Reply to RC1: 'Comment on equsphere-2026-3604', Anonymous Referee #1,
07 Sep 2026

We thank the referee for the thorough review of our manuscript and the detailed, well-founded
comments. We reply to each comment below and keep our answers as concise as the
comments are precise.

Major Comments

[1] Comments on hidden size:

“It is stated (Lines 201-202) that the "only difference" between models is the learning
objective to assess the SSL formulation independently. However, Table 2 states that the
baseline LSTM uses a hidden size of 512, while the self-supervised LSTM is increased
to 1024. This modification represents a roughly fourfold increase in model capacity.
Given that the highlighted gains for PO_4—P and DO are quite modest (delta KGE' of
0.05 and 0.02 respectively, per Line 294), it is possible yet not discussed that these
gains are a result of increased capacity rather than the SSL logic.

The possibility that these gains are a result of the increased capacity rather than the SSL
logic should be tested before concluding. Ideally, a standard benchmark experiment
should be added where a baseline supervised LSTM is trained with a hidden size of
1024 to serve as a proper control. Alternatively the increase in hidden size must be
argued and discussed with regards to performance changes.” - RC1

We tested several hyperparameter settings for the supervised and for the self-supervised
model versions. In this early testing the supervised model did not benefit from the increased
hidden size of 1024 while the self-supervised model did. Prompted by the referee's comment
we will train new ensembles for the multi-target baseline model with 1024 hidden size and the
SSL model with decreased hidden size in order to be able to systematically rule out the
influence of model capacity on the performance.

[2] Comments on fixed masking rate and unrepresentative training task:

“The model is trained with a fixed masking rate of exactly 3 variables (Line 193) but is
evaluated in a "multi-masking" scenario where 7 variables are masked simultaneously.
This creates an unencountered distribution shift at inference that could explain why the
SSL model does not outperform (Line 444) its supervised counterpart in that scenario.
This technical limitation should be incorporated into the otherwise good discussion better
yet the SSL model should be trained with a dynamic masking rate (e.g., randomly
masking between 1 and 7 variables per sequence) so it learns to operate under any
missingness pattern.” - RC1
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The referee is correct to point out that the training task and the inference tasks are technically
different. However, because of the sparse WQ data, the effective difference is considerably
smaller than the nominal masking rates suggest. During the preparation of this study, we
tested different settings (e.g. different masking rates, grouped masking, masked forcings),
while the majority of options remained unexplored, and could not identify systematic insights,
which could (again) relate to the sparse nature of the WQ data. The number 3 for the masked
channel hyperparameter during training was chosen based on preliminary tests, but not
optimized, which is not explained in the manuscript and we will correct that in the finalized
version. The referee is correct in the assessment that the training and the inference task
should align. On the referee's suggestion we will also test an ensemble with SSL and a
dynamic masking rate of the proposed 1-7 channels and discuss its result in the manuscript.

[3] Comment on “regional” model:

“The study relies on a temporal split (2000-2010 vs. 2010-2019) and regionalized
LSTMs to support claims of "regional” modeling (Lines 28) which typically implies the
ability to generalize to ungauged catchments. The current setup only demonstrates
temporal interpolation within known locations as no spatial holdout is tested. The claims
of “regional modeling” should be revised or a spatial holdout tested." - RC1

We use the term "regional” for a single model with one shared parameter set trained jointly on
many catchments, in contrast to models calibrated locally for individual catchments. This
follows Kratzert et al. (2019a), who refer to a single LSTM trained on 531 CAMELS basins as
a regional model and evaluate it on a temporal split of the same basins, while noting that the
regional modeling problem is closely related to prediction in ungauged basins (PUB). LSTMs
trained in this way have since been shown to generalize to ungauged basins (Kratzert et al.,
2019b; Nearing et al., 2024). However, the skill of such models for WQ variables in ungauged
basins requires explicit testing as the referee pointed out and will be the subject of future
research. We agree that the abstract can be read as a claim of spatial generalization beyond
the training set and will revise the sentence accordingly. We will also state explicitly in Sect.
5.2 that our results characterize temporal generalization for gauged catchments.

[4] Comment on bootstrapping:

“The paired bootstrap analysis across catchments (Lines 290, 295) asserts statistical
significance for very small metric gains (e.g., delta KGE' of 0.02 for DO and 0.05 for
PO_4-P) but is only based on the spatial distribution of the ensemble means. Averaging
the 5 members predictions prior to metric calculation flattens temporal variance and
discards the epistemic uncertainty of model initialization. The significance test must
account for both spatial and initialization variance to prove these minor improvements
are not simply artifacts of random seed selection. The methodology should be revised to
either reflect only evaluating ensemble mean or ensemble characteristics should be
reported and accounted for in statistical tests.”- RC1

We thank the referee for this comment and agree with their assessment that there is only a
spatial bootstrapping in place. We treat the five-member ensemble mean as the model under



evaluation. This follows common practice for LSTM rainfall-runoff models, where averaging
members trained with different random initializations mitigates the error arising from the
stochasticity of training (Kratzert et al., 2019a, b). The ensemble results in better performance
than almost all individual seeds. As suggested by the referee we will add a remark to the
methodology to clarify we only evaluate the ensemble means.

To give some additional analysis to the reported significances:

1. Comparing the median performances of each model seed for the SSL (single- & multi-
mask) with the supervised baseline (multi-target, variable-averaged MSE) results in 25
combinations for each target variable. For PO4-P and DO in the single-mask inference task
100% of the combinations result in better KGE' performances for the SSL model with ranges
from +0.014 to +0.081 (PO4-P) and +0.017 to +0.043 (DO). For NO3-N in the multi-mask
inference task the SSL set up performs worse in 80% of the seed comparison combinations
(AKGE' range -0.064 to +0.007) but for EC it only performs worse in 40% (AKGE' range
-0.080 to +0.024).

2. When conducting the paired difference bootstrapping for each model seed combination
(n=25) instead of comparing the ensemble means, the reported differences (SSL better in
single-mask inference) stay significant for PO4-P in 72% and for DO in 88% of the seed
combinations. Individual ensemble members are noisier than the mean, which makes this test
stricter.



Minor comments

[1] Comment on PO4-P attribution:

“The performance for PO_4—P (median KGE' 0.35) is attributed to "intrinsic complexity,
yet the source context (Line 383) correctly identifies missing "point sources" and legacy
effects. In addition, the use of a 365-day sliding window could be hydrologically
problematic for nutrients. The authors acknowledge "deep groundwater memory" and
"legacy effects" (Line 383), however a stateless model resetting every year as used in
this study cannot physically capture these multi-year processes. This should be added
as a paragraph acknowledging this structural architectural limitation.” - RC1

Indeed, the referee raises a good point here, the point source controls and legacy effects
cannot be covered with the current approach, adding to the intrinsic complexity of PO4-P. We
will more clearly discuss this limitation in the manuscript. In fact, this also applies for NO3-N,
where long-term legacy from diffuse sources is a well-known phenomenon (e.g. Ehrhardt et
al. 2021).

Regarding source controls: One approach is to provide source information (diffuse and point
sources) as a model input, this is, however, beyond the scope of the current study but useful
to be further explored in the future. We would like to highlight though, that although large-scale
datasets exist for Germany (e.g., Sarrazin et al. 2024), they are subject to uncertainties and
provide limited temporal resolution providing annual statistics only, hence requiring additional
strategies and assumptions to downscale to the daily time steps predicted here.

Moreover, we would like to point out that changes in point source inputs during the training
(2000-2010) and testing periods (2010-2019) can be considered lower and relatively constant
compared to highest nutrient emissions to streams in the 1970s and 1980s (Sarrazin et al.
2024). In this study, the validation period in the 1990s could be affected more strongly with
most distinct point source inputs, however, it was only used for hyperparameter tuning
purposes.

Regarding the long-term legacy effects: Indeed, longer model memories could be necessary
to reflect long-term improvements in nutrient pollution related to long-term changes in the
management. In particular, for NO3-N, legacies of up to decades are well studied (e.g.
Ehrhardt et al. 2021), for PO4-P however, more immediate reactions to point source
reductions are reported, although legacy storage in sediments and remobilization are possible
(e.g. Westphal et al. 2019, 2020). Longer model memories (sequence length) would mainly be
useful if temporal data such as cropping patterns and fertilizer inputs are considered in the
predictors. A technical solution to reflect longer time periods could be the Multi Frequency
LSTM (Acufia Espinoza et al. 2024, 2026) developed within our workgroup which might be of
further interest to the referee.



[2] Comment on SSL missing data handling:

“The claim that SSL handles missing data naturally without imputation (Line 199) is
technically underspecified given the 97% missingness in WQ variables. When a WQ
variable acts as a dynamic input, it remains unclear how the daily-scale dynamic input
vector represents those gaps. It should be explicitly stated how the SSL handles these
e.g.: are these zero-padded, or are they accompanied by binary companion masks to
alert the LSTM to the validity of the input signal?” - RC1

The referee is correctly pointing out a technical underspecification of the handling of missing
input data. There is neither any zero-padding nor a binary flag feature. Every NaN value in the
input is replaced by the same trainable token that is used for the masking process (similar to
zero-padding, all missing values receive the same value, but this value is learned during
training and is therefore not confounded with a physical value of zero). This handling makes
the signal of missing data in the input identical to the signal when masking is enforced. We
will add this information in section 3.2.

[3] Comments on formatting and references:

“Lines 12, 188, 264, 333, 373, and 468 (Inconsistent Chemical Formula Formatting): The
chemical formulas for nitrate-nitrogen and orthophosphate-phosphorus are formatted in
three conflicting styles across different sections of the article:

e Subscript with en-dash (NOs-N and PO_—P) in Line 12 (Abstract) and Line 188
(Section 3.2).

e Subscript with standard hyphen (NO3;-N and PO,-P) in Line 264 (Figure 2
caption) and Line 333 (Section 5.1).

e Plain text with standard hyphen (NO3-N) in Line 373 and Line 468 (Section 6).

Line 240: In the sentence: “...leads to a slight decrease in runoff performance (median
KGE from 0.87 to 0.84)...”, the prime symbol is omitted.

Lines 534-535, 566-567, and 614—-615: Several references in the bibliography contain
compiled duplication errors in their DOI prefixes, which results in broken hyperlinks.” -
RC1

We thank the referee for the careful inspection of our manuscript. The referee correctly
identified the different uses of en-dashes and standard hyphens in the chemical variable
formulations which slipped our attention. We will synchronize them (as well as the plain text
instance of NO3-N).
The prime symbol for the KGE in Line 240 will be added.
We will correct the duplicated DOI prefixes.
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