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Text S1: Prior and posterior probability distributions and bias

A graphical representation of our approach to developing prior probability distributions

for each model variable is included in figures S1 and S2. Similarly, a graphical represen-

tation of the evolution of posterior probability distributions, including prior probability

distributions for each model variable, and likelihood functions derived from each data

source, are included in figures S3 and S4. Finally, the inferred seasonal bias in each esti-

mate is presented in figures S5 and S6. Likelihood functions for each “observation” were

simulated using the model described in the following section. It is informative to note

that prior probability distributions could have been developed in many different ways us-

ing different (or additional) data sources [including, for example, water budget estimates

from the GRACE satellite missions, as described in Wahr et al., 1998] and across different

time periods; our approach here is intended to support assessment of drivers behind the

recent water level surge, however we expect to use it as a stepping stone in future research

that focuses on updating the long-term record of the water budget (i.e. dating back to

the early 1900s) for all of the Great Lakes.

Text S2: Model code and implementation

BUGS and JAGS (we ultimately used JAGS for the results presented here) implement a

Markov chain Monte Carlo (MCMC) procedure for simulating samples from the posterior

probability distribution for selected model parameters [Press , 2003; Bolstad , 2004]. We

ran simulations until each MCMC chain converged on the posterior, as indicated by a

potential scale reduction factor R̂ close to 1.0 [Gelman et al., 2004]. The model code is

included as a downloadable file from the on-line section of the Supporting Information for

this manuscript.
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Figure S1. Development of prior probability distributions for Lake Superior water budget

components. Vertical tick marks along x-axis and histograms are based on values from the

historical record from 1950 to 2004 in the GLM-HMD [Hunter et al., 2015]. Red dots represent

the historical mean, and thin black curves represent the prior probability distributions described

in the manuscript text.
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Figure S2. Development of prior probability distributions for Lake Michigan-Huron water

budget components. Vertical tick marks along x-axis and histograms are based on values from

the historical record from 1950 to 2004 in the GLM-HMD [Hunter et al., 2015]. Red dots represent

the historical mean, and thin black curves represent the prior probability distributions described

in the manuscript text.
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Figure S3. Evolution of posterior probability distributions for each water budget component

on Lake Superior. In the three left-most columns, thin black curves represent prior probability

distributions (from figure S1), blue curves represent likelihood functions from GEM models,

red curves represent likelihood functions from GLM-HMD, and dark grey curves represent the

posterior probability distribution for each monthly component (for 2013). In the right-most

column, purple curves represent channel flow estimates from the international gaging stations,

and green curves represent internationally-coordinated channel flow estimates.
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X - 8 GRONEWOLD ET AL.: DRIVERS OF RECORD-SETTLING WATER LEVEL RISE

Figure S4. Evolution of posterior probability distributions for each water budget component

on Lake Michigan-Huron. In the three left-most columns, thin black curves represent prior

probability distributions (from figure S2), blue curves represent likelihood functions from GEM

models, red curves represent likelihood functions from GLM-HMD, and dark grey curves represent

the posterior probability distribution for each monthly component (for 2013). In the right-most

column, purple curves represent channel flow estimates from the international gaging stations,

and green curves represent internationally-coordinated channel flow estimates.
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GRONEWOLD ET AL.: DRIVERS OF RECORD-SETTLING WATER LEVEL RISE X - 9
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Figure S5. Seasonal bias (η) in Lake Superior monthly water budget estimates. For precipita-

tion (γ), evaporation (λ), and runoff (ρ), thin black lines represent bias in GLM-HMD estimates

and thick grey lines represent bias in GEM model estimates. For outflows (β), thin black lines

represent bias in internationally-coordinated channel estimates and thick grey lines represent bias

in the international gauging stations.
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X - 10 GRONEWOLD ET AL.: DRIVERS OF RECORD-SETTLING WATER LEVEL RISE
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Figure S6. Seasonal bias (η) in Lake Michigan-Huron monthly water budget estimates. For

precipitation (γ), evaporation (λ), and runoff (ρ), thin black lines represent bias in GLM-HMD

estimates and thick grey lines represent bias in GEM model estimates. For outflows (β), thin

black lines represent bias in internationally-coordinated channel estimates and thick grey lines

represent bias in the international gauging stations.
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