Body mass estimation - Details
[bookmark: _GoBack]Penguins crossing the WB were typically on the scale platform for < 3 s, rarely standing still. Because the crossings are dynamic (i.e. bouncing from forward movement) and don’t provide a single mass measure, we developed a model to predict the body mass of the penguin based on a minimum set of records. The scale recorded 90 masses per second, all of which were stored on a 64GB microSD card. It automatically tared every 60 min to adjust for variation in snow, gravel, and other debris, and was accurate to ±30 g when compared with known static masses (tested periodically) prior to post-processing the data (described below). Similar to an approach we have used previously to calculate the most accurate penguin masses with an earlier version of the WB1,2, we first assigned a preliminary calculated mass to each penguin crossing (45,704 crossings total) equivalent to the mean of the top 20% of reported masses for each. We then filtered this to a subset that were realistic masses (between 2.65 kg and 5.25 kg; less would be likely to be a chick and more could represent multiple individuals on the scale3 and had a standard deviation of < 0.5 kg and at least 100 individual masses (meaning that the penguin was on the scale for >1 second; n = 18,758). Next, we randomly selected 20% of these crossings (n = 3751) to evaluate exploratory Boosted Regression Tree (BRT) models to use various aspects of the crossing to predict the calculated mass that had been preliminarily derived. The aspects included as covariates were: maximum mass, average mass, median mass, the number of masses (i.e., how long the penguin was on the scale), and the difference between the 10th mass recorded and a series of subsequent masses, from the 20th to the 100th, in increments of 10. We used a range of learning rates (0.01, 0.005, 0.0005) and tree complexities (1 to 5) with a maximum of 50,000 trees and selected optimal learning rate and tree complexity values based on models that minimized predictive deviance, and in case of ties, prioritized models with larger learning rates, smaller tree complexities, and fewer trees to reduce overfitting4 . 
	Based on the results of the above exploration, we then fit a BRT model predicting the preliminary calculated mass with 1600 trees (learning rate = 0.01, tree complexity = 2) and a gaussian distribution using a smaller subset of the data for which the standard deviation of the mean of the top 20% of masses was <=50g (n = 829 crossings). This resulted in a model with a mean total deviance of 0.313, mean residual deviance of 0.002, estimated cv deviance = 0.004 (SE = 0.001). Training data (75% of the data) correlation = 0.997, cross-validation correlation = 0.995 (SE = 0.001). Residuals from this model conformed to expectations of normalcy (as evaluated visually via histogram and comparison of fitted values to predicted values as well as residuals compared to fitted values) given the assumption of a gaussian distribution. Results from this model were then used to predict the best possible calculated masses for the full set of crossings. All statistics related to mass calculations were performed using the dismo package version 1.1-45 for R 3.6.16 with additional scripts from4.
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