
Dear Reviewer #2, 

We thank you for your review. Your comments helped us improve the manuscript a lot, for which we 
are very grateful.  

The results changed substanƟally during the revision, partly because we found and fixed several 
errors in the data preprocessing pipeline. Partly because, moƟvated by the reviewers' requests to 
focus on TWSA anomalies, the model now predicts TWSA anomalies relaƟve to the training 
climatology, and climatology is added back aŌerwards to retrieve full TWSA. ‘Anomaly’ in this 
response leƩer therefore refers to non-seasonal TWSA, where climatology has been subtracted. 

Some of the conclusions in the original manuscript have changed: 

1. The model generates useful predictors from ERA5 data: withdrawn. Removing all ERA5 inputs has 
no significant impact at any lead, and has an ambiguous impact in the per-basin evaluaƟon. Skill 
comes mainly from TWSA inputs.  

2. The model encodes spaƟal teleconnecƟons: withdrawn. Removing ocean nodes changes the skill 
significantly only at lead six and only for 11 out of 226 basins, which is what chance alone would give.  

3. Graph connecƟons are beƩer than local convoluƟons: restricted. HiGNN-LSTM outperforms the 
ConvLSTM on the reconstrucƟon set but not on GRACE/-FO.  

4. Strong performance where seasonal signal dominates: altered. PredicƟng anomalies and evaluaƟng 
anomaly correlaƟons show the highest scores where anomalies persist the longest.  

5. HiGNN-LSTM outperforms climatology baseline: strengthened. The model is now evaluated against 
persistence and climatology baselines and beats both in area-weighted global RMSE at every lead, on 
the reconstrucƟon test set and the GRACE/-FO.  

At the end of this document, we have aƩached a supplement that lists the code changes, the revised 
results and the new results from the experiments requested by the reviewers. In the answers to the 
comments, we will refer to the Supplement. The original comments are in blue italics, our answers 
are in black. 

We hope we can answer all comments to your saƟsfacƟon. 

Best regards 

Viola Steidl 

On behalf of all co-authors  
 

 

1. The model isn’t tested by isolaƟng it from ERA5. Is there any evidence that adding ERA5 
substanƟally improves the model? Retrain the model with only TWSA and month of the year and see if 
the performance drops. Then check if the ERA5 variables have contribuƟon to the model or just 
adding complexity to the model. If the paper's claim is to improve performance by ERA5, there should 
be a clear comparison with and without ERA5. 

Thank you for the comment. We added an ablaƟon study that addresses this quesƟon (see 
Supplement Sec. 2.1). We retrained HiGNN-LSTM using only TWSA and the month of the year as 
inputs, without ERA5 data. Removing ERA5 from the input features increases globally averaged RMSE 
on the test period at every lead, but not significantly. Basin-wise evaluaƟon shows that, averaged 



over all leads, ERA5 has significant influence on the forecast score in 99 of 226 basins. Out of these, 
52 basins actually achieve beƩer RMSE scores if ERA5 is removed from the input, so for these basins, 
ERA5 just adds complexity instead of improving the forecast.  

Most of the predicƟve skill comes from the memory of the TWSA anomaly itself. Therefore, we 
removed the claim that the GNN "automaƟcally learns useful predictors from ERA5" from the 
abstract, introducƟon and conclusions, and apologise for not providing evidence in the original 
manuscript.  

 

2. The evaluaƟon against GRACE observaƟons (Table 3, Sect. 4.3) lacks sufficient baselines and 
diagnosƟcs. 

         2a) Inconsistency between reconstrucƟon and GRACE evaluaƟon 

Table 2 and Table 3 need meaningful and strong interpretaƟon based on the comparison made 
against observaƟon. The model loses to climatology at lead 6 on the reconstrucƟon (3.77 vs. 3.69 cm) 
but beats climatology at every lead against GRACE, including lead 6 (6.96 vs. 7.96 cm). It is not clear 
why or how the model performs worse than the baseline on the reconstrucƟon but beƩer on the 
GRACE observaƟon. It should be clearly stated how Table 3 climatology was computed. 

From the released code in the repository evaluaƟon_HiGNN.py, it seems that the climatology is 
computed from the reconstrucƟon training period get_climatology() and reused unchanged for the 
GRACE evaluaƟon. If so, then Table 3 compares the model against climatology derived from different 
smoother product which would explain the values in the table. 

This is correct. The table compares the climatology computed from the reconstrucƟon TWSA for the 
training period. This was intended to show that the model adds skill over the simplest baseline that 
can be derived from the training data. We agree that this was not clearly stated and will clarify in the 
table's capƟon.  

In the original version, the model had to predict the seasonal cycle together with the anomaly from 
the 12-month input. At lead 6, it got slightly worse than climatology from the training data. However, 
on the GRACE-derived data, the model could outperform the reconstrucƟon climatology because it 
predicted TWSA as a change to the last TWSA input, and therefore it already had the correct offset 
that the climatology did not.  

In the revised manuscript, the model predicts the anomaly relaƟve to the training climatology, which 
is added back to the output. With this formulaƟon, the HiGNN-LSTM beats climatology at every lead 
on both the reconstrucƟon test set and the GRACE/-FO dataset.  

In Table 4 (Supplement), we added a climatology baseline calculated from GRACE-derived TWSA prior 
to the evaluaƟon period (April 2002 - February 2008). The GRACE-derived climatology is a poorer 
baseline than the reconstrucƟon climatology because it is based on only a few years of observaƟons.  

 

        2b) The error in Table 3 stops growing as the lead Ɵme increases, and this is never discussed 

Table 2 almost doubles across the horizon (1.83 → 3.77 cm), as expected. Table 3 goes 5.59 → 6.63 → 
6.98 → 6.98 → 6.89 → 6.96 cm: it rises for two months, then flaƩens and even dips at lead 5. This 
suggests a fixed error floor near 7 cm caused by the mismatch between training data and 
observaƟons rather than by forecast difficulty. Please discuss this, and clarify whether leads 3 to 6 in 
Table 3 measure forecast skill or a lead-independent error floor. 



Thank you for the observaƟon. The preprocessing pipeline had errors that we addressed during the 
review (see Supplement). With the corrected data and the anomaly formulaƟon of the target, the 
error relaƟve to GRACE/-FO-derived TWSA increases steadily with lead Ɵme.  

However, the revised model predicts anomalies and the reconstrucƟon climatology is added to them, 
so part of the error at every lead comes from the systemaƟc difference between the reconstrucƟon 
and GRACE/-FO observaƟons. RMSE does not separate forecast skill from this error floor. We added 
the anomaly NSE and anomaly correlaƟon metrics, as they are less affected by this offset. NSE 
compares model predicƟons against climatology, which, of course, has the same systemaƟc 
difference. Anomaly correlaƟon is computed per grid cell over Ɵme, so a constant offset between the 
two datasets does not affect it. Both decrease steadily with lead Ɵme (see Supplement Table 4). On 
GRACE/-FO, the anomaly NSE falls from 0.47 at lead 1 to 0.09 at lead 6, and the anomaly correlaƟon 
falls from 0.53 to 0.17.  

 

       2c) The ConvLSTM baseline is missing from the GRACE evaluaƟon 

Table 2 compares HiGNN-LSTM with a ConvLSTM and climatology but in Table 3, ConvLSTM is dropped 
without any explanaƟon. Since the ConvLSTM supports the claim at lines  214–215 that GNN features 
beat local convoluƟons, its absence removes that comparison from the one test of whether the 
advantage holds on real observaƟons. 

 Thanks for the remark, originally we did not report ConvLSTM scores on GRACE/-FO as the secƟon 
was intended to show the limited transferability to observaƟons. We have now added the ConvLSTM 
results (see Supplement Table 4).  

 On GRACE/-FO, the ConvLSTM performs beƩer than HiGNN-LSTM at every lead. The advantage of 
the GNN features does not hold when transferring directly to real observaƟons. The differences 
between the models are small compared with the loss of skill when moving from the reconstrucƟon 
to GRACE/-FO, which affects both models alike (lead-1 anomaly NSE drops from 0.82 to about 0.5). 
Both models beat persistence and climatology on GRACE/-FO at all leads (see Supplement Table 4). 

Accordingly, we restrict our claim about graph-based features outperforming local convoluƟons to 
the reconstructed test dataset. We add this to our conclusion that already states transferability to 
GRACE/-FO derived TWSA remains an open challenge.  

 

3. No uncertainty quanƟficaƟon is reported. 

It appears from table 2 and table 3 that results are reported based on a single run without any seed 
variability, confidence interval, and significance test. Appendix B (l. 334–338) states 0.05 to 0.12 cm 
difference “confirming” while treaƟng differences of at most 0.05 cm as negligible, which is self-
contradictory with no variance esƟmate. 

Thank you for this remark. We reran the experiments with 8 seeds and included standard deviaƟons 
(see Supplement Tables 3 and 4). For the ablaƟon studies, we addiƟonally report 95% confidence 
intervals and p-values from a Welch t-test over the seeds. They show whether a difference exceeds 
seed noise on the test period, not how much it depends on that period. We use the test period 
because it was held out from training and hyperparameter tuning. 

The ablaƟon shows that the benefit of message passing is significant aŌer lead 1, while the ocean 
nodes' benefit is not significant except for lead 6 (see Supplement Table 1).  



As in the original manuscript, the new ablaƟons on graph design choices (number of ocean nodes, 
number of mesh-to-mesh or mesh-to-graph edges) show no significant change to the model's 
performance at any lead on the test set. The results are now reported with 95% confidence intervals. 
The ablaƟons on the graph design were run with 4 seeds instead of 8 to reduce computaƟonal effort 
(see Supplement, Table 5).  

 

4. The overall workflow what is described in Figure 1 is ambiguous 

It is not clear where the autoregressive forecast and the TWSA input sequence are implemented in the 
workflow, and what part of the model contributes to the autoregressive component. If it gets fixed for 
12 months then it is not autoregressive. It should be formulated clearly if it is fixed offset predicƟon or 
recursive predicƟon from previous month. The figure itself with a minimal formulaƟon of the method 
is ambiguous. There is only one equaƟon in the manuscript which has no role in the model 
descripƟon. Although Figure 1 is useful for the overall workflow and spaƟal pipeline but does not have 
enough informaƟon about the temporal formulaƟon. I would ask the authors to correct or explain the 
arrow (autoregressive label) and to add a short algorithm block, or a small set of equaƟons, making 
the forecast procedure explicit. In parƟcular, what the LSTM receives at each lead, whether the 12-
month history is held fixed, what the residual is added to, and whether the recurrent state is carried 
across leads. 

Indeed, the model is not autoregressive, and the figure was tailored to an earlier version. We 
apologise for this mistake and are very thankful for the reviewer noƟcing the ambiguity. We updated 
the figure and described the model workflow in more detail: 

For every lead, the model uses the same 12-month input of TWSA. In detail, for each lead i = 1, …, 6, 
the Grid–Mesh–Grid encoder takes the same 12-month input window and produces four latent 
features per grid cell for each of the 12 input months. The lead Ɵme enters through a learned lead-
Ɵme embedding, which modulates the Mesh2Mesh and Mesh2Grid layers via FiLM. Therefore, the 
GNN generates different latent features for every lead Ɵme. The LSTM then processes a 12-step 
sequence. At each step, it receives the TWSA anomaly of that input month, the four latent features of 
that month for lead i, and the lead-Ɵme embedding. We also included an algorithm block in the 
Appendix (see Supplement Figure 9). 

To answer your quesƟons directly: 

- What the LSTM receives at each lead: the 12-step sequence described above. Only the latent 
features and the lead-Ɵme embedding change with the lead. 

- Whether the 12-month history is fixed: yes, it is idenƟcal for all six leads. 
- What the residual is added to: before it was added to the last input TWSA. In the revised model, 

there is no residual, as we directly predict anomalies. The LSTM predicts the TWSA anomaly of 
the target month, and the training climatology of that month is added back (see our answer to 
comment 2a). 

- Whether the recurrent state is carried across leads: no. The LSTM state starts from zero for every 
lead. 

 

5. The role of seasonality in model performance 

The seasonal cycle is kept in target, and the month of the year is given as an input to the model. This 
model will then reproduce seasonality very well and because of this the correlaƟon will be very high in 



the basins which are dominated by the seasonal cycles like Amazon (r=0.99, Fig. 4). In these cases, 
seasonal cycle accounts for most of the variance. This is menƟoned in manuscript secƟon 4.2 but the 
model’s skill on anomaly components hasn’t been reported. Please report anomaly correlaƟon with 
the seasonal cycle removed from both forecast and target, using a training-period climatology, per 
basin and per lead, together with skill scores against climatology and persistence. 

Thank you for this remark. We agree that the correlaƟon will be dominated by the seasonal cycle, 
which the model predicted well. As we switched to predicƟng anomalies relaƟve to the training 
climatology, we also adapted the metrics to only measure these anomaly components.  

This is updated in Figures 4 and 5, showing the predicƟons for the 16 test basins. Also, we added NSE 
and anomaly correlaƟon to the results tables and compared them against climatology and a 
persistence baseline.  

We included the per-basin, per-lead scores in the appendix and discuss results in the main text:  

Across the 226 basins, the median anomaly correlaƟon falls from 0.85 at lead 1 to 0.10 at lead 6 
(persistence: 0.83 to 0.08). The model beats climatology in 222 basins at lead 1 but only 106 at lead 6, 
and it beats persistence in 193 and 219 basins, respecƟvely (see Supplement Table 2). In the Amazon, 
anomaly correlaƟon falls from 0.90 to 0.34 and skill against climatology (1 − RMSE/RMSE_clim) from 
0.60 to 0.08 (see Supplement Table 6).  

 

Closing assessment 

I recommend major revision. The main issues are the need to provide evidence for the model’s 
usefulness and performance in comparison to the baseline, uncertainty quanƟficaƟon of the model, 
clear descripƟon of the model and workflow in different menƟoned parts. If these issues are 
addressed, the manuscript could make a valuable contribuƟon to literature. 

Thank you for your assessment! We addressed the issues with adding the persistence baseline and 
anomaly correlaƟon and NSE as metrics; all models are now trained and evaluated over 8 seeds to 
differenƟate between signal and seed noise; the model descripƟon and workflow are updated and 
clarified. We hope the revised manuscript meets your requests and can make a valuable contribuƟon 
to the scienƟfic community.   

  

 



Supplement 
During the revision, we reviewed the code for the preprocessing, graph construcƟon, training and 
evaluaƟon pipeline and found several bugs that we fixed. AddiƟonally, following the reviewer 
comments we changed how the forecast target is formulated: the model now predicts deseasonalised 
TWSA and climatology is added to get the full predicƟon. We retrained and re-evaluated every model, 
baselines included. The results of the new experiments requested by the reviewers can be found in 
SecƟon 2.  The revised figures and tables can be found in SecƟon 3. The code changes are detailed in 
SecƟon 4.  

1. Revised conclusions 
Thanks to the thorough review of both reviewers we conducted an extended analysis of where the 
HiGNN-LSTM’s skill comes from. The results do not confirm some of our earlier conclusions. 

1. The model generates useful predictors from ERA5 data: Withdrawn. The ablaƟon study 
shows that when removing ERA5 data from the inputs, the model only performs slightly 
worse, and the changes are not significant for any lead. Meaningful latent features rather 
come from the TWSA inputs. 

2. The model encodes spaƟal teleconnecƟons: Withdrawn. When ocean nodes are removed 
from the graph in the ablaƟon study, the model’s performance also drops but not 
significantly. Only at lead 6, the 95% confidence interval does not span 0, hinƟng at a weak 
posiƟve effect of the ocean nodes. We hypothesise that this might be due to SST being more 
correlated to longer lead Ɵmes. We don’t claim the model finds spaƟal teleconnecƟons. 

3. Graph connecƟons are beƩer than local convoluƟons: Restricted. This is only true for our 
reconstrucƟon test set. EvaluaƟng HiGNN-LSTM and ConvLSTM on the GRACE/-FO-derived 
TWSA shows that ConvLSTM performs beƩer, even though both have substanƟally increased 
RMSE scores (see Table 4).   

4. Strong performance where seasonal signal dominates: Altered. As the revised model gets 
the seasonal cycle from the training period climatology and only predicts anomalies to TWSA, 
the previous correlaƟon measurement is not suitable anymore. We instead score on anomaly 
correlaƟon, which shows that performance is not necessarily best where seasonal cycle 
dominates but where anomalies persist and only slowly decay. 

5. HiGNN-LSTM outperforms climatology baseline: Strengthened. The model is now tested 
against climatology and persistence and beats both in area-weighted global RMSE at all six 
leads on the test set and GRACE/-FO.  
 

2. New experiments and figures 
2.1 Process-based ablaƟon studies 
We test the design choices by running an ablaƟon study. Each Ɵme we retrain the model with 8 
different seeds and remove 1) the message passing between the grid nodes and the basin nodes (No 
MP); 2) the edges to the ocean nodes (No Ocean nodes); 3) ERA5 inputs to the model (no ERA5). 
Note that removing ERA5 inputs from the model input also removes the influence of ocean nodes, as 
ocean nodes carry no TWSA informaƟon. The models are evaluated on the test set as it is not 
involved in any model development or model checkpoint selecƟon. The results are averaged over the 
8 training seeds, 95% confidence intervals over the 8 models are given. P-values come from a Welch t-
test over the seeds.  



Table 1 shows globally averaged results per lead. Only message passing has a significant influence, 
and only aŌer lead 1. Ocean nodes do not show significant influence, except for the last lead Ɵme. 
ERA5 input variables seem to have no significant influence at all.  

Table 1 AblaƟons per lead on test dataset d RMSE of HiGNN-LSTM (mean ± standard deviaƟon over 8 seeds) and the 
difference of each ablaƟon to it in % of its RMSE, with the 95 % confidence interval and p-value of a Welch t-test over the 
seeds.

 

 

 

Figure 1 Basin-wise evaluaƟon of ablaƟon study. RMSE differences are averaged over all leads and seeds. Basins outlined in 
black show significant changes. The colour indicates if the ablaƟon decreased RMSE (blue) or if it increased RMSE (red). 

Figure 1 shows the results averaged over all leads per basin. The colours show absolute values of 
RMSE differences, not relaƟve to how much the RMSE for each of these basins is. Therefore, the 
relaƟve impact in each basin can not be derived from the figure. Significant basins have black 
outlines. Significance here is calculated from a Welch test per basin over the seeds. For 226 basins, 11 
should be expected to be significant by chance at p < 0.05. 

No MP has significant influence on 64 basins, but they split almost evenly: 30 get worse RMSE 
without MP and 34 get beƩer. The basins that suffer from removing the MP cluster in South America, 
India, southern Africa, and Greenland. Basins that get beƩer are on the North American Pacific coast, 
in northeastern Brazil and parts of Central Asia and Siberia.   

Removing ERA5 from the input affects 99 basins significantly but again they split almost evenly in 
basins that get worse and beƩer RMSE scores. The effects would cancel out overall, as seen in the 



globally averaged evaluaƟon. The RMSE rises again in South America, India, the Euphrates region and 
western and ArcƟc North America. Basins that get beƩer RMSE are in Greenland and the North 
American Pacific coast, northeastern Brazil and Madagascar, for example.  

Removing ocean nodes has overall liƩle effect and only 11 basins show significant effects, which is 
what would be expected by chance alone.  

 

2.2 GNN-generated latent feature sequences 
To measure how much influence the GNN-generated latent feature sequences have on the final 
predicƟon, we set up an experiment where each input to the LSTM is replaced one by one. The inputs 
are replaced by their training-period mean over all cells, pseudo-steps and leads. For example, the 
lead embedding becomes the same vector for every lead. We compare the results of the model with 
the removed informaƟon from the latent feature sequences RMSEremoval  and compare it to the full 
model as ΔRMSE = RMSEremoval-RMSEfull.   

This experiment can not measure what informaƟon the GNN-generated latent features store, only 
how much influence it has on the subsequent LSTM predicƟon. The inputs are replaced at the LSTM 
only, so the encoder sƟll sees the TWSA history and FiLM sƟll sees the lead. The experiment is 
repeated for all 8 seeds.  

Figure 2 shows the results for all 8 seeds, the results of seed 45 is drawn with thick lines. Because 
each training run learns its own four latent features, their order is arbitrary, and averaging over them 
would maybe average enƟrely unrelated features. The experiment shows that removing the TWSA 
history increases the RMSE by 1.76 to 2.01 cm at lead 1. At lead 6, this goes down to 0.17 to 0.29 cm. 
Removing the lead embedding has liƩle effect at short leads, but the effect increases at longer leads, 
where removal increases RMSE by 0.11 to 0.35 cm at lead 6. The most useful latent feature 
sequences increase RMSE by 0.12 to 0.74 cm at lead 1, decreasing to 0.02 to 0.17 cm at lead 6. From 
lead 5 onwards, the lead Ɵmestep embedding becomes more important than the latent feature 
sequences. The experiment shows that the LSTM uses the GNN latent features as input mostly at 
short leads. Their importance decays more slowly than that of the TWSA input, but overall, the TWSA 
input is the most influenƟal input to the LSTM.  

 



 

Figure 2 LSTM inputs subsƟtuted by mean values evaluated on the test period: change in area-weighted RMSE per lead 
against the full model with nothing removed. The thick lines show the results for seed 45. The thin lines show the results for 
all the other seeds.  

 

Figure 3 Basin-wise evaluaƟon of latent-feature removal experiment evaluated for one seed (seed 45). RMSE differences are 
averaged over all leads. The colour indicates if the removal of a feature decreased RMSE (blue) or if it increased RMSE (red). 

Figure 3 plots the per basin RMSE differences for each latent feature dimension of seed 45 to 
qualitaƟvely invesƟgate the spaƟal importance of each feature sequence. It also shows how many 
basins decreased their RMSE score with the replaced latent features.   

Latent feature dim 1 and dim 3 are highly correlated (Spearman correlaƟon of 0.89) and show very 
similar paƩern although the magnitude is different. Dim 2 seems to have close to no influence in any 
of the basins and the number of basins that improve vs the number of basins that get worse when 



the features are replaced almost balanced. Dim 4 is roughly the opposite paƩern of Dim 3 (Spearman 
−0.56).  

 

2.3 Skill per basin per lead on the test set  
Table 2 quanƟtaƟvely evaluates HiGNN-LSTM's RMSE per basin as skill versus the persistence and the 
climatology baseline. For each lead, the number of basins with RMSE on the test set is lower than 
that of anomaly persistence or the training climatology is given. The model beats persistence in most 
basins at every lead (193 at lead 1, 219 at lead 6), but it beats climatology in fewer basins as lead Ɵme 
grows (222 at lead 1, 106 at lead 6), while the median anomaly correlaƟon falls from 0.85 to 0.10. 
Median skill scores over climatology decreases unƟl it becomes negaƟve at L6. On global average 
HiGNN-LSTM beats climatology at every lead.  

 

Table 2 Per-basin per lead scores: for HiGNN-LSTM on the test set for all 226 basins. Mean over 8 seeds. Counts give the 
number of basins where model's skill score SSref = 1-RMSE/RMSEref is posiƟve. 

 

 

 

 

 

 

3. Revised figures and tables 
The new results include updates requested by the reviewers, such as training the model on mulƟple 
seeds, reporƟng standard deviaƟons of the results, anomaly scores that measure skill independent of 
climatology, and a persistence baseline. 

 

3.1 EvaluaƟon on the test set 
Table 3 shows the new results on the reconstrucƟon test set. RMSE scores at lead 1 went from 1.83 
cm to 1.40 cm, and at lead 6 from 3.77 to 3.03. The model now beats climatology also at lead 6. 
Remark that due to the new preprocessing also the climatology RMSE was decreased at every lead. 
HiGNN-LSTM also beats ConvLSTM at every lead.  

NSEanom and ranom are calculated against climatology, therefore NSEanom of climatology is 0, and ranom is 
undefined.  

 



Table 3 Globally averaged scores on the test set (June 2017 - June 202) per lead Ɵme (mean ± standard deviaƟon over 8 
seed). Persistence: last input month's TWSA anomaly added to the target month. Climatology derived from the 
reconstrucƟon's training period.

 

 

 

Figure 4 Six-month forecast (June 2017 - November 2017) from input Ɵme series June 2016 to May 2017. Rows show (top) 
model predicƟon from seed 45, (middle) target TWSA from the reconstrucƟon, and (boƩom) their difference, with the Mean 
Absolute Difference (MAD) indicated below each difference map. 



 

Figure 5  Predicted TWSA from seed 45 (blue) vs target TWSA (black) in 16 test basins together with anomaly correlaƟon 
coefficient (ranom) averaged over all forecast sequences for the given basin from June 2017 unƟl June 2020. 

 

 

 

 

 

3.2 EvaluaƟon on GRACE-derived TWSA 
We evaluate how HiGNN-LSTM transfers to observaƟons using GRACE/-FO-derived TWSA of 
uninterrupted sequences between March 2008 and November 2023. The scores on this dataset get 
substanƟally worse, but the model can sƟll beat the persistence and the climatology baseline. The 
persistence baseline takes the anomaly value from the last input and adds it to the climatology 
derived from the reconstrucƟon training dataset. We also added a climatologyGRACE baseline that is 
derived from the GRACE-derived TWSA before March 2008. As this is only a short sequence it has 
even worse scores than the climatology derived from the reconstructed TWSA dataset.  

  



Table 4 Globally averaged scores on the GRACE-derived TWSA for valid sequences between March 2008 and November 2023 
per lead Ɵme (mean ± standard deviaƟon over 8 seed). Persistence: last input month's TWSA anomaly added to the target 
month. Climatology is derived from the training set and ClimatologyGRACE is derived from the available GRACE-derived TWSA 
available during the training period.

 

 

 

Figure 6 Predicted TWSA from seed 45 (blue) vs target GRACE-derived TWSA (black) in 16 test basins. r_anom: lead-
averaged correlaƟon of deseasonalised basin averages. 

 



 

3.3 Comparison to other forecasts 
Also with the new target formulaƟon (predicƟng only anomalies and adding climatology) the HiGNN-
LSTM model can only beat Li et al. (2026) RMSE scores in two of our 16 test basins (Euphrates and 
Zambezi).  

 

Figure 7 HiGNN-LSTM forecast of seed 45 (blue) and Li et al. (red) vs. GRACE-derived TWSA (black) in the 16 test basins. The 
lighter the line color of the forecasted TWSA, the longer the lead Ɵme. Anomaly correlaƟon coefficient (r_anom) and Root 
Mean Squared Error (RMSE) for the basins are given for the HiGNN-LSTM architecture/Li et al. (2026). 



3.4 Graph construcƟon: new ocean nodes 

 

Figure 8 Ocean clusters as they are represented in the hierarchical graph. Each colour indicates a cluster formed by K-means 
clustering of grid-cell posiƟons. 

 

3.5 Graph parameter ablaƟon 
We reran the study to assess the extent to which our choice of parameters affects HiGNN-LSTM 
performance. To save computaƟonal Ɵme, we ran these experiments on only four seeds. We tested 
two values for the number of ocean clusters (10 and 50), two values for the number of mesh-to-mesh 
edges (5 and 20) and two values for the number of mesh-to-grid edges (1 and 5). The base 
configuraƟon of HiGNN-LSTM is 20 ocean clusters, 10 mesh-to-mesh edges, and 3 mesh-to-grid 
edges. None of the tested parameters produces significantly different RMSE scores compared to the 
base configuraƟon. The confidence intervals all include 0.  

Table 5 Graph parameter study: area-weighted test RMSE of HiGNN-LSTM in cm (mean ± standard deviaƟon over 8 seeds), 
and for each variant (4 seeds) ∆RMSE, the difference to HiGNN-LSTM in cm with 95 % confidence intervals over the seeds 
below. Each variant changes only one parameter and retrains the model. Ocean clusters (OC), M2M: mesh-to-mesh edges,  
M2G: mesh-to-grid edges.

 



 

Figure 9  Algorithm of HiGNN-LSTM forecast for 6 months.  



Table 6 Anomaly skill of HiGNN-LSTM for the 16 test basins per lead Ɵme on the test set. ranom: anomaly correlaƟon; SSpers 
and SSclim: skill score 1 − RMSE/RMSEref against anomaly persistence and the training climatology, posiƟve where the model 
is beƩer. 

 

 



4. Code changes in detail 
1. Data preprocessing 

 Coarsening of the TWSA reconstrucƟon: The area-weighted averaging from 0.5° to 1° counted 
the area of ocean (NaN) sub-cells in the denominator, which pulled coastal land cells towards 
zero. Only valid land area is now used in the denominator. 

 LaƟtude weights in the ERA5 coarsening: The cell areas were shiŌed by half a cell, and the 
southernmost laƟtude row was dropped: Areas are now computed from proper cell edges. 

 Regridding: TWSA used to be reindexed onto the ERA5 grid, which added an all-NaN row at 
the −90° pole. ERA5 is now regridded onto the TWSA grid, so TWSA defines the grid and the 
land mask. 

 GRACE/GRACE-FO evaluaƟon data: 
- Two GRACE soluƟons were matched to the same ERA5 month. 
- ERA5 was detrended over a shorter period than in the training data, so the model's 

inputs at GRACE evaluaƟon differed from those it saw in training. 

2. Graph construcƟon 

 Node embedding: The old "trigonometric" embedding read longitude as laƟtude. It encoded 
(cos λ, sin φ, cos φ), so cells at +λ and −λ were indisƟnguishable. This affected the ocean 
clustering, the mesh-node features and every k-nearest-neighbour edge set, which could also 
be seen in Figure A1 showing the ocean clusters. We subsƟtuted for cartesian unit-sphere 
embedding (cos φ cos λ, cos φ sin λ, sin φ), where nearest neighbours are nearest in great-
circle distance. 

 Ocean-cluster and basin posiƟons: Cluster posiƟons were the planar mean of lon/lat. For 
clusters crossing the dateline, this was off by up to 54°. Ocean clusters and basins are now 
placed at the spherical mean of their member cells. 

 

3. NormalizaƟon 

 Train vs val/test: For validaƟon and test data, NaNs were filled before normalisaƟon, while for 
training data they were filled aŌer. A missing value was therefore encoded differently 
between the datasets.  

 Standard-deviaƟon floor: Cells with small temporal variability had their standard deviaƟon 
replaced by 1 (below 10 % of the median std), so many low-variability cells were effecƟvely 
leŌ unscaled. The std is now clipped from below at 1 % of the median. 

 Runoff clipping: Runoff was clipped at zero before normalisaƟon to remove unphysical values. 
However, ERA5 inputs are linearly detrended, so this clip set about 59 % of land runoff values 
to zero, which had valid values. It has been removed. 

 

4. Forecast target and inputs 

 The model now predicts deseasonalised TWSA relaƟve to the training-period monthly 
climatology. The climatology is added back to give TWSA in cm. Both reviewers noted that 
keeping the reproduced seasonal cycle can dominate correlaƟon and asked for skill on 
deseasonalised anomalies. This was also the step we proposed as future work in the original 
manuscript. 



 No residual predicƟon: The model used to output an increment added to the last observed 
TWSA, which assumes the next month starts from the current state. When predicƟng the 
deseasonalised TWSA, we remove this residual framing, such that predicƟng a zero output 
corresponds to predicƟng climatology, not persistence of the last input month’s value.  

 ERA5 inputs are deseasonalised as well. We subtract each variable's training-period monthly 
climatology.  

 

5. Architecture and training 

From the correcƟons and adaptaƟons described above, we re-tuned the model on the validaƟon set: 

hidden size 64 → 32; mesh processing layers 2 → 1; LSTM layers 2 → 1; learning rate 5·10⁻⁴ → 2·10⁻³ 
with cosine annealing; 50 instead of 100 epochs; effecƟve batch size unchanged at 16. 

Every configuraƟon is trained with 8 random seeds. We report mean ± std. 

 

6. EvaluaƟon 

 Metrics: All metrics are area-weighted (laƟtude-weighted RMSE, anomaly NSE, anomaly r) 
and reported per lead Ɵme.  

- Anomaly NSE (NSE_anom): Nash–Sutcliffe efficiency with the training climatology as 
the benchmark: NSE_anom = 1 − Σ w (ŷ − y)² / Σ w (C − y)². At each lead, it is pooled 
over all land cells, with area weights w = cos(lat). Climatology gets NSE=0, values 
above 0 mean the forecast beats it. There is no lower bound. 

- Anomaly correlaƟon (r_anom): Pearson correlaƟon between forecast and observed 
anomalies (ŷ − C and y − C). In the per-lead tables it is computed per cell and then 
averaged with area weights; as per-basin score it is computed on area-weighted 
basin-mean series. 

- Skill score (SS_ref): SS_ref = 1 − RMSE_model / RMSE_ref, where the reference is 
either the training climatology (SS_clim) or anomaly persistence (SS_pers). Anomaly 
persistence means the climatology plus the anomaly of the last input month, held 
constant over all six leads. A posiƟve value means the model is closer to the 
observaƟons than the reference, 0 means it does as well, and 1 is a perfect forecast. 
 

 Baselines and ablaƟons: 
- Added anomaly persistence baseline: last input anomaly is carried forward 

unchanged and added to climatology for each lead Ɵme. 
- the ConvLSTM baseline gets the same data and target changes; 
- new ablaƟons: removing ocean nodes, removing ERA5 data from the inputs, 

removing message passing between graph nodes. 

 

 


