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Introduction
Previous studies using machine learning classifiers (MLCs) have reported high classification accuracy using a random forest classifier. We considered accuracies from two very similar studies including Kamarajan’s study achieving 76% (Kamarajan et al., 2020) and Zhu’s study ranging from 72% with no feature elimination up to 87% with 90% of features eliminated. Samples from these two studies exhibited comorbid smoking leading to one important premise in this work that nicotine might have affected the AUD classification outcomes. The current set of 102 samples are nicotine free determined using the Fagerström score (Fagerström, 1978). Our first attempt was to use a similar procedure to that in Kamarajan’s and Zhu’s studies where each classification step was performed in sequence. The sequence we used is similar to that found in Zhu’s Figure 3 (Zhu, Du, Kerich, Lohoff, & Momenan, 2018). This initial procedure followed the next illustration.
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The sequential steps procedure has a high probability of exhibiting data leakage. This is information regarding testing samples leaking and inflating the classification. This problem can be argued true since feature importance, selection and tuning used all samples and did not separate training and testing sets, a procedure implied in the cross validation. The procedure was slightly changed as shown in Figure 1 in the main manuscript to avoid data leakage. However, we provide results from the sequential steps to include a fair comparison with results from previous publications. 
Methods
The methods described in the main manuscript are almost all valid in the current supplement, except for the sequential classifier evaluation. 
Results
[bookmark: _Hlk94256578]Averages and variances were based on the 10 iterations of the applied cross validation. The highest area under the curve (AUC) obtained was 0.89 for the neural network classifier with 56 features (10 %). In general, the more features included the higher is the detriment to AUC assessments. This tendency has been previously observed in machine learning classification of AUD (Zhu et al., 2018). Similar results were found in Logistic Regression, Nearest Neighbors, Naïve Bayes and both SVM kernels. Another trend is the decrease of AUC variance as the number of features also decreases. This is further evidence that removed features contribute to nuisance variability in the classification models. The worst performers were the Gaussian Process and QDA classifiers. QDA showed a different trend related to the number of features. The Gaussian Process classifier has a visible lack of classification performance since most of the results stayed at 0.50 except for the lowest number of features at 0.73. QDA improved the performance as the number of features increased, but it never performs better than the other algorithms.
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Discussion
The neural network classifier achieved the highest performance for a low number of features (10% and 30% of the total) but was similar to other classifiers for the optimal number of features. In general, SVM methods achieved one of the highest performances which is in line with previous machine learning classification reports from different illnesses (Rodriguez et al., 2021; Steardo et al., 2020; Vergara, Mayer, Damaraju, Kiehl, & Calhoun, 2017). Logistic regression has been used in classification studies with high performance according to the performance observed in Figure 2 (Fede, Grodin, Dean, Diazgranados, & Momenan, 2019; Mu et al., 2020). Naïve Bayes and Nearest Neighbors have also been considered in functional connectivity (Jahromy, Bajoulvand, & Daliri, 2019). Gaussian Process classifiers have been shown to work well on functional connectivity data (Challis et al., 2015). This result is in line with a high sensitivity to noisy inputs in the Gaussian Process classifier (Villacampa-Calvo, Zaldivar, Garrido-Merchán, & Hernández-Lobato, 2020). QDA has been previously used in functional connectivity, but with low classification performance in concordance with our observations (McMenamin & Pessoa, 2015).
Compared to the two previous studies (Kamarajan et al., 2020) and (Zhu et al., 2018), the current results show that controlling for nicotine variance and selecting an appropriate MLC can deliver similar or better classification performance. The best AUC in our comparative analysis was slightly better 89% than the 87% accuracy obtained in (Zhu et al., 2018) for a similar feature reduction. The results presented in this supplement do not make a strict control for data leakage, but the numerical assessments can be better compared to the two mentioned studies that might suffer from similar issues. The analysis in the main manuscript used a stricter leakage control procedure and the numerical performance are prone to be lower, but with more realistic translational assessment. 
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