance of AUC-ROC generated by 12 classifiers of 1320 routes, the x-axis is the mean of AUC-ROC of each route in e the main dataset and f in the test dataset.
[image: ]


Supplementary Figure 3. The AUC-ROC score of 1320 models trained on Discovery dataset. a The score distribution of 1822 models that have AUC-ROC score above 0.8 in the discovery dataset in 5 iterations. b The score-difference distribution of 1822 models in 5 iterations. 
[image: ]


Supplementary Figure 4
The geneset similarity distance among 125 routes. The distance score (Supplementary Method 3) is measured by the top 500 genes that are used by 125 routes and then clustered by the ‘average’ method. The data of the table is in supplementary table 9. 
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Supplementary Figure 5. The relation between the similarity of gene routes and the 12 classifiers behavior.
The correlation of 12-classifier score vs the distance between routes and models. The distance is measured by the -log2 of the geneset similarity (Supplementary Method 3) on the first 500 genes. The 
slope=-0.03806, intercept=0.4444, rvalue=-0.2529, p = 1.354x10-26, stderr=0.001075
[image: ]



Supplementary Figure 6. Illustration of the updated model that combines the composite model with geo-fixation model. The updated model was tested on 132 of 175 Discovery dataset subjects and 41of 65 Replication dataset subjects who had available Geo-Fixation data (e.g., moderate or good data quality, total looking time > 50%). By directly classifying the subjects who had percent fixation on non-social images >69% as ASD (GeoPref-subtype). a The composite score vs geo-fixation percentage score in the training dataset. b The composite score vs geo-fixation percentage score for the test dataset. c The updated score vs geo-fixation percentage score for the training dataset. d The updated score vs geo-fixation percentage score for the test dataset. 
[image: Chart, scatter chart
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Supplementary Figure 7. Comparison of ASD with and without ASD risk gene mutations and TD with and without ASD risk gene mutations.  Comparing ensemble classifier scores, ADOS (Severity) scores (higher scores are more severe ASD symptoms), Vineland adaptive behavior scores (Adaptive), and Mullen T-scores for Receptive and Expressive language as well as the Mullen overall Developmental Quotient scores (Devel. Quotient).  There were no significant differences in any scores between toddlers with and without SFARI Level 1 or 2 ASD risk gene mutations for ASD toddlers and for TD toddlers (at level of FDR<0.05).  
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Supplementary Figure 8. Diagnostic and psychometric scores were not significantly different between ASD toddlers above (above-the-mean) and below the mean composite classifier score (below-the-mean).
a two sided t.test p = 4.011x10-14. b training dataset r2 = 0.306, coefficient=0.026
c two sided t.test p = 3.873x 10-5. d test dataset r2 = 0.210, coefficient=0.019
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