
First of all, please let me offer my sincere apologies for being over two 

months late in submitting this review. In hindsight, I should have maybe 

declined the review request, but as I found the topic of this paper 

interesting and relevant to my own work also, I didn’t want to pass up this 

opportunity. At the expense of timeliness however. 

The Hoss and Fischbeck paper is an interesting and very worthwhile addition 

to the existing literature on predictive hydrological uncertainty insofar 

as it explores the optimal selection of predictors to configure a Quantile 

Regression based statistical post-processor for estimating predictive 

uncertainty. However, the paper requires some work prior to its 

publication. I don’t think the the computations underlying the manuscript 

need to be modified in great extent, but the description and the analysis 

thereof can be improved substantially. I hope to give some suggestions on 

how that can be done. 

General comments 

● The manuscript could benefit from a more substantial “hydrological 

analysis” of the forecasts made. Post-processors can be used to find 

statistical relations between predictors and predictands. There needs 

to be correlation and causality. The paper could benefit from a more 

in-depth analysis of the latter: what does the ‘forecast error’ 

depend on? Here, the authors choose rate of rise and past forecast 

error: these appear to be more or less randomly chosen, and are 

subsequently applied to all forecasting locations considered. 

However, I think that an analysis of the hydrology of the basins 

considered, in conjunction with the forecasting models for those 

basins, could reveal important information on how those models are 

expected to perform. How are the models calibrated? What does this 

mean for extreme events? Is the relation between predictors and 

predictand stationary across ‘normal flow regimes’ and ‘extremes’? 

This likely varies with basin, and therefore one should consider 

varying post-processing configurations with basin also. 

● There is one important assumption underlying the use of statistical 

post-processors: stationarity of the joint predictor, predictand 

distributions. The paper would benefit from a discussion thereof, 

particularly in relation to the results section, and the ‘robustness’ 

section contained therein. 

● “First US application” is irrelevant to the science and also 

incorrect, as Wood et al (see reference in Weerts et al, 2011) 

applied QR previously. This comes back a couple of times in the 

paper. Also, QR was originally devised by Roger Koenker; not by 

Weerts et al (I wish!). 



● Different users have different needs for uncertainty information; it 

is not universally true that users benefit most from probabilities of 

exceedence or non-exceedance. Likewise, not all users are interested 

in extreme events per sé. This comes back a couple of times in the 

paper. 

● I would recommend to streamline use of terms: 

○ ‘predictor’ or ‘independent variable’  

○ ‘predictand’ or ‘dependent variable’ 

○ preferably omit use of ‘variable’ in context of statistical 

post-processors, as its interpretation can be ambiguous 

○ ‘configuration’ rather than ‘model’ (to avoid confusion with 

underlying hydrological models) 

● Please consider removing the footnotes. If the text contained therein 

is important, include it in the main body of the paper. If not, you 

may want to consider omitting it altogether. 

● Practicalities of data access are not too relevant to the science and 

I would suggest omitting descriptions of why certain data sources 

could (not) be accessed and how much effort that would require. 

Instead, you could turn the argument around and say: “this and this 

is available and we’re trying to assess if there is any signal that 

can contribute to better probabilistic forecasts.” 

Specific comments 

Introduction: 

● Some elements can be safely omitted from the introduction: 

○ Discussion on QPF forecasts 

○ Discussion of RFC produced “outlooks” 

● Verifying by means of BSS only is somewhat limited I think, but it 

does fit with the authors’ wish to verify exceedence probabilities 

only. Why not, however, use a range of verification metrics? See, for 

example, some of the recent Brown and Seo papers as well as some of 

my own work (where the verification approach was inspired on the 

Brown/Seo papers). 

● “Rate of rise” is more commonly used than “rise rate” I think. 

2.2 Brier Skill Score: 

● The ‘method’ section would benefit from a subsection on verification 

metrics. That section would then include the current sub-section on 

BSS, but also some discussion of other metrics now included in the 

‘results’ section. 

● A decomposition of Brier’s probability score is included; what’s 



missing, is a note on how these decompositions are computed in terms 

of skill. See one of the Brown and Seo papers for how that’s done. 

Also, no quantified decompositions are shown in the results/analysis 

section?  

2.3 Proposed addition 

● The current title “Proposed addition: more than one independent 

variable” suggests that it is the *number* of predictors that’s 

important. This is not necessarily so - it’s content, not just 

quantity that’s relevant. Please consider retitling this section. 

● This section could really benefit from some ‘hydrological 

intelligence’: what are the factors determining level of accuracy of 

model predictions? Are these already included in the model itself 

somehow? If so, how? If not, why not? To me, it is still an open 

question: what to include in a model, and what to include in a 

post-processor? Where is the boundary between statistical modeling 

and modeling of physical processes? This point is one that the 

authors should also re-visit in the discussion/conclusions section. 

● Table 1: “forecast error 24 hours ago”. I understand this to be the 

difference between the current (i.e. at issue time of the forecast) 

water level and the forecast that was produced 24/48 hours agao - 

correct? Maybe good to state this. 

2.5 Data: 

● First sentence may be omitted, or moved to the introduction. 

● The manuscript would benefit from a custom made map showing the 

forecasting locations and basin delineations. 

3.2.2 Best performing combinations 

● The forecasts for extreme conditions perform worse when using 

multiple predictors. Why - overfitting? Some in-depth analysis would 

be good.  

3.3 Robustness 

● I think the ‘robustness’ analysis could, and should, be simplified by 

using a leave-one-year-out analysis. Length of training set is less 

relevant than stationarity of joint predictand, predictor 

distributions. Why not simply use all of the available data most 

efficiently and then discuss any drops in forecast quality? Also, the 

current analysis results in a difference in sample size and this 

would require an analysis of the uncertainty in resulting BSS - which 



is likely bigger for smaller samples. With a leave-one-year-out 

analysis, sample size would be equal and the authors would be more 

easily forgiven for not analysing uncertainty. 

● Some hydrologic analysis could contribute to explaining why forecast 

quality is different between locations. 

“Future work” 

● Yes, more analysis on which predictors to use could work. Please 

refer to my earlier comments also on statistical modeling versus 

numerical modeling of physical processes, and on using knowledge of 

the hydrology of basins to determine meaningful predictors. 

Figures: 

● The multi-plot figures contain a lot of white space between plots. As 

some horizontal and vertical axes are identical across plots within 

the figure, I would suggest eliminating the in-between space 

altogether. In figures 10 and 11, this can be done for the vertical 

axes also. In R: par(mar = c(.5,0,0,0)) and then plot(…, xaxt=”n”) 
for plots where you can omit horizontal axis. 

Additional specific comments are included in attached, annotated PDF. 
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Figure 4. Theory behind Brier Skill Score illustrated for an imaginary forecast (red line):
(a) reliability and resolution; (b) skill. In (a), the area representing reliability should be as small,
and for resolution as large as possible. The forecast has skill (BSS > 0), i.e. performs better
than random guessing, if it is inside the shaded area in (b). Ideally, the forecast would follow
the diagonal (BSS = 1). (Adapted from Hsu and Murphy, 1986; Wilson, n.d.)
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Figure 5. Portion of the North Central River Forecast Centers river gages with Henry (HYNI2)
and Hardin (HARI2) indicated by the upper and lower red arrow respectively. Source:
http://www.crh.noaa.gov/ncrfc/.
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Figure 6. Forecast error for 82 river gages that the NCRFC publishes daily forecasts for. In anti-
clockwise direction starting at the top left: (a) average error; (b) error on days that the water
level did not exceed the 10th percentile of observations; (c) error on days that the water level
exceeded the 90th percentile of observations; (d) error on days that the water level exceeded
minor flood stage.
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Figure 7. Histograms of variable combinations returning the best and worst Brier Skill Scores
across 82 river gages. Each row of histograms refers to an event threshold defined as
a percentile of the observed water levels, and each column to a lead time. The dotted vertical
lines in the histograms distinguish variable combinations with different numbers of variables.
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Figure 8. Histograms of variable combinations returning the best and worst Brier Skill Scores
across 82 river gages. Each row of histograms refers to a flood stage, and each column to
a lead time. The dotted vertical lines in the histograms distinguish variable combinations with
different numbers of variables.
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Figure 9. Average rank for each variable combination for one to four days of lead time and four
percentiles of observed water levels. Vertical gray lines indicate variable combinations including
the forecast.
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Figure 10. Average rank for each variable combination for one to four days of lead time and
four flood stages. Vertical gray lines indicate variable combinations including the forecast.
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Figure 11. Independent variables plotted against the forecast error for Hardin IL with 3 days of
lead time. First row: forecast; second row: past forecast errors; third row: rise rates.
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Figure 12. Independent variables after transforming into the Gaussian domain plotted against
the forecast error for Hardin IL with 3 days of lead time. First row: forecast; second row: past
forecast errors; third row: rise rates.
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Figure 13. Brier Skill Scores of the original QR model (i.e., using the transformed forecast as
the only independent variable) for four lead times and percentiles of observed water levels.
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Figure 14. Brier Skill Scores for four lead times and percentiles of observed water levels using
the best variable combination for each river gage as independent variables in the QR model.
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Figure 15. Brier Skill Scores for four lead times and percentiles of observed water levels using
a one-size-fits-all approach (i.e., rr24, rr48, err24, err48) for the independent variables in the
QR model.
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Figure 16. Brier Skill Scores of the original QR model (i.e., using the transformed forecast as
the only independent variable) for four lead times and flood stages.
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Figure 17. Brier Skill Scores for four lead times and flood stages of observed water levels using
the best variable combination for each river gage as independent variables in the QR model.
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Figure 18. Comparison of the original QR model (i.e., only transformed forecast as independent
variables) and the one-size-fits-all approach (i.e., rise rates and forecast errors as independent
variables) using various measures of forecast quality: Brier Score (BS), Brier Skill Score (BSS),
Reliability (Rel), Resolution (Res), Uncertainty (Unc), Area under the ROC curve (ROCA),
ranked probability score (RPS), ranked probability skill score (RPSS). Lead time: 3 days; 75th
percentile of observation levels as threshold. The left figure zooms in on the right figure to make
changes in reliability and resolution better visible.
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Figure 19. Brier Skill Score for various forecast years and various sizes of training dataset
across different lead times (colors) and event thresholds (plots) for Hardin, IL (HARI2). The
filled-in end point of each line indicates the BSS for the forecast year on the x axis with one
year in the training dataset. Each point further to the left stands for one additional training year
for that same forecast year.
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Figure 20. Brier Skill Score for various forecast years and various sizes of training dataset
across different lead times (colors) and event thresholds (plots) for Henry, IL (HNYI2). The
filled-in end point of each line indicates the BSS for the forecast year on the x axis with one
year in the training dataset. Each point further to the left stands for one additional training year
for that same forecast year.
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Figure 21. Geographical position of rivers. Colors indicate the regression coefficient of each
station with the Brier Skill Score as dependent variable.
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Figure 22. Minimum (black) and maximum (red) Brier Skill Scores for various lead times and
event thresholds across locations, size of training dataset and forecast years.
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