The authors would like to thanks the referees for helpful comments and the editor for the
opportunity to make major revisions to the manuscript. Our replies to the referees (submitted
Dec. 2025) are in blue, the revisions to the manuscript are indicated in red. Major changes are
as follows:

(1) The paper has been restructured with all methods extracted to Section 2.

(2) A new Supplementary Material section (S1) now describes the rainfall forecasting
method in detail.

(3) Results for rainfall and river flows have been separated from their discussion.
Quantitative values for these results are now quoted.

(4) Ancillary comments and asides have been removed where they proved confusing to the
reader and were not essential to the results.

(5) The text has been extensively revised for clarity.

Referee #1

Streamflow forecasting plays a critical part in water resources management. In this paper,
streamflow forecasting models are developed for Great Britain. The usefulness of the models
are demonstrated through the Hydrological Outlook Portal (https://ukho.ceh.ac.uk/).

The authors would like to thank the referee for their review and constructive comments to
help us improve the paper. Responses to specific points are given below.

There are three comments on the paper.

First of all, the paper is more like a report, rather than a research article. It is mainly due to that
the methods presented along with the results. For example, in “4.2 Performance of the forecast
distribution”, the equation of CRPS is illustrated and then the detailed results are presented. Itis
pointed out that for research articles, methods and results are mostly presented in different
sections. In this way, all the methods are illustrated in the same section, so that people can
better understand the framework of the proposed methods.

This is a helpful remark. We will rearrange the material in the revised version as you
suggest.

The paper has been rearranged with all methods material extracted to Section 2. This
includes both forecasting and verification (hindcasting) methods. Results for rainfall and
river flows are now each in sections 3 and 4, with clearly signposted results and
discussion sections.

Secondly, the rainfall forecasts that drive the hydrological models can be improved. In “4.1
Performance of the ensemble mean”, the performance of raw rainfall forecasts is examined. Itis
not surprising to see that the performance of raw forecasts is not satisfactory. It is noted that
peer studies have developed post-processing methods to exploit the skill of raw rainfall
forecasts. The authors are suggested to considered forecast post-processing.

The authors agree that additional post-processing may improve the skill of the rainfall
forecasts. This is beyond the scope of this work, but will be mentioned in the discussion
of further work in the conclusions [Lines 491-499].

This is now referred to in the rainfall discussion section [lines 315-316] and bias
correction is also mentioned in the context of river flows in the further work section of
the conclusions [lines 526-528].


https://ukho.ceh.ac.uk/

Thirdly, there exist some forecasting systems in Europe. Is it possible to conduct some
comparisons?

Qualitative comparisons can certainly be made, although a formal statistical
intercomparison would be beyond the scope of this work. Over the next few years the
Hydrological Outlooks research team plan to make such a comparison between the
various methods and models used for UK streamflow prediction. In a revised version we
will add some additional European examples to the introduction and a brief qualitative
comparison to the discussion section.

We have added an extensive comparison to other rainfall forecasting systems to Section
2 [lines 302-316]. Comparison to earlier UK river flow forecasting schemes are now in
Section 4.3 [lines 387-401]. The comparison to GloFAS suggested by the referee is not
included but it is now mentioned in the introduction [lines 47-48].
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We thank the referee for drawing our attention to these works. We will include citations
to such works where appropriate in the revised version.

References have been added where appropriate [lines 47-48, 315-316].

Referee #2
Please find attached my review of the manuscript.

The authors would like to thank this referee for a careful and detailed review. We are grateful
for your suggestions which will help us prepare an improved version of the paper.

1. Scope

The scope of the article is inside the scope of HESS.



2. General evaluation

The authors present a method to improve seasonal hydrological forecasting in Great Britain, in
which they conditioned the numerical meteorological forecast with historical weather data and
used this forecast as input to a hydrological model to produce seasonal forecasts.

In general, | found the paper difficult to follow. In my opinion, it lacks a consistent story telling.
Also, | think in most cases the findings are not conclusive, and the language is not in line with

scientific discussion (see examples below). Moreover, the correlations presented in Figure 2 are
quite weak, compromising the efficiency of the method. Consequently, | believe major revisions
are necessary before moving on with the review process.

We thank the referee for these general observations. We propose (following comments by
referee #1) to separate out the description of the forecast evaluation methods from the
results. This should clarify the presentation. Generallanguage, and particularly the examples
identified by the referee will also be improved in revision.

A detailed response to the referee’s observations that “the results are not conclusive...”, “the
correlations... are quite weak” pertaining to the quality of our rainfall forecasts is given in our
response to comments on section 3 below.

We consider the most important results in the paper to be those for river flows (Figures 3, 4 &
5). These are stronger than those for rainfall (Fig. 2). This shows that, despite examples of
marginal skill in the rainfall forecasts, we can still produce skilful river flow forecasts thanks
to the contributions of hydrological initial conditions. Moreover, in Fig. 6 we demonstrate that
these rainfall forecasts improve the winter river flow skill in parts of the country where initial
conditions are less influential. Thus we argue that these rainfall forecasts provide skill
complementary to that from the hydrological initial conditions.

3. Specific comments

Section 1: Introduction

Line 33: You should define sub-seasonal to seasonal timescales (weeks, months...). Also, the
temporal resolution of the forecast (daily, sub-daily, etc.)

We will do so. In this work we are talking about both seasonal forecasts (three-month
total precipitation and mean river flows) and monthly forecasts (one-month total
precipitation and mean river flows).

This is now at the start of the introduction on line 29.

Line 40: It would be beneficial to give examples of low- and no-regret actions.

Examples will be given in revision. For instance, when a forecast predicts water scarcity,
low-regret responses may include advertising to encourage reduced water use. If a
forecast predicts high flows, flood management assets may be repositioned to more
vulnerable regions, staff availability may be reviewed and stored water may be released
to create space in reservoirs.

Examples are now on lines 36-41.

Line 57: What do you mean reasonably well?



This will be rephrased to make clear that SAAR-based downscaling provides improved
skill over uniform downscaling. This is shown by the cited work Kay et al. (2023), who
demonstrate that the accuracy of simulated river flows based on SAAR-downscaled
rainfall are much closer to that achieved with natively high-resolution rainfall, while
uniform downscaling is worse. (Median Nash-Sutcliffe efficiency across the tested
catchments are 0.65 for SAAR-downscaled, 0.7 for 1km rainfall and 0.6 for uniform
downscaling).

This was rephrased, lines 67-69.

Line 64. | would suggest removing “Section 2 describes our hydrological forecasting scheme in
detail.” as it is stated below, where you give the structure of the paper.

This has been removed as suggested.

Line 65-80: This is part of the methods and not the introduction. | would suggest moving this
section.

Line 71-75: 1 do not understand what you are explaining. Can you elaborate further? Why 3
subsamples, where does the 63 come from? If the pseudo-observations come from historical
records, how are you including physically plausible extreme rainfall events that have not
previously been observed?

Line 75-80: This also requires further explanation. What are you matching? The large-scale
atmospheric circulation patterns with what?

The technical questions above are addressed in the cited work Stringer et al. (2020).
These paragraphs were intended to differentiate Historic Weather Analogues (HWA) from
other approaches to seasonal forecasting. In the revised text we will first provide a
description of the HWA method before this discussion which should put these comments
into context.

A technical description is now in the supplemental material. To simplify the manuscript
we have removed this comparison between ESP and HWA methods.

In general, | think what lacks in the introduction is the importance / impact that this seasonal
forecast can have. A small paragraph justifying why they are used, what type of decisions can
be taken, what are the limitations.

This is done in lines 33-41 of the introduction. Following your feedback we will raise the
prominence of these lines and also include some examples as requested above.

The usefulness of seasonal forecasts is now at the beginning of the introduction with
additional examples given [lines 29-40].

Section 2: Forecasting methodology

We thank the referee for their careful attention to this section and interest in the detailed
implementation of the rainfall forecasting method (referee comments relating to lines
135-158 below). Elements of this method have been published previously in Stringer et al.
(2020), Donegan et al. (2021), both cited here (line 134), and since this preprint was
submitted by Chan et al. (2025).



Unfortunately, the Stringer et al. (in prep) work that was going to synthesise all these
details and which we mention on line 143 has been delayed. We therefore propose to add
a technical appendix describing the full implementation, with an overview given here to
maintain the flow of the paper. In this response to the referee we will briefly answer
specific questions, all of which will be included in the technical appendix.

The detailed description of the HWA methods are now in the new supplemental material
[Sect. S1].

Line 110: How do you pass from daily total rainfall to 15-minute inputs that the G2G model
needs (mentioned in line 107)?

We disaggregate the rainfall uniformly across the day. The text will be updated to state
this.

This is now on line 120.
Line 127: Which is the original scheme?

This was described in detail on lines 48-60, referenced on line 123 and is discussed in
Bell et al. (2013, 2017) which are cited in both places. We will ensure that revised
version is clear that we are talking about the same scheme on this line too.

In the reworked manuscript is now described on line 65-71, but the comparison
between methods is no longer relevant to the newly separated methods section. It is
again described when relevant in Sect. 4.3.

Line 135: What is MSLP (this has not been introduced before)

This is the Mean Sea-Level Pressure (MSLP). We will ensure this is spelled out in the
revised version.

Now defined on line 138.
Line 137: What criteria do you use to select analogue years? How did you match them?

This was covered in Stringer et al. (2020) and will also be described in the new technical
appendix.

This is now stated on line 141 and more detail given in the supplemental material in Sect.
S1.

Line 139: NAO was not introduced before
This is the North Atlantic Oscillation (NAO). This will be stated in the revised text.
First appearance is now line 147, where this acronym is now defined.

Line 140: What is the “than” referring to here?

Here we are referring to the level of forecast ensemble mean variance that would be
statistically consistent with the correlation with observations. This ‘signal to noise
paradox’ is discussed in detail by both Scaife and Smith (2018) and Stringer et al. (2020).
We will expand the text here to discuss this phenomenon more clearly.

This has been rephrased, lines 147-151, see also the Supplementary Material, Sect. S1.



Line 143: Why are you referring to a method that will be explained in a publication that has not
been published yet? Thisis not how references work. You need to either explain it here or wait
for the other paper to have at least a preprint and refer to that.

The required description will now be contained in a technical appendix.
This is in the Supplemental Material.

Line 147: What is “any” referring to here? Also, by using a proxy and then using that proxy to
calculate a quantity, you are not avoiding biases, you are just changing the model you are using.

This will be rephrased - not using a rainfall generation model allows us to avoid its
particular biases, but we are affected instead by the biases in predicting the proxy (and
the scatter in the correlation between proxy and rainfall).

This line no longer appears in the revised version; it has been removed to simplify the text.
Line 148: Less good = worse.
This will be rephrased.

The negative correlations in summer to which this comment referred are now on lines
321-324 of the results section; we now describe the summer forecasts as ‘misleading’.

Line 150: | do not agree with that; observational means will vary depending on the resolution.
Hourly, daily and monthly precipitation means are different.

This will be rephrased —we intended to say that the use of observations implies what
follows.

This text has been removed in the revised version to simplify the discussion; it does not
affect any results. On reflection attempting to comment on the methodology at the
same time as describing it was confusing to readers. We recommend Stringer et al.
(2020) for more extensive commentary.

Line 153: Three sub-periods are 3 months?
Yes, it will be clarified in the text that for a seasonal forecast these are three months.

Seasonal and monthly are now defined on line 106-107, we also define these in the
technical description in the supplementary material: “For a seasonal forecast we obtain
the observed daily total rainfall from each of the three months in the analogue years. For
a monthly forecast, the observed daily total rainfall in the periods 15-10'", 11"-20"" and
the remainder of the month in the three analogue years are used.”

Line 158: Why are the extremes better sampled?

When too small an ensemble is sampled from the continuous distribution the sample
distribution will deviate substantially from the continuous distribution. If you increase the
ensemble size, the deviation will become smaller. It would be more correct for us to say
in the paper that the whole distribution is better sampled when the ensemble size is
larger, but here we want to specifically highlight that the extremes of the distribution
(which include the low-probability, high impact events of most concern) are substantially
improved.



The discussion of the effects of ensemble size has been omitted from the revised version
(see also below). Stringer et al. (2020) makes the point already that a larger ensemble
better-samples the distribution.

Line 155-162: | believe this needs to be explained better, right now the writing is confusing and
there are a lot of ideas not properly explained. How are you sampling not-independent
samples?

We appreciate the feedback on these lines. On further consideration, the discussion is
ancillary to the main aims of the paper. We will therefore summarise our argument more
clearly (below) but omit it from the revised version.

e We don’t know the true distribution of the predictand (rainfall), but we
approximate it using an ensemble from a deterministic model. The larger the
ensemble, the more accurately it will reflect the true distribution (assuming the
model is unbiased).

e Although we appear to have a large ensemble in this work (e.g. 510 members for
seasonal forecasts), this ensemble is derived by resampling a small number of
deterministic model forecasts (51 runs of GloSea).

e Ensemble members derived from the same GloSea run will not be independent of
one another. Their distribution is therefore a potentially biased sample of the true
distribution we are looking for.

e |n this work, resampling has increased the ensemble size, making it a better
approximation to the true distribution of rainfall. However, it is not as good as if
we were able to run GloSea a similar number of times (which is too
computationally expensive to attempt).

The relevant comments have been removed from the revised version. They do not affect
the results in this paper and were confusing to readers.

Are you quantifying the covariances you talked about?

We have now calculated the correlations between ensemble members using the UK-
mean rainfall forecast by each ensemble memberin our hindcast sample. For DJF, we find
that the average Pearson correlation between ensemble members associated with the
same GloSea memberis 0.7410.10 (indicating that they are not independent) whereas for
ensemble members associated with different GloSea members the average correlation
is 0.16%£0.21 (both +10). The former is not consistent with 1, indicating that resampling
offers some increase in effective ensemble size. The latter is consistent with zero,
indicating the GloSea members are nearly independent.

We haven’t quantified the magnitude of this effect on the quality of our forecasts —this is
outside the scope of this work and would require a large (computationally expensive)
GloSea ensemble to compare the resampled ensemble against. However, Stringer et al.
(2020) did explore the effect of varying the number of resamples per GloSea member.

This relevant comments have been removed from the revised version.
Line 172: | believe the references for section 2.1 and 2.2 are mixed.

Thank you, this will be corrected.



See lines 164-165.
Section 3: Comparison between forecast and observed rainfall

| have multiple questions about this section, especially the correlation values that you
presented in Figure 2. If | understand correctly you used samples of the hindcast period to
evaluate the rainfall forecast model (so comparing the model results against past observed
data).

This is correct.
Moreover, on the top right of figure 2 you present the mean correlation.

We acknowledge that the ‘mean’ correlation (not to be confused with the correlation of
the spatial means) is not a statistically robust measure butis intended to provide a simple
summary of how the skill differs between months/seasons. The far more important
results here are the spatial patterns — we will update the text to emphasise this.

See lines 285-291.

The values you have there are extremely low. Saying that the “correlations are not particularly
strong” is a huge overstatement. A correlation of 0 means no correlation at all, and most of your
cases are values around 0. Also, you have negative correlations. If you are calculating the
correlations between the forecasted and the observed variable (so same variable), and the
correlation is negative, it is a clear sign that the model is not working at all.

We understand your points so far. We accept that our discussion in this section lacks
nuance by not discussing where rainfall forecasts are not skilful (Pearson r<significance
level), and this will be revised. However:

(1) Although the regions/seasons where rainfall correlations are statistically significant
still only have low correlations, this level of correlation is not unusual in seasonal
forecasting in the extra-tropics. For UK seasonal precipitation forecasts, few models
show statistically significant correlations with observations, and these are still low
(r<0.5 even for the best-performing UK Met Office and Météo-France models; see e.g.
Dunstone et al. 2018, Quaglia et al. 2022, Nikraftar et al. 2024). Other models (e.g.
ECMWF, CMCC, DWD) show no correlation (not statistically significant, typically
[r|<0.2; see e.g. Johnson et al. 2019, Quaglia et al. 2022), or negative correlations at
some times of year (see previously referenced works). The MSLP patterns that drive
UK rainfall are similarly predicted with low skill, again with only GloSea and Meteo-
France achieving statistically significant correlations (and these 0.38<r<0.5 across
the UK; Baker et al. 2018); the NAO index is only skilfully predicted at best with r=0.4
(Thornton et al. 2022). The text will be improved to make these comparisons.

(2) The historic weather analogues method was introduced by Stringer et al. (2020)
specifically to improve winter (DJF) forecasts. However, it is important to test whether
the scheme is applicable all year round, or just in DJF. Our Fig. 2 thus demonstrates
and when rainfall forecasting method has skill and when it doesn’t. We agree our
results show that the forecasts are not skilful where we have negative correlations,
such as in the summer. In these cases, better river flow forecasts could be made by
instead using traditional ensemble streamflow prediction (using all historical rainfall
patterns without selection). We will revise the text to say this explicitly and discuss
the probable drivers of non-skilful cases in more detail.



(38) These results in Figure 2 should be compared to those in Figure 3, which shows the
same skill score for the river flow forecasts. The correlations there are mostly much
better, indicating that although the rainfall forecasts are only skilful in some places,
and often only marginally so, the skill provided by the inclusion of hydrological initial
conditions generally compensates for it. This is discussed extensively in Section 5.

Results are now contextualised in Section 4.2 [lines 303-316]. We acknowledge that at
1km resolution the correlations are low, but not unusually so for seasonal precipitation
forecasts in the UK. We also now note that the low correlations explains the findings of
Chen et al. (2025) that HWA only slightly outperforms ESP in the UK.

Moreover, how did you get that a threshold of 0.33 to define statistical significance correlation?

We will clarify the text. This is the critical value above which we would reject the null
hypothesis (that forecast ensemble mean and observation are not positively linearly
correlated). Using a confidence level of p=0.05 the one-tailed significance level for the
Pearson correlation for a sample of size n=24 is 0.330 (the value for n=23 is PCorr>0.337).
These values are found easily in published tables (e.g. Fisher and Yates, 1963) and can be
calculated using software packages e.g. scipy.stats.

The reference to Fisher and Yates has been added to line 298.

| think the evidence in this section suggest that the forecast model used to predict precipitation
does not work.

We do not agree with this conclusion. Section 3 shows explicitly that the rainfall
forecasting method adopted in this work is skilful in some places and times and not at
others. The strength of using these forecasts for hydrological forecasting is that, as we
argue in Section 5, the inclusion of additional information in the hydrological initial
conditions can somewhat compensate for the lack of skill in the rainfall forecasts.

Is there any reference of how other models perform? How do this compare, for example, with
the seasonal forecast of ECMWF?

This will be addressed in the revised text. As we have discussed above, other seasonal
forecasting models do not appear to perform any better, and many are worse. In
particular, the ECMWF SEAS5 seasonal precipitation forecasts for DJF and JIA have no
correlation with observations over the UK (-0.2<r<0.2; Figure 20 of Johnson et al. 2019).
Similarly, Weisheimer & Palmer (2014) concluded that the earlier SEAS4 were only
‘marginally useful’ over Northern Europe for wet winters and summers, ‘not useful’ in dry
winters and were ‘dangerous’ [misleading] in dry summers. Nikraftar et al. (2024)
compared seasonal forecasting models included in the Copernicus Climate Change
Service and concluded that “UK-Met [GloSea6] and Météo-France consistently
outperform other models”.

ECMWE is explicitly mentioned in lines 306-309, other models are also compared to in
Section 4.2.

| would suggest that if your model is not working you take another model.

As discussed above, we don’t think there is another model available that performs
better.



See discussion in lines 303-316.
Section 4: River flow forecast performance

Line 232: | agree that taking another model is as the “ground truth” give you the advantage to
validate in ungauged locations, but it might be worth to also compare against observed values
where you have them and present both metrics. In GB there is the CAMELS-GB dataset that
have discharge locations in over 600 stations, which you can compare against.

We agree that this is possible; there is no shortage of available data. We are concerned
that this becomes repetitious in an already long paper. We appreciate the suggestion and
will consider it for future studies.

See lines 204-215. We have emphasised that in this work we prioritise coverage over
direct observation, and so use modelling to infill between observations for rainfall, and to
obtain simulated flows for rivers.

Line 235: What do you mean reasonably well? Also, if you use a dataset as CAMELS-GB there is
a label that says what basin are relative unaffected by human impact, so the argument that
comparing against observed flows would be unfair is not an actual argument.

We will rephrase “reasonably well” to be more specific. The sentence that comparing
against “observed flows... would be unfair” will be removed.

Reasonably well is now quantified in terms of the Nash Sutcliffe efficiency, see Bell et al.
(2009). The offending sentence was removed.

Line 257: What do you mean by “the performance is good overall”? In a scientific article you
should indicate the metrics also in the text, otherwise is completely arbitrary.

We will provide some headline statistics and ranges in the text (e.g. fraction of river pixels
with PCorr > critical value) and refer the reader to the figure for the detail.

Headline statistics are now in the text in lines 293-295.

Line 260: How did you define the statistically significant threshold? How does it compare to
other models? Do you have any reference hydrological model? Why do you have negative
correlations for JJA in figure 37?

See above comments about statistical significance testing, this will be clarified here also.

We do not use a reference hydrological model. Our comparison is against the results of
Bell et al. (2017), which used the same hydrological model but different precipitation
forecasts in Section 4.4. We extend their work as follows.

(1) We now assess river flow forecast performance at 1km resolution (rather than only
averaged over large regional scales).

(2) Our assessment now spans three performance metrics (ensemble mean correlation,
(continuous) ranked probability skill score, and relative operating characteristic),
rather than just one.

(3) We show that the regional ROC scores for seasonal river flow forecasts (the only
metric published by Bell et al. 2017) are improved when we use the historic weather
analogues approach (our Section 4.4, Table 3).



The comparison to Bell et al. (2017) is now in Sect. 4.3.
Comparisons with other hydrological models are outside the scope of this paper.

Negative correlations in JJA have already been discussed in the paper (lines 257-259). We
will say explicitly here that this work demonstrates clearly that this forecasting
methodology as currently configured should not be relied upon to provide accurate JJA
forecasts.

See earlier discussion on lines 320-326.
Your use of language is quite general and not in line with a scientific article. Expressions as:
e “are statistically significant over much of the country in many months”

e “forecast ensemble means perform less well in northern England, where hydrological
memory is not particularly long, nor rainfall forecasts especially skilful. ”

are subjective and do not quantify anything.
We will tighten the language in our revision.

The text has been reviewed and quantitative results included in parentheses alongside
qualitative descriptions.

Figure 3. The name of the figures should be descriptive by its own, not a reference to other
figures.

This will be corrected in a revised version. Done.

Section 4.2. | think here also comparing your results against observed data would be useful. It
would give you an idea of how your model performs against real data.

Please see earlier comments relating to line 232 that addresses this.
This is now covered alongside rainfall on lines 204-215.
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