Reply to RC1’s Comment on egusphere-2025-5694

General Assessment

Space-time varying sensitivity analysis is an ongoing topic for research, given its potential value
for deeper analysis of distributed models on the one side, and it’s very high computational demand
on the other side. The study presented is thus relevant for the community.

My main points for revisions are the Discussion section — which does not compare the current
results with previous findings, and a lack of robustness analysis and testing of the influence of
choices and assumptions. These can both be rectified. Please see may detailed comments below.

Reply: We thank the reviewer for the positive assessment of the relevance of this study and for
the constructive comments. We agree that the Discussion section should more clearly situate the
results in the context of previous studies, and that additional robustness analyses are also needed
to assess the influence of key methodological choices and assumptions. In the revised manuscript,
we will therefore revise the Discussion accordingly and include additional robustness and
convergence analyses. A detailed, point-by-point response to the reviewer’s comments is provided
below.

Main Comments:

Comment 1: Any sequential strategy, in which different methods are used in series, depends on
early steps not overly constraining the outcome of later steps. For example, in this case, ensuring
that parameters are not eliminated that might later become relevant when assessed in a distributed
manner. How can it be ensured that this problem does not occur in this sequential application
proposed here?

Reply: We fully agree with the reviewer that a two-step screening strategy entails the risk of
prematurely excluding parameters that might later emerge as influential when assessed in a
spatially distributed manner. Our confidence in the proposed sequential application is based on
both methodological considerations and additional robustness analyses that we have carried out.

First, previous studies have shown that the Morris x«* index is closely related to the Sobol' total-
effect index Sri, as both metrics quantify overall parameter influence including interaction effects
(e.g., Campolongo et al., 2007; Saltelli et al., 2008; Wainwright et al., 2014; Dai et al., 2024). This
theoretical consistency motivated our two-step design, in which the Morris method is used as a
qualitative but deliberately conservative filter prior to the quantitative Sobol’ analysis.

Second, we share the reviewer’s concern regarding the stochastic nature of the Morris method at
the same time. The screening results may vary with the number of trajectories and with the specific
random designs used, and even with the same number of trajectories slight differences in p*
rankings may occur. To assess the robustness of the screening step, we repeated the Morris analysis
using 100, 200, 300, 400, and 500 trajectories (Figure R1). The results show that the dominance
of the five parameters retained in the manuscript (CN2, CANMX, ESCO, CH_K1, and
RCHRG_DP) remains unchanged across all these settings, although minor variations occur among
weakly sensitive parameters. This robustness is the reason why we stated that we adopted 500



trajectories in the manuscript, which is considerably larger than what is typically used in Morris
applications. These additional results will be included in the Supporting Information in the revision.

Despite these tests, we acknowledge that any sequential strategy may still exclude parameters that
are conditionally important in localized subbasins/HRUs or during short time windows. We will
therefore explicitly discuss this limitation in the revised manuscript and clarify that the objective
of the proposed framework is to identify dominant spatiotemporal controls, rather than to
exhaustively enumerate all potentially relevant parameters.
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Figure R1. Morris sensitivity results obtained using different numbers of trajectories, illustrating
the stability of five dominated parameters across (a) 100, (b) 200, (c) 300, (d) 400, and (e) 500
trajectories.
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Comment 2: In this case study, have the authors tested whether the distributed sensitivity analysis
is changing when different parameters are kept after the first stage? E.g. by trying to pursue step 2
with all parameters for smaller test cases?

Reply: We thank the reviewer for this insightful comment. We agree that assessing the sensitivity
of the distributed Sobol' results to the set of parameters retained after the screening stage is an
important methodological issue.

Following the reviewer’s suggestion, we will conduct an additional sensitivity experiment to
explicitly evaluate this effect. Specifically, we will extend the subbasin-scale Sobol' analysis by
including four additional parameters (SOL_AWC, SOL_BD, GWQMN, and GW_DELAY) that
have lower Morris pu* values than the five parameters used in the original manuscript, but higher
values than the remaining parameters. To keep the computational cost tractable, this test will be
carried out for the full simulation period using a reduced sample size and direct SWAT simulations,
without surrogate modeling.

The results of this experiment will be reported in the Supporting Information and used to assess
whether the spatial sensitivity patterns and relative parameter rankings are robust to the choice of
parameters retained after the screening stage. The implications of this test will be briefly discussed
in the revised manuscript.

Comment 3: In how far have the authors tested the “performance” of the MLP in terms of
consistency of sensitive parameters?

Reply: This is an excellent point. In the original submission, the performance of the MLP surrogate
was evaluated primarily in terms of its ability to reproduce SWAT-simulated monthly runoff, and
it was implicitly assumed that accurate reproduction of model outputs would also imply
consistency in the resulting sensitivity indices.

A direct comparison of Sobol' sensitivity indices obtained from SWAT and from the surrogate at
the subbasin- or HRU- scale is, however, computationally infeasible in the present framework due
to the very high dimensionality of the distributed parameter space (e.g., 39 x5 parameters at the
subbasin scale and 630 > 5 parameters at the HRU scale). Such a comparison would require an
impractical number of direct SWAT simulations.

Instead, we could assess the consistency between the original model and the surrogate at the
screening stage, where the dimensionality is limited to the original set of global parameters.
Specifically, we will construct a surrogate model based on the 33 screening parameters and
compare Morris sensitivity results obtained from direct SWAT simulations with those obtained
from the surrogate. This comparison will allow us to evaluate whether the surrogate preserves the
relative importance and ranking of parameters at the screening level, which forms the basis for the
subsequent distributed analysis.

In the revised manuscript, we will make this assumption explicit and clarify that the surrogate-
assisted Sobol' analysis relies on the premise that the surrogate preserves the sensitivity structure
identified during the screening stage. We will also discuss this limitation and its implications for
the interpretation of the distributed sensitivity results.



Comment 4: Have the authors estimated confidence limits on the resulting sensitivity indices to
ensure that their analyses have converged? It is difficult to assess the robustness of the results
without such convergence tests. (e.g. Sarrazin et al. 2016,
https://doi.org/10.1016/j.envsoft.2016.02.005)

Reply: We thank the reviewer for this important comment and for drawing our attention to the
nice work of Sarrazin et al. (2016). In the original submission, convergence of the Morris screening
results was evaluated by increasing the number of trajectories, as described in our response to
Comment 1. Convergence of the Sobol’ sensitivity indices was assessed by examining the stability
of first-order (Si) and total-effect (Sti) indices with increasing sample size (Figure R2); however,
these diagnostics were not explicitly reported.

In the revised manuscript, we will make the convergence assessment more explicit. Specifically,
we will include convergence analyses illustrating the stabilization of Sti values as the sample size
increases for representative subbasins. In addition, we will estimate confidence intervals for the
sensitivity indices using a bootstrap-based approach following Sarrazin et al. (2016), thereby
providing quantitative uncertainty bounds on the sensitivity estimates.

These convergence diagnostics and confidence intervals will be provided in the Supporting
Information and briefly summarized in the main text to more clearly demonstrate the robustness

of the sensitivity analysis.
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Figure R2 Convergence of Sri values for the five parameters at selected subbasins

Comment 5. Why do you see such strong differences in results for sub-basins and HRUs? If it is
potentially due to the different number of parameters, then can this not be tested and confirmed?

Reply: Thank you for this comment. We agree that the pronounced differences between the
subbasin- and HRU-scale sensitivity results require further clarification. A key difference between
the two analyses is the dimensionality of the parameter space, which is substantially larger at the
HRU scale and may affect the interpretation of Sobol' indices.
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To explicitly test whether the observed differences are primarily attributable to the increased
number of parameters, we will aggregate HRU-level Sobol' total-effect indices (Sti) to the subbasin
level and reconstruct corresponding spatial sensitivity maps. This aggregation will allow us to
assess whether HRU-scale sensitivity patterns are nested within the same dominant subbasins
identified at the coarser scale, or whether genuinely different spatial controls emerge.

Rather than assuming a priori that variance dilution is the sole explanation, this analysis will
provide a direct diagnostic to disentangle dimensionality effects from potential scale-dependent
process controls. The aggregated sensitivity maps and associated analysis will be included in the
Supporting Information, and their implications will be discussed in the revised Discussion section.

Comment 6. Please check again for spelling issues. E.g. in the caption of Fig. 5 “show lagged
Spearman’s rank correlations (r) between and runoff”, there is a word missing after between.

Reply: We apologize for this mistake. The caption will be corrected to read: “show lagged
Spearman’s rank correlations (r) between Sti and runoff.”

Comment 7. The Discussion section is a good start, but it is currently not fulfilling its actual role.
It is meant to discuss the results of this specific study in the context of previous studies. However,
section 4.1 just reviews the results, while section 4.2 makes some references to potential future
explorations. So, the current 4.1 should be part of the results section. In section 4, the authors need
to discuss how their findings different (or not) from previous findings regarding the sensitivity of
the SWAT parameters. Did they find new influences of processes compared to other studies? Did
the different approach vyield different results? Etc. Also, what did the authors find in their
methodology compared to previous space-time varying analyses? The authors made some different
choices and assumptions, how did this influence the results and findings?

Reply: We thank the reviewer for this insightful comment and fully agree with the assessment. In
its current form, the Discussion section places too much emphasis on restating results and does not
sufficiently situate the findings within the context of previous studies.

In the revised manuscript, we will restructure the Discussion accordingly. The current Section 4.1,
which primarily summarizes the results, will be moved to the Results section. The revised
Discussion will focus on interpreting our findings in relation to existing literature on SWAT
parameter sensitivity and space—time varying sensitivity analysis.

At the basin scale, we will explicitly compare the dominant parameters identified in this study with
those reported in previous SWAT-based sensitivity analyses (such as Mao et al. (2024)), discussing
consistencies with established findings as well as differences arising from the time-varying and
window-based formulation adopted here.

At the subbasin- and HRU- scales, we note that direct comparisons with previous studies are
limited, as most existing SWAT sensitivity analyses have been conducted at the lumped or basin
scale, and comparable space-time varying sensitivity studies at these finer spatial resolutions are
scarce. We will explicitly acknowledge this limitation and frame the subbasin- and HRU-scale
results as extending current sensitivity analysis practice to finer spatial resolutions, rather than as
a direct replication of earlier studies.



In addition, we will discuss how the proposed two-step, surrogate-assisted framework differs from
previous space—time varying sensitivity approaches in terms of spatial parameterization, temporal
windowing, and computational strategy, and how these methodological choices influence the
resulting sensitivity patterns and their interpretation.

These revisions will ensure that the Discussion provides a clearer synthesis of consistency with
prior work at the basin scale, methodological advances at finer spatial scales, and the limitations
and scope of the proposed approach, rather than a repetition of results.
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