Responses:

Anonymous Referee #2:

This manuscript evaluates the performance of leading deterministic deep learning models (GraphCast,
PanguWeather, and FuXi) against ECMWF’s numerical models, IFS HRES and IFS ENS, in forecasting
hydroclimatic extremes. By employing a comprehensive set of skill scores, it provides a detailed
assessment of forecast quality. Notably, the study shifts the focus from continuous metrics to binary
extremes, expanding upon the work of WeatherBench 2 and offering fresh insights for operational
forecasting. In doing so, it also underscores the importance of binary decision-making in high-stakes

forecasting scenarios.

We are grateful to you for the positive comments.

I believe this manuscript presents a valuable argument and could make a strong contribution to the
evaluation literature on data-driven weather models. However, several key concerns must be addressed

before it can be recommended for publication:

Thank you very much for the insightful and detailed comments. Accordingly, we have revised the paper.

Below please find the point-to-point responses.

1. A clearer justification and explanation of key methodological choices.

Thank you for the valuable comments. The key methodological choices have been explained more clearly

in the revision:

“It 1s noted that the thresholds are calculated separately for each grid cell to obtain an equal number of

extreme samples per grid cell.” (Page 5, Lines 111 and 112)

“For comparison at the grid scale, the 17 metrics are computed separately for each grid cell. To facilitate
comparisons at regional to global scales, the 17 metrics are calculated using the area-weighting method
based on the scores that are separately calculated for each grid cell (Rasp et al., 2024).” (Page 8, Lines
179 to 181)

“The grid cells A, B and C are selected respectively due to the better, close and worse performance of

data-driven models in relative to the IFS HRES.” (Page 15, Lines 264 and 265)



“As the critical variables to understand and forecast the hydroclimatic processes such as floods and
heatwaves, the precipitation and temperature are of concern in operational forecasts (Huang and Zhao,

2022; Lang et al., 2014; Zhao et al., 2022; Slater et al., 2023).” (Page 5, Lines 105 to 108)

“Given the skewness and censoring characteristics of hydroclimatic variables, the standard paired t test is
not applicable in this case (Huang et al., 2023, 2022). In the meantime, the selected hydroclimatic
observations are subject to the problems of heteroscedasticity and autocorrelation due to the spatial and
temporal clustering of hydroclimatic extremes (Olivetti and Messori, 2024). To address these issues, the
cluster-robust standard errors are used to correct the paired t test (Liang and Zeger, 1986; Shen et al.,

1987).” (Page 9, Lines 186 to 190)

2. Visualizations that provide regional or grid-point-level insights for the main evaluation metrics.

Thank you very much for the instructive comments. We have prepared a new supplement file to provide
the grid-point-level results of the Brier score (BS), Heidke skill score (HSS) and the symmetric extremal

dependence index (SEDI):
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Figure S1. As for Figure 4, but for Brier score (BS).
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Figure S2. As for Figure 4
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Figure S3. As for Figure 4
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Figure S4. As for Figure 6
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Figure S5. As for Figure 6
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Figure S6. As for Figure 6, but for the symmetric extremal dependence index (SEDI).

” (Pages 1 to 6, Lines 1 to 17 in the supplement)

3. A more comprehensive discussion of the implications of the findings, including potential limitations

that may impact the validity of the conclusions.

Thank you for the constructive comment. We have improved the Discussion to elaborate on the

implications and limitations:
“5.1 Binary forecasts and forecaster’s dilemma

Binary hydroclimatic forecasts can provide useful information for disaster prevention and risk
mitigation (Ben Bouallégue et al., 2024; Merz et al., 2020). The evaluation of deterministic forecasts and
ensemble forecasts is usually based on average metrics that focus on the overall predictive performance,
such as the RMSE and CRPSS (Huang and Zhao, 2022; Rasp et al., 2024). Models that have minimized
average errors and unrealistically smooth forecasts can also be rewarded by these metrics, leading to their
limited guidance to forecast hydroclimatic extremes (Ferro and Stephenson, 2011; Rasp et al., 2020). By
contrast, metrics for binary forecasts can emphasize the ability to discriminate certain hydroclimatic
extremes that contribute little to average metrics (Larraondo et al., 2020). Binary forecasts are thus more

suitable than continuous forecasts in these cases. In this paper, the results show that for warm extremes,



the Pangu-Weather, GraphCast and FuXi tend to be more skilful than the IFS HRES within 3-day lead
time but become less skilful as lead time increases. The valid period of lead time when data-driven models
are more skilful is shorter than that of the previous studies for continuous forecasts (Lam et al., 2023; Bi
et al., 2023; Chen et al., 2023). In the supplement, the results across global grid cells in terms of the HSS
and SEDI also support this outcome, which indicates the unique insights of binary forecasts for

hydroclimatic extremes.

The hydroclimatic system is high-dimensional and complex so that there won't be a single verification
metric to determine all essential characteristics of a good forecast (Rasp et al., 2024; Jolliffe and
Stephenson, 2012). While the metrics for binary forecasts can emphasize the discrimination, they are
unable to reflect other attributes to quantify the forecast quality, such as reliability, resolution, uncertainty
and etc. (Murphy, 1993). In the meantime, as shown in Fig. 5, when the GraphCast is more capable of
capturing the wet extremes, it tends to produce more false positives, leading to the “forecaster’s dilemma”
(Lerch et al., 2017). It has been shown that using a combination of different types of verification metrics
and diagnostic plots is effective (Larraondo et al., 2020; Huang and Zhao, 2022). As shown in Fig. A1l
and Fig. B1 in the supplement, the values of BS for the FuXi are better than that for the HRES at the lead
time of 10 days, which is different to the results for ROCSS in Fig.4. Considering that the BS tends to
reflect the average performance and is influenced by the unbalanced number of events and non-events,
better values of a single metric do not mean more useful forecasts (Rasp et al., 2024). Therefore, the
forecast verification needs to be guided by the operational applications and to account for the trade-offs
between accuracy and forecast activity (Ben Bouallégue and the AIFS team, 2024; Rasp et al., 2024).
(Pages 22 and 23, Lines 343 to 367)

Below, I outline my specific concerns and recommendations:

Thank you very much for the instructive comments. We have improved the paper accordingly and provide

the point-by-point responses below.

Main concerns

- I find unclear how global and regional scores are being computed. Are you pooling all data points,
defining a single percentile threshold globally, and then taking all data points above that threshold while

applying cosine weighting? Or are you defining grid-point-level thresholds, selecting an equal number of



extreme data points at each grid point, and then computing an overall score via a cosine-weighted
average of individual grid-point scores? Please clarify this in the manuscript. If you are following the
first approach, the global scores may not be particularly meaningful, as they would be dominated by data
from the warmest/wettest grid points. If so, it would be especially important to provide additional regional

or grid-point-level analyses.

We are sorry for the confusion. Due to that a reasonably rare hydroclimatic event in one location might
be common or never observed in another location, it is difficult and not particularly meaningful to define
a single physical threshold at which an event is considered to be extreme (North et al., 2013). Therefore,
we calculated the thresholds separately for each grid cell. The following information has been added into

the revision to clarify this point:

“It is noted that the thresholds are calculated separately for each grid cell to obtain an equal number of

extreme samples per grid cell.” (Page 5, Lines 111 and 112)

“For comparison at the grid scale, the 17 metrics are computed separately for each grid cell. To facilitate
comparisons at regional to global scales, the 17 metrics are calculated using the area-weighting method
based on the scores that are separately calculated for each grid cell (Rasp et al., 2024).” (Page 8, Lines
179 to 181)

- Several symbols and abbreviations in Table 3 are undefined, making it difficult to understand the scores
without prior knowledge. Please define all terms explicitly and consider adding a short section

introducing the main evaluation metrics used in the study.
We are sorry for the incomplete information. Table 3 has been checked and modified carefully. The names
of variables here are consistent between different metrics and between Table 2 and Table 3. The variables

are explained in the footnotes of Table 2 and Table 3. A new paragraph has been added to introduce the

main evaluation metrics. The detailed modifications are as follows:

“Table 3. Metrics for binary forecasts.

) ) [min,  Optimal
Metric Equation Reference
max| value

Base-rate-dependent metrics

Accuracy (ACC), proportion a+d

ACC =
correct N

[0, 1] 1 (Finley, 1884)

a
a+b

Success ratio (SR), precision SR = [0, 1] 1 (Lagadec et al., 2016)



Critical success index (CSI), threat
score, Gilbert score

Heidke skill score (HSS), Cohen’s
Kappa

Gilbert  skill  score  (GSS),

equitable threat score
Extreme dependence score (EDS)

Symmetric extreme dependence
score (SEDS)
Potential relative economic value

(REV)

CSI=a+b+c
_a+d—a,—d, _b+d)(c+d)
HSS = N—a —d ,d, = N
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osp<st minf{a+c¢,r}—(a+)r

(Donaldson et al., 1975;
Gilbert, 1884)
(Gomis-Cebolla et al.,
2023; Heidke, 1926)
(Gilbert, 1884; Schaefer,
1990)

(Primo and Ghelli, 2009;
Stephenson et al., 2008)
(Orozco Lc&pez et al.,
2010)

(Richardson, 2006, 2000;
Wilks, 2001)

Base-rate-independent metrics

Hit rate (H), sensitivity, recall,
probability of detection

False alarm rate (F), probability of
false detection

Specificity, true negative rate
(TNR)

Odds ratio skill score (ORSS),
Yule’s Q

Peirce’s  skill  score  (PSS),

Hanssen and Kuipers discriminant
Extremal dependence index (EDI)

Symmetric extremal dependence
index (SEDI)
Area under receiver operating

characteristic (ROC) curve (AUC)

ROC skill score (ROCSS)

a
H=
a+c
P b
“b+d
TNR = d
" b+d
ORSS_ad—bc
" ad + be
pss=—2=bc
T (at+ob+d)
EDI_lnF—lnH
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SED = ¥ A+ = M) = F)

1
AUC=J HdF
0

ROCSS = 2(AUC —0.5)

[0, 1]

[0, 1]

(-1, 1]

(-1, 1]

(-1, 1]

[0, 1]

(-1, 1]

(Swets, 1986)

(Donaldson et al., 1975)

(Agrawal et al., 2023)

(Stephenson, 2000)

(Peirce, 1884)

(Ferro and Stephenson,
2011)
(Ferro and Stephenson,

2011)

(Swets, 1986)

(Swets and Swets, 1986)

Where a, b, ¢ and d respectively denote the numbers of true positives, false positives, false negatives
and true negatives, with the equations shown in Table 2; N is the number of pairs of observations and
forecasts; p denotes the probability thresholds above which the events are forecasted to occur for
ensemble forecasts; r represents the cost-loss ratio for calculating the relative economic value; all

calculation equations of other variables can be found in this table.” (Pages 6 and 7, Lines 138 to 142)

“Among the seventeen metrics, the ROCSS is base-rate-independent and suitable simultaneously for
deterministic and probabilistic forecasts of binary events. By contrast, other metrics need the predefined
probability threshold to convert the probabilistic forecasts to deterministic forecasts. Therefore, the
ROCSS is selected as the main verification metric in the analysis. For probabilistic forecasts, the ROCSS

is calculated by considering the hit rate and false alarm rate for all possible thresholds of probability



(Huang and Zhao, 2022). A higher ROCSS indicates better predictive skill.” (Page 8, Lines 168 to 172)

- The rationale for selecting specific case studies in Figures 5 and 7 is unclear. Were these grid points
chosen because they represent some particular extreme events? Do they highlight specific forecast

behavior? If neither, consider moving these figures to the appendix.

We are sorry for the confusion. In the revision, the case studies of grid points are selected respectively

due to the better, closer and worse performance of data-driven models in relative to the IFS HRES:

“The time series for 24-hour accumulation of total precipitation from different forecasts initialized at 00
UTC are shown for three grid cells in Figure 5. The grid cells A, B and C are selected respectively due to
the better, close and worse performance of data-driven models in relative to the IFS HRES. Overall, data-
driven models can capture the temporal dynamics of precipitation but their forecasts are smoother than
the IFS HRES (Zhong et al., 2024; Xu et al., 2024). For grid cells A and B, the five sets of forecasts have
nearly equal number of true negatives; the IFS HRES show more true positives but more false negatives;
the GraphCast is more capable of capturing the wet extremes but tends to produce more false positives;
the IFS ENS Mean and FuXi tend to underestimate the wet extremes, resulting in more false negatives
and fewer false positives. For grid cell C that is located in the Northern Africa, the GraphCast and FuXi
tend to overestimate the low precipitation and underestimate the high precipitation, leading to zero
numbers of true negatives for the FuXi and zero numbers of false negatives for both. At the lead times of
3 and 10 days, the ROCSS is respectively 0.48 and 0.09 for the IFS HRES, 0.80 and 0.53 for the IFS ENS,
0.31 and 0.21 for the operational GraphCast, -0.94 and -0.96 for the GraphCast and -1.00 and -1.00 for
the FuXi.



Grid cell A (44°N, 94°E)
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Figure 5. Time series plots of TP24h forecasts initialized at 00 UTC for the IFS HRES, IFS ENS, IFS ENS Mean,



GraphCast and FuXi over three selected grid cells, i.e., A (44°N, 94°E), B (54°N, 1.5°W) and C (23.5°N, 20°E).” (Pages

14 to 17, Lines 263 to 277)

“The time series for 24-hour maximum of 2m temperature from different forecasts initialized at 00 UTC
are shown for three grid cells in Figure 7. The grid cells D, E and F are also selected respectively due to
the better, close and worse performance of data-driven models in relative to the IFS HRES. Overall, the
Pangu-Weather, GraphCast and FuXi exhibit similar temperature dynamics over time to those of the IFS
HRES. For grid cell D, the Pangu-Weather, GraphCast and FuXi tend to outperform the IFS HRES. The
Pangu-Weather tends to underestimate the temperature, leading to less true positives and more false
negatives. The GraphCast and FuXi show more true positives. For grid cell E, these models show a nearly
equal number of true positives and true negatives, resulting in similar ROCSS. For grid cell F, the data-
driven models tend to be less accurate than the IFS HRES. The Pangu-Weather, GraphCast and FuXi tend
to underestimate the temperature, leading to more false negatives and less true positives. As the lead time
increases from 3 to 10 days, the ROCSS reduces from 0.48 to 0.28 for the Pangu-Weather, from 0.51 to
0.22 for the GraphCast and from 0.54 to 0.17 for the FuXi. By contrast, the IFS HRES and IFS ENS
change less. The ROCSS decreases from 0.76 to 0.56 for the IFS HRES and from 0.95 to 0.86 for the IFS
ENS.



Grid cell D (20° N, 75°W)
3-day lead time ROCSS (IFS HRES: 0.21 IFS ENS: 0.73 Pangu-Weather: 0.34 GraphCast: 0.54 FuXi: 0.58)
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Figure 7. Time series plots of T2M24h forecasts initialized at 00 UTC for the IFS HRES, IFS ENS, Pangu-Weather,



GraphCast and FuXi over three selected grid cells, i.e., D (20°N, 75°W), E (39°N, 70°W) and F (15°S, 10°E).” (Pages

18 and 19, Lines 295 to 309)

- Figure 4 is highly informative, as it provides a grid-point-level comparison of different models using a
specific skill metric. Could similar visualizations be provided for additional metrics? At present, most
metrics are only analyzed at a global scale, which, while interesting, does not offer any insights into

regional model performance.

Thank you very much for the instructive comment. We have prepared a supplement file to provide the
grid-point-level results of the Brier score (BS), Heidke skill score (HSS) and the symmetric extremal
dependence index (SEDI):

“In the supplement, the results across global grid cells in terms of the HSS and SEDI also support this
outcome, which indicates the unique insights of binary forecasts for hydroclimatic extremes.” (Page 23,

Lines 362 to 365)

“As shown in Fig. S1 and Fig. S4 in the supplement, the values of BS for the FuXi are better than that for
the HRES at the lead time of 10 days, which is different to the results for ROCSS in Fig.4. Considering
that the BS tends to reflect the average performance and is influenced by the unbalanced number of events
and non-events, better values of a single metric do not mean a more useful forecast (Rasp et al., 2024).”

(Page 23, Lines 354 and 355)

- The manuscript presents well-justified points of comparison in the discussion, but it would benefit from
a clearer articulation of its novelty relative to prior literature. How do these results improve our
understanding of the strengths and limitations of data-driven models compared to numerical models?
What new insights does this study provide for operational forecasting? How do these findings extend

beyond previous evaluation studies?
Thank you for the valuable comment. The first paragraph of the Discussion has been rewritten:

“Binary hydroclimatic forecasts can provide useful information for disaster prevention and risk mitigation
(Ben Bouallegue et al., 2024; Merz et al., 2020). The evaluation of deterministic forecasts and ensemble
forecasts is usually based on average metrics that focus on the overall predictive performance, such as the
RMSE and CRPSS (Huang and Zhao, 2022; Rasp et al., 2024). Models that have minimized average
errors and unrealistically smooth forecasts can also be rewarded by these metrics, leading to their limited

guidance to forecast hydroclimatic extremes (Ferro and Stephenson, 2011; Rasp et al., 2020). By contrast,



metrics for binary forecasts can emphasize the ability to discriminate certain hydroclimatic extremes that
contribute little to average metrics (Larraondo et al., 2020). Binary forecasts are thus more suitable than
continuous forecasts in these cases. In this paper, the results show that for warm extremes, the Pangu-
Weather, GraphCast and FuXi tend to be more skilful than the IFS HRES within 3-day lead time but
become less skilful as lead time increases. The valid period of lead time when data-driven models are
more skilful is shorter than that of the previous studies for continuous forecasts (Lam et al., 2023; Bi et
al., 2023; Chen et al., 2023). In the supplement, the results across global grid cells in terms of the HSS
and SEDI also support this outcome, which indicates the unique insights of binary forecasts for

hydroclimatic extremes.” (Pages 22 and 23, Lines 344 to 355)

- While the manuscript discusses some limitations of individual metrics, a broader reflection on the
general limitations of evaluating forecasts based solely on binary performance for hydroclimatic extremes
would be valuable. For example, it would be useful to acknowledge that binary metrics alone may not
fully capture all the qualities of a good forecast, and could also benefit from integration with standard
skill metrics to mitigate the risk for the "forecaster’s dilemma" (Lerch, 2017). Additionally, it might be
worth discussing why certain models perform particularly well at specific lead times, potentially due to

trade-offs between accuracy and forecast activity (Ben Bouallegue and the AIF'S team, 2024).

Thank you very much for the constructive comment. We have added a new paragraph into the Discussion

to account for these points:

“The hydroclimatic system is high-dimensional and complex so that there won't be a single verification
metric to determine all essential characteristics of a good forecast (Rasp et al., 2024; Jolliffe and
Stephenson, 2012). While the metrics for binary forecasts can emphasize the discrimination, they are
unable to reflect other attributes to quantify the forecast quality, such as reliability, resolution, uncertainty
and etc. (Murphy, 1993). In the meantime, as shown in Fig. 5, when the GraphCast is more capable of
capturing the wet extremes, it tends to produce more false positives, leading to the “forecaster’s dilemma”
(Lerch et al., 2017). It has been shown that using a combination of different types of verification metrics
and diagnostic plots is effective (Larraondo et al., 2020; Huang and Zhao, 2022). As shown in Fig. Al
and Fig. B1 in the supplement, the values of BS for the FuXi are better than that for the HRES at the lead
time of 10 days, which is different to the results for ROCSS in Fig.4. Considering that the BS tends to
reflect the average performance and is influenced by the unbalanced number of events and non-events,

better values of a single metric do not mean more useful forecasts (Rasp et al., 2024). Therefore, the



forecast verification needs to be guided by the operational applications and to account for the trade-offs
between accuracy and forecast activity (Ben Bouallégue and the AIFS team, 2024; Rasp et al., 2024).
(Page 23, Lines 356 to 367)

Minor considerations and typos

- The introduction could further emphasise the necessity of this work. Expanding on why binary forecasts
are operationally important and how they complement deterministic or probabilistic forecasts would

benefit readers unfamiliar with operational forecasting.

Thank you very much for the instructive comment. We have added the information below into the last

paragraph of the Introduction:

“For operational applications such as disaster warning, the emphasis is usually on the occurrence versus
non-occurrence of certain hydroclimatic extremes instead of their precise magnitude (Larraondo et al.,
2020; Rasp et al., 2020). Binary forecasts match this need and can be directly used for decision-making
(Jolliffe and Stephenson, 2012; Larraondo et al., 2020). In the meantime, binary forecasts can emphasize
the ability to capture hydroclimatic extremes, ensuring that models are not rewarded for merely
minimizing average errors and unrealistically smooth forecasts (Ferro and Stephenson, 2011; Rasp et al.,

2020).” (Pages 2 and 3, Lines 54 to 59)

- The manuscript focuses on temperature and wet extremes but does not explain why other extreme
variables (e.g., wind) were excluded. A brief justification would be helpful, particularly given that ERAS5

may be a more reliable ground truth for other variables than precipitation.

Thank you for the valuable comment. The reason for focusing on the temperature and wet extremes has

been added into the revision:

“As the critical variables to understand and forecast the hydroclimatic processes such as floods and
heatwaves, the precipitation and temperature are of concern in operational forecasts (Huang and Zhao,

2022; Lang et al., 2014; Zhao et al., 2022; Slater et al., 2023).” (Page 5, Lines 105 to 108)

- The choice of approach to statistical testing could do with some more thorough justification. The
manuscript currently suggests that the approach follows prior literature, but is a paired t-test valid in this
case? For instance, have you verified that the assumption of normality for ROCSS score differences holds?

A brief explanation of why this method is appropriate would strengthen the argument for this approach.



We are sorry for the incomplete information. The reason why this method is appropriate has been added

into the revision:

“Given the skewness and censoring characteristics of hydroclimatic variables, the standard paired t test is
not applicable in this case (Huang et al., 2023, 2022). In the meantime, the selected hydroclimatic
observations are subject to the problems of heteroscedasticity and autocorrelation due to the spatial and
temporal clustering of hydroclimatic extremes (Olivetti and Messori, 2024). To address these issues, the
cluster-robust standard errors are used to correct the paired t test (Liang and Zeger, 1986; Shen et al.,

1987).” (Page 9, Lines 186 to 190)

- Section 2.1: For clarity and conciseness, consider removing descriptions of models not used in the

analysis.

Thank you. We have removed the descriptions of the ERAS forecasts, Keisler’s graph neural network,

Esteves’s spherical convolutional neural network and Neural GCM that are not used in the analysis.

- Line 108: Typo ("Weatherbence 2" should be "WeatherBench 2").

Thank you for spotting the typo. We have corrected it.
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