
Testing Threshold-Based Identification of Future Water Supply 

Vulnerabilities in Long-Term Streamflow Projections in the Western US

The Western U.S. faces a wide range of uncertainty 

in streamflow projections

Figure 1. Streamflow projections from 91 sites in the Western U.S. were analyzed in the Arkansas-White-

Red, California, Colorado (upper and lower), Missouri, Pacific Northwest, and Upper Mississippi, and 

Lower Mississippi from a 2014 U.S. Bureau of Reclamation study.
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Can streamflow thresholds identify future vulnerable 

scenarios over time?

Figure 4. Examples of the vulnerability threshold results with historical data for different rivers. In 

some cases, the threshold could not be drawn for several years because vulnerable scenarios early 

in the time series cannot be separated from wetter scenarios by a threshold with greater than 60% 

model agreement.
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Figure 2. Example of the 50-year moving average streamflow 

showing the range of end-of-century uncertainty for the 

Missouri River. While the historical flow changes relatively 

little over half a century, the climate projections can vary much 

more. All four RCP values considered in this study (2.6, 4.5, 

6.0, 8.5) are shown. While generally wetter years can have 

more flooding, drier years are more concerning from the water 

supply perspective. Here we consider changes to the long-

term annual average streamflow.

Figure 5. A confusion matrix defines how 

results are classified and which type of 

errors occur for this vulnerability 

threshold experiment in each year for 

each river. A positive classification 

signals that investments should be made 

in the water supply system, so a false 

positive represents the risk of over-

investing, and a false negative 

represents the risk of under-investing.

Figure 8. (A) Because false negative rates are high for many rivers, it is difficult to classify a river as 

“not vulnerable” with certainty, particularly early in the century. With low false positive rates, a river can 

be reliably classified as vulnerable if it falls below the vulnerability threshold. A relevant question is: at 

what point in time can a river be reliably classified as not vulnerable? This map shows the year when a 

river’s false negative rate drops below 50%. A 50% error rate for a binary classification is equivalent to 

random chance. However, the low false positive rates provide confidence in the classification of 

vulnerable scenarios. (B) While it may be difficult to definitively classify a river as not vulnerable, 

knowing when vulnerable scenarios usually cross the threshold can be helpful. The average year the 

vulnerable scenarios first cross the threshold are displayed for each site, showing strong regional 

similarities in the Colorado Basin, the Mississippi Basin, and the California Basin. Knowing which 

years rivers cross their thresholds (if they will) would be advantageous information for water planners.

Figure 6. Varying Model Agreement. Leave-one-out cross-validation error rates: (A) false negatives 

and true positives, and (B) false positives and true negatives averaged over all rivers. While false 

negative rates are high, false positive rates are much lower. Results are tested across multiple model 

agreement values.

Figure 7. Varying Window Size. Leave-one-out cross-validation error rates: (A) false negatives and 

true positives, and (B) false positives and true negatives averaged over all rivers. Results are tested 

across multiple window sizes.

Figure 3. (A) shows the GCM-based time series streamflow data in its original form, and (B) transforms the 

data using a 50-year moving average, classifying the lowest 10% of scenarios at end-of-century as 

vulnerable (blue). The data is normalized in (C) and a vulnerability threshold (red) is drawn at the point for 

each time t where at least 60% of the model projections below are classified as vulnerable. Validation of 

the method was performed in the form of leave-one-out testing (D), in which each of the scenarios was 

separately removed from the threshold calculations one at a time to determine if that streamflow time 

series could be classified correctly in each year as either vulnerable or not. 


