Response to Reviewer 1

Thank you for your valuable feedback on our manuscript. We truly appreciate the time and effort
that you have dedicated to the review process, and your interest in this work. Please see below, in
blue, the original review comments, and in black, our responses to the comments and how we
implemented the changes in the revised version.

Araki et al. (2026) presented a very interesting paper, which incorporates new methods, new
interpretations and further develops the LSH field. The authors move from a more standard just
prediction approach to one more focused on processes, and this is a very interesting path to go.
Although I truly believe that the contribution should be accepted for publication at the journal
eventually, it still needs some minor revisions before it is in full shape.

Major comments:

1. Did the authors filter out basins from the sample based on time-series quality (apart from the
time series length?). I think that this would be a very important step to make clear for readers and
to base the interpretations on.

Yes, we filtered out basins based on time-series quality (L170—177 in the first submission), e.g.,
those with long periods of missing data, uncertain topographic boundaries, and, for some
signatures, snow-dominated basins. We have applied this quality controlling criteria to both
datasets used for signature calculations, as well as datasets used for random forest training. The
flow chart below has been added to Text S1 to clarify the point. Furthermore, we moved the
L170-177 sentences to “Section 3.1 Calculating hydrologic signatures” so that the filtering
criteria are clearer.

Additionally, CAMELS-US, HYSETS, and USGS GAGES-II datasets also underwent filtering
processes, such as removing watershed with limited streamflow data continuity (CAMELS,
HYSETS, GAGES-II), dubious topographic boundaries (HYSETS, GAGES-II), peakflow
impacted by regulation (HYSETS), on management channels (e.g., canals, flumes) (GAGES-II).

GAGES-II: James A. Falcone, Daren M. Carlisle, David M. Wolock, and Michael R. Meador.
2010. GAGES: A stream gage database for evaluating natural and altered flow conditions in the
conterminous United States. Ecology 91:621.
https://esapubs.org/Archive/ecol/E091/045/metadata.htm

HYSETS: Arsenault, R., Brissette, F., Martel, J.-L., Troin, M., Lévesque, G., Davidson-Chaput,
J., etal. (2020). A comprehensive, multisource database for hydrometeorological modeling of
14,425 North American watersheds. Scientific Data, 7(1), 243.
https://doi.org/10.1038/s41597-020-00583-2

CAMELS-US: Addor, N., Newman, A. J., Mizukami, N., & Clark, M. P. (2017). The CAMELS
data set: catchment attributes and meteorology for large-sample studies. Hydrology and Earth
System Sciences, 21(10), 5293-5313. https://doi.org/10.5194/hess-21-5293-2017


https://esapubs.org/Archive/ecol/E091/045/metadata.htm
https://doi.org/10.1038/s41597-020-00583-2
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(Moved here from minor comments for relevancy:) L181: Could you please clarify what are
these quality standards that you mean here?

This means the filtering criteria. Only signatures calculated from quality-controlled streamflow
datasets are used for random forest training (with an additional criteria about subsetting). We
rephrased the sentence as: “Only the signatures calculated from quality-controlled streamflow
records (as described in Section 3.1) were used for training.”

2. Also, to my understanding, the authors did compile the signatures as long-term averages for all
time series. Although I fully acknowledge that this is valid and I see no problem at all in the
methodological choice, I think tin would be interesting to highlight and briefly discuss this in the
paper. I know by experience that many catchments are under change, and perhaps a long term
average could mask some of those? Again, no need to change anything, just discussion in my
opinion.

Thank you for pointing that out, and we agree with your comment. We are currently working on
the long-term trend of hydrologic signatures. We added a discussion of this point in “Section 5.3
Limitations and future work™ as:

“Hydrological signatures in this study are long-term averages of the multi-year streamflow
dynamics, which may not fully capture temporal variability in watershed processes. Future
studies should account for long-term hydroclimatic changes (Hobeichi et al., 2022;



Gudmundsson et al., 2025), as well as inter-annual variability (Vogel et al., 1994) and seasonal
variations in watershed function (Payn et al., 2012; Gomi et al., 2008). ”

3. I am not fully used to the use of sections in the introduction. Although I think they are not a
problem, could the authors check about the requirements from HESS? I would choose not to use,
but again, this is a taste matter (in case HESS has nothing against it).

HESS guideline does not explicitly prohibit having subsections
https://www.hydrology-and-earth-system-sciences.net/submission.html, however, we agree that
we haven’t seen many HESS papers with subsections in the introduction. We leave it up to the
proofing staff.

4. After reading I got a bit confuse. Did you classify the dominant based only on the 4 processes?
Could you elaborate a bit better on that?

We classified whether each of the 6 process types is dominant or not, based on a combination of
2 signatures each (shown in the Figure 3 maps). Then, in Figure 2, we created a simplified
overview map of dominant processes by overlaying the maps of 4 of these process types (see
reasoning under next comment). We simplified by combining the two overland flow types, and
omitting the seasonal variability. For example, “baseflow” in Figure 2 corresponds to the same
map as Figure 3a (Baseflow), but only shows watersheds with the highest signature quantiles,
indicating that the process is dominant. Dominant processes are not mutually exclusive, so some
watersheds may show multiple dominant processes.

(Moved here from minor comments for relevancy:) Figure 2: why is the "seasonal variability"
not present there?

We only show 4 processes in Figure 2, because overlaying 6 layers makes it congested and hard
to read. If the readers are interested in remaining process dominance, they may refer to Figure 3.

The 4 selected processes are particularly important for hydrologic understanding. Baseflow
sustains discharge across seasons and reflects groundwater connectivity, while overland flow
drives stormflow and influences flood peaks. Storage governs buffering and recession dynamics,
and water balance losses through evapotranspiration and deep percolation determine how much
precipitation is converted to streamflow. Together, these processes span the continuum from slow
to fast hydrologic response and integrate both vertical and lateral fluxes, making them essential
for hydrologic theory and modeling. Notably, conceptual hydrologic models that focus on key
functions, such as HBV (Bergstrom, 1992) and Kirchner et al. (2009), are built around these 4
primary processes. We included this passage in a Method subsection, Section 3.3 Interpretation
of hydrologic signatures as process descriptors.

Of the remaining two processes, overland flow type is particularly relevant for hydrologic
management, as noted in the introduction: “Optimal management strategies, including the
design of grey and green infrastructure, differ depending on which processes dominate
hydrological response (Oswald et al., 2023; Thompson et al., 2020),” (note: these references
concerns specifically the overland flow type). Additionally, understanding seasonal variability in
dominant processes is also important (Berghuijs, 2014).


https://www.hydrology-and-earth-system-sciences.net/submission.html

Kirchner, J. W. (2009). Catchments as simple dynamical systems: Catchment characterization,
rainfall-runoff modeling, and doing hydrology backward. Water Resources Research, 45(2).
https://doi.org/10.1029/2008 WR006912

Bergstrom, S.: The HBV Model: Its Structure and Applications,Swedish Meteorological and
Hydrological Institute (SMHI), Hydrology, Norrkoping, 35 pp., 1992.

Berghuijs, W. R., Sivapalan, M., Woods, R. A., & Savenije, H. H. G. (2014). Patterns of
similarity of seasonal water balances: A window into streamflow variability over a range of time
scales. Water Resources Research, 50(7), 5638-5661. https://doi.org/10.1002/2014WR015692

(Moved here from minor comments for relevancy:) L192: Does it mean that we can get more
than one dominant process per signature?

It is possible that the dynamics captured by one signature are confounded by other processes. We
added a discussion on this topic to “Section 5.3 Limitations and future work” as:

“Another complication is that hydrologic signatures are often confounded by multiple processes
(McMillan et al., 2022, 2023), whether driven by natural flow dynamics or impaired by human
activities. For example, water abstraction by reservoirs reduces downstream flow variability and
increases water balance deficits (Salwey et al., 2022; Veldkamp et al., 2016), but changes in
vegetation or climate could induce similar effects. Disentangling these impacts remains
challenging without testing narrower hypotheses about watershed function, incorporating expert
knowledge, or having detailed information about human interventions. In this study, we partially
mitigated this issue by using multiple signatures to characterize processes, and by representing
human alteration through population density, which showed strong explanatory power for the
signatures. Nevertheless, considerable effort is still needed to isolate the combined impacts of
multiple processes, as well as the effects of urban development and agricultural practices on
flow dynamics (Grantham et al., 2022) for improving the large-scale application of signatures.’
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(Moved here from minor comments for relevancy:) Figure 2: what does "unclassified" mean? I
thought it was when no process dominates, but I see gray lines with the white lines. I am a bit
confused here. Could you clarify it in more detail in the text?

“Unclassified” means the watershed is included in our dataset, but the estimated watershed
processes were neither baseflow- nor overland-flow-dominant (i.e. neither the baseflow nor
overland flow process had both signatures in the upper quantile). We colored these grey to
distinguish from white areas not included in our dataset. We added this to the Figure 2 caption.

Minor comments:

Section 2.1: could you clarify better what are the number of gauged versus ungauged basins in
the study?


https://doi.org/10.1029/2008WR006912
https://doi.org/10.1002/2014WR015692

Thank you for your comment. We added this information to the beginning of “Section 3
Method”, as it involves explanation beyond the datasets. As stated in the conclusion currently:
“We analyzed 14,146 gauged U.S. watersheds; our map of processes was based on observational
data from 10,261 gauged sites and extended using random forest predictions to an additional
3,885 watersheds.”

Section 2.2: what was the motivation of merging Caravan and GAGES, and not using only
GAGES (or vice versa) for example? Perhaps I missed it!

The purpose of merging Caravan and GAGES was to increase the sample size as much as
possible. Approximately half of the watersheds in the Caravan and GAGES datasets overlap,
while the other half do not. As stated in the introduction, in previous studies “/...J, smaller
regional sample sizes may limit prediction accuracy if datasets only provide tens of watersheds
per region (Willard et al., 2024).” therefore, “[...], our work assessed 14,146 U.S. watersheds
and was trained on 10,261 watersheds, nearly ten times more sample watersheds than previous
studies, we leverage the Caravan and GAGES-II—the most extensive open-source large-sample
datasets currently available (Falcone, 2011, Kratzert et al., 2023).”.

We added a following statement to Section 2.2: “The purpose of merging Caravan and
GAGES-II dataset is to maximize the sample size of watersheds and better capture regional
hydrologic variability (see Table S1 and an associated Venn diagram of watershed coverage
across datasets). ”

L188: I found it confuse here. Did you not use 4 signatures per process? Could you elaborate
better on that?

The statement in the paper is correct that we used 2 signatures per process [not 4]. These are
shown on the bivariate plots.

Figure 2: Would it make sense to add the three regions here? I am reading the text, and I found it
a bit of a lot of going back and forward to try to match the regions and boundaries... In case it
does not damage this (by the way very pretty) figure, could you add?



Thank you for your suggestion, we added the three regions to the figure 5 as follows.

A

7
/ 7
%

//// s
% i%/// 7 “ 4
'{//;‘7' < ™
24 "’Ih’?’fll&: o
. 7 A <

X
A

Dominant Process
Baseflow

Overland Flow
Unclassified

Water balance losses
High storage capacity
Additional information:
Region boundary

Y

4.3 L351: Sorry for being a bit peaky, but could you perhaps jsut add that your hypothesis is that
the RF and shapely can be interpreted as controls? Just that readers are aware that this is an
hypothesis. The correlations, predictions, performances could always be just mathematical
(although I believe that do reflect process, as you do!).

Thank you for pointing that out, we agree that it is really important to distinguish between
statistical correlation and real causations. We rephrased the sentence as: In this section, we
interpret the random forest models to estimate which aspects of climate and landscape are most
important in controlling hydrologic processes in different regions of the U.S. We hypothesize that
variable importance statistics from Shapley and permutation analysis reflect the relative
importance of hydrologic process drivers.



Response to Reviewer 2

Thank you for your thoughtful feedback on our manuscript. We sincerely appreciate the time and
effort that you have dedicated to the review process, and your support to this work. Please see
below, in blue, the original review comments, and in black, our responses to the comments and
how we implemented the changes in the revised version.

Araki et al. investigate hydrologic processes (signatures) and their drivers in 14,146 watersheds
across the contiguous US. The study is a highly relevant contribution to an advanced
understanding of hydrologic processes at the US continental scale. While the study 1s well
designed and executed overall, the authors may want to address the following points before final
publication.

Major comments:

In the results section 4.2, the short description of the corresponding region in the relevant
subsections is useful. However, many parts of section 4.2 (and partly 4.3) include interpretations
(“suggest...”, “indicate...”) and references that would rather fit into the discussion (e.g., section
5.1). A clear separation of results and discussion would make it easier for the reader to follow the

main points presented.

Thank you for your valuable feedback. To allow Sections 4.2 and 4.3 to focus on the observed
signature patterns, we moved interpretive content from these sections to the Discussion (Section
5.1). In particular, the East and South subsections (Sections 4.2.1 and 4.3.1) contained several
interpretive passages, which is relocated to Section 5.1 as follows:

“By mapping and categorizing the primary drivers of runoff processes, we can untangle which
physical characteristics drive the hydrologic response in each region. In the East and South,
soil, geology, and topography emerged as primary drivers, which consistent with regional
hydrologic processes: in the Piedmont, wide and wet valley bottoms generate fast responses
(Zimmer and Gannon, 2018), clay-rich soils along the Gulf Coast promote infiltration-excess
overland flow (Miller, 1999; Fig. S6), producing mixed storage and water balance signatures
despite deep bedrock (Fig. S5) and semi-consolidated sand aquifers, and Eastern Coastal Plain
sandy soils, seasonal flooding, and wetland likely support a single dominant groundwater
reservoir supplying baseflow (Fig. 3b; Holt and McMillan, 2025; Hupp, 2000). The machine
learning approach is especially powerful for this purpose, as multiple landscape attributes often
contribute simultaneously to the hydrologic response.”

“In four of the six regions, soil texture, particularly silt or clay fraction, was identified as a
recurring primary driver (Fig. 6b), though their roles differ by context. In the Northeast, silt
dominates variable importance;, silt is found in glacial till layer and supports high water storage
and baseflow (Shanley et al., 2015) while facilitating subsurface stormflow under wet conditions
(Detty and McGuire, 2010). In the South, despite silt being identified as a primary driver, clay is
the dominant soil texture (Miller and White, 1998); in the Mississippi embayment, extensive
confining units of clay and silt separate aquifers and control the groundwater flow (Renken,
1998, Clark et al., 2011). These two cases suggest that Shapley or permutation-based methods



may not fully separate correlated variables due to their treatment of joint variable distributions,
high clay content may be implicitly captured through the absence of silt in regional analyses.”

For the Region 2 (Midwest&Central) and Region 3 (West & Southwest) analysis in Sections 4.2
and 4.3, spatial patterns of some signatures and identified drivers vary with regional geography,
and previous literature is integral to describing these patterns. We have retained language that
makes clear these are observations rather than interpretations.

Lastly, to better reflect that Section 4.3 presents inferred drivers and their interpretation from the
permutation analysis, we renamed it to “4.3 Inferred Climate and Landscape Drivers of
Hydrologic Processes.”

Minor comments:

Line 13: In general, “hydrologic behavior” always sounds quite humanized to me. Maybe change
to “hydrologic functioning” or similar (here and at other relevant places in the manuscript).
Thank you for pointing this out. We replaced “behavior” with “function.”

Line 21: I am not sure whether the study can be referred to as a “framework”. The authors may
want to rewrite this sentence and leave out the “framework” part.

Thank you for your suggestion. We rewrited the sentence as “Our approach of estimating
dominant processes and their drivers facilitates extending process knowledge from research
watersheds to the continental scale, assessing current hydrological understanding, and
evaluating hydrological model structures.”

Lines 38-49: This paragraph is supposed to focus on hydrologic processes, but it describes more
of the method or approaches (“likelihood of...”, “statistics can help...”). It would be interesting
to read more about the actual findings of the studies investigating these processes across the
CONUS (even if not at a continental scale).

We revised the sentence as follows to incorporate key findings from the papers:

“For example, Buchanan et al., 2018 assessed the likelihood of infiltration excess flow
occurrence by comparing whether rainfall intensity exceeds saturated hydraulic conductivity,
finding that saturation excess dominates across the contiguous U.S., while infiltration excess
is regionally likely in the central U.S. (Buchanan et al., 2018); Similarly, studies on baseflow
indices have shown their strong dependence on climatic and soil properties (Beck et al., 2013;
Xie et al., 2024), and Fang and Shen (2017) quantified the strength of runoff-storage
connectivity through correlations between anomalies in streamflow gauge and satellite water
storage observations, highlighting large-scale interactions among groundwater table, soil
thickness, topography, and snow”

Furthermore, we discuss these papers in the results and discussion section. For example,
Buchanan et al. (2018), Beck et al. (2013), and Xie et al. (2024) are the main references used to
compare and discuss the regional patterns of hydrologic processes identified in this study; and
Barnhart et al. (2022) is used in Section 4.2.3 to explain snowpack contribution to sustaining
baseflow.



Lines 93-94: Many large-sample studies are conducted across large climatic gradients, which
may “override” landscape attributes and thus lead to comparably weak predictive power of the
latter?

Yes, we agree and believe that it is one of the major reason reason, and it is currently implicitly
stated as “Regional analysis can mitigate climate influence and elucidate the contribution of
non-climatic drivers, such as regional random forest models that revealed physiographic and
anthropogenic controls on flow regimes (Almagro et al., 2024, Hammond et al., 2021). However,
smaller regional sample sizes may limit prediction accuracy if datasets only provide tens of
watersheds per region (Willard et al., 2024). ” However we agree that it was not clearly spelled
out to the reader and we added a sentence directly addressing this point before this passage, as
follows:

“Additionally, large-sample studies across broad climatic gradients may be obscuring the
influences of landscape attributes. Regional analysis can mitigate this effect and elucidate the
non-climatic drivers; for example, regional random forest models have revealed physiographic
and anthropogenic controls on flow regimes (Almagro et al., 2024, Hammond et al., 2021).
However, smaller regional sample sizes may limit prediction accuracy if datasets only provide
tens of watersheds per region (Willard et al., 2024).”

Line 99: Consider adding the study of do Nascimento et al. (2025), dealing with geological maps
in large-sample studies.
Thank you for your suggestion, this study perfectly fits the context and we’ll add the reference.

Lines 168-169: Any ideas on why the RF models yielded lower performance on all Caravan
watersheds compared to other subset combinations? This may be something to add to the Text
S2.

Thank you for your comment. We have several hypotheses: (a) signatures from GAGES-II +
Caravan watersheds may be easier to predict, possibly because (a-1) streamflow data are of
higher quality, leading to more accurate signature extraction, (a-2) signature-attribute
relationship are stronger (e.g., these watersheds are less impacted by human influences). We
added a sentence in Text S2 to address this point.

Line 172: Looking at the distribution of streamflow observation length in Caravan, a minimum
of 5 years seems to be quite short. Why did the authors choose this length? A quick visualization
of the observation length distribution of all data sources used (e.g., added to S1) would be
helpful.

Thank you for your suggestion. We added the plot displaying the length distribution of all data
sources to S1. Given the large number of gauges, each gauge is represented as a horizontal bar
spanning its available record period (from start to end date), colored by the fraction of missing
data.



Figure. Record availability and data completeness for all gauge stations. Each horizontal bar
represents the available record period of an individual gauge, spanning from its start to end date.
Bar color indicates the fraction of missing data within the record period.

Streamflow data availability

0.25

- 0.20

- 0.15

Gauge

- 0.10

Fraction of missing data

0.05

0.00

1%

x°’56 x‘?"’ﬁ x‘*"ﬁ x“ﬂﬁ 2 2>

0 o 0°

'\fﬁﬁ '\f)q(j 1,00“ 40
Date

B 0 o°



Here are the same plot from each sources for reference:
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On the point of 5-years data availability threshold, studies suggest that temporal hydrologic
variability is adequately captured with 3 to 5 years of data (Refsgaard and Storm, 1996; KlemeS,
1986; Merz et al., 2009). Further, we conducted preliminary experiments to confirm that the
signatures stabilize with 5 years of observations. In the figure below, we calculated signatures
with varying time lengths (the x-axis is the length of the record in years, starting from 1990; the
y-axis is signature values; each line represents a CAMELS-US watershed). As demonstrated in
the plot, the signature values tended to stabilize around 5 years.
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Refsgaard, J. C. and Storm, B.: Construction, calibration and validation of hydrological models.
In Distributed hydrological modelling, in: Distributed Hydrological Modeling, edited by: Abbott,
M. B. and Refsgaard, J. C., Kluwer Academic, Netherlands, 41-54, 1996.

Merz, R., Parajka, J., & Bloschl, G. (2009). Scale effects in conceptual hydrological modeling.
Water Resources Research, 45(9). https://doi.org/10.1029/2009WR007872

KlemeS, V.: Operational testing of hydrological simulation models, Hydrol. Sci. J., 31, 13-24,
https://doi.org/10.1080/02626668609491024, 1986.

Lines 168-179: The training sample is derived based on various (subjective?) quality criteria.
How sensitive are the predicted hydrologic signatures to changes in the quality criteria? A short
explanation in the discussion would be beneficial.
Thank you for your questions. The following are the rationales for the quality criteria, and we
added these to the revised manuscript.

e Rationale for 5 years of continuous data: Please see the previous response.


https://doi.org/10.1029/2009WR007872

e Rationale for 30 % missing data: The signatures need at least 3 years of data to
stabilize their values (see the previous response for reference); therefore, a minimum of 5
years of data x 30% = 3 years.

e Rationale for watersheds boundary area discrepancies 25% between GAGESII and
Caravan: We determined this threshold based on the distribution of area error values.
Errors of <20% are possible due to differences in the watershed delineation tools or
missing small tributaries (Ray, 2018). These areas are already used in streamflow (Q)
normalization and landscape attribute subsetting through GAGES-II or Caravan, for
which we do not have the ability to conduct a sensitivity analysis. Most of the signatures
characterize the dynamics and relationships rather than the absolute values of the
streamflow dataset. Signatures that use absolute values and could potentially be impacted
by streamflow normalization by watershed areas are: TotalRR (uses the Q/P relationship),
EventRR (uses the Q/P relationship), and AverageStorage (uses the Q =P — ET
relationship).

e Rationale for Snow-dominated watersheds with >20% snow fraction: We
determined this threshold based on the spatial distribution of snow-affected catchments,
and the 20% threshold effectively identified snowy regions in the contiguous United
States. A 30% threshold was used in a similar analysis (McMillan et al., 2022; Wu et al.,
2021), and our threshold is lower (i.e., more strict).

Ray, L. K. (2018). Limitation of automatic watershed delineation tools in coastal region. Annals
of GIS, 24(4), 261-274. https://doi.org/10.1080/19475683.2018.1526212

McMillan, H. K., Gnann, S. J., & Araki, R. (2022). Large scale evaluation of relationships
between hydrologic signatures and processes. Water Resources Research, 58(6).
https://doi.org/10.1029/2021wr031751

Wu, S., Zhao, J., Wang, H., & Sivapalan, M. (2021). Regional patterns and physical controls of
streamflow generation across the conterminous United States. Water Resources Research, 57(6),
€2020WR028086. https://doi.org/10.1029/2020wr028086

In the manuscript, we described it as:

“We filtered out watersheds from our signature calculations based on quality criteria for
watershed area and snow used by previous studies, and on the timeseries length needed for
signatures to stabilize. First, we removed watersheds from our analysis with uncertain
topographic boundaries, showing high discrepancies (>25%) in the estimated drainage area
between GAGES-II and Caravan datasets. Errors of <20% are possible due to differences in
watershed delineation tools or missing small tributaries (Ray, 2018). Second, for overland flow
signature analysis, we excluded snow-dominated watersheds (>20% snow fraction of total
precipitation; a >30% criterion were used in McMillan et al., 2022 and Wu et al., 2021), this is
because our overland flow signatures can be heavily influenced by periods with no flow response
due to snow or frozen conditions. Third, we excluded watersheds with less than 5 years of
streamflow observation record, and those with over 30% missing daily data over the period
where streamflow was recorded (vielding at least three years of available data). Studies suggest


https://doi.org/10.1080/19475683.2018.1526212
https://doi.org/10.1029/2021wr031751

that temporal hydrologic variability is adequately captured with 3 to 5 years of data (Refsgaard
and Storm, 1996; KlemeS, 1986; Merz et al., 2009).”

Furthermore, the uncertainty about watershed boundaries are now discussed in Section 5.3.
Limitations and future work as:

Additionally, errors in watershed boundary delineation would affect signatures that use drainage
area to normalize flow, such as runoff ratio (TotalRR, EventRR) and water balance
(AverageStorage).

Lines 195-204: This rather long paragraph seems to be unnecessary, as Table 1 already provides
a good overview.

Thank you for your suggestion. This paragraph was shortened as the following and combined
with previous paragraph: “The process hypotheses tested are described in Table 1 and cover six
major hydrologic processes: baseflow, watershed storage, water balance, seasonal variability,
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overland flow dominance, and its type.”.

Line 202: Please indicate the meaning of “small p-values” in this context.

Thank you for your comment. This “small” meant “p-values < 0.05”, but the phrase was omitted
in response to your comments on L195-204. The new L195-204 briefly describe the processes
tested, and guide the reader to Table 1, which explains the p-values as : “p-values outside the
range 0 < P-value < 0.05 are deemed insignificant and clipped out. Within the range, the smaller
P-value is, the more significant the threshold is.”

Line 258: Nice figure!
Thanks for the compliment!

Line 273: Introductory sentence may be deleted.
Thank you, for your suggestion, deleted.

Line 317: Please avoid using “very” as a filling word. If statistically significant, consider using
“significantly” instead.
Rephrased as “no significant evidence of overland flow”.

Lines 389-393: Clay and silt fraction are often collinear. Can the authors discuss mechanistic
reasons (e.g., surface crusting, ...) for the silt fraction (and less so clay) emerging as a dominant
driver of signatures in the Northeast and South? Maybe add a few sentences to the discussion
(lines 465-4606).

Per text S1, clay and silt fractions are selected among three soil texture variables (clay/silt/sand
fractions) as follows: “There is a strong correlation (|p|>0.8) between sand fraction
(snd_pc_sav) and clay fraction (cly pc_sav), as well as between sand fraction (snd_pc_sav) and
silt fraction (slt_pc_sav). Picked clay fraction (cly_pc_sav) and silt fraction (slt_pc_sav) as a
representative of a soil texture, as information on clay and silt content constrains sand content
and is more relevant to water retention capacity.”



We further discussd possible mechanisms why silt/faction may appear as stronger predictor. For
the Northeast, we added the following sentence: “Silt is the most dominant soil texture in the
Northeast (Miller and White, 1998), which consists of a glacial till layer, promoting high water
storage and baseflow (Shanley et al., 2015) while facilitating subsurface stormflow under wet
conditions (Detty and McGuire, 2010).”

In the South, our manuscript currently states that “Along the Gulf coast, either climate or soils
and geology may dominate. In this region, although depth to bedrock is high (Fig. S5), and the
area overlies semi-consolidated sand aquifers, the clay-rich soils are capable of generating
infiltration excess flow (Miller, 1999, Fig. S6).” We added: “In the Mississippi embayment, the
extensive confining units consisting of clay and silt separate the aquifers and control the
groundwater flow (Renken, 1998, Clark et al., 2011).”

We further added the discussion in the Discussion Section 5.1 as: “In four of the six regions, soil
texture, particularly silt or clay fraction, was identified as a recurring primary driver (Fig. 6b),
though their roles differ by context. In the Northeast, silt dominates variable importance;, silt is
found in glacial till layer and supports high water storage and baseflow (Shanley et al., 2015)
while facilitating subsurface stormflow under wet conditions (Detty and McGuire, 2010). In the
South, despite silt being identified as a primary driver, clay is the dominant soil texture in many
areas (Miller and White, 1998); in the Mississippi embayment, extensive confining units of clay
and silt separate aquifers and control the groundwater flow (Renken, 1998, Clark et al., 2011).
These two cases suggest that Shapley or permutation-based methods may not fully separate
correlated variables due to their treatment of joint variable distributions, and high clay content
may be implicitly captured through the absence of silt in regional analyses.”

Lines 426-434: In my view, this summary paragraph is not relevant to the discussion and may be
omitted or moved to the last section of the manuscript.

Thank you for pointing this out. We shortened the paragraph, move some sentences to the
conclusions, and revise it so that it serves as the opening of the discussion section:

“This study creates comprehensive maps of hydrologic processes across the contiguous United
States by using machine learning to analyze streamflow signatures and connecting these
signatures to dominant watershed processes. The analysis from over 10,000 watersheds shows
distinct regional patterns in estimated hydrologic processes and its potential drivers. These
process maps provide novel information for selecting appropriate hydrologic models across
large domains and help hydrologists anticipate how watersheds will respond to environmental
changes such as altered climate or land use. In the following sections, we discuss how these
maps provide new benchmarks (Section 5.1), inform hydrologic modelling (Section 5.2), and
outline directions for future work (Section 5.3).”

Line 445: Up until this line, the section 5.1 is not about “new process understanding” but rather
about the sample size itself. The authors may want to consider renaming this section.

Thank you for your suggestion. We renamed the Section 5.1 title to “New benchmark maps of
process understanding over large domains” so that it reflects the purpose of discussing sample
size in this paragraph.



Line 452: Consider adding the study of Stein et al. (2021) to this section, dealing with flood
generation processes across the CONUS.
Thank you for the suggestion, we have integrated the paper into the passage:

“This may reflect vegetation shifting the inferred overland flow mechanism toward saturation
excess. Infiltration excess is inferred when overland flow is related to storm intensity rather than
storm size. In arid and semi-arid catchments, vegetation can locally increase infiltration
capacity and soil water retention, reducing the extent of infiltration excess overland flow (Stein
etal., 2021). Additionally, where smaller storms are intercepted by canopies, signatures may
incorrectly attribute the runoff to saturation excess rather than infiltration excess.”

Line 538: Please renumber to “6 Conclusion”.
Thanks for pointing it out, renumbered.

Technical points:

As the Method section comprises various steps, the authors may want to consider creating a
simple flowchart containing the major working steps.

Thank you for your suggestion. We added a flowchart to Text S1 as following:
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List of changes made to the manuscript (This section was written with the help of generative Al):

Content Relocations, Revisions, & Additions

e Introduction
o Rewrote the introduction to focus on extending process knowledge to the
continental scale
o Rewrote the introduction to highlight the findings from past signature-based
studies on hydrologic processes (L38—49 comment)
o Added a sentence addressing how broad climatic gradients can potentially obscure
landscape-level influences
e Methods and Data
o Moved the description of basin filtering criteria (originally L170-177) to “Section
3.1 Calculating hydrologic signatures” for better flow
o Included a passage in Section 3.3 explaining how the four specific process types
shown in the overview map were selected
o Added a reference to do Nascimento et al. (2025) regarding geological map
details
e Results and Discussion
o Rephrased the interpretation of Random Forest models to clarify that the results
are hypotheses based on statistical importance rather than direct physical proof of
causation
o Moved interpretive content and specific passages regarding the East and South
regions from Sections 4.2 and 4.3 to the Discussion (Section 5.1)
o Shortened the opening paragraph of the Discussion section
o Added a discussion in Section 5.3 regarding the limitations of using long-term
averages for hydrologic signatures

New Figures

e Added a flowchart to Text S1 to clarify the methodology and quality control steps

e Added the three study regions to Figure 5 (previously Figure 2) to help readers follow the
regional results

e Added a plot to S1 showing the record length distribution of data sources and included
the rationale for using a 5-year threshold

General Changes

e Replaced the word “behavior” with “function” throughout the entire manuscript to better
describe watershed processes

e Renamed Section 4.3 to “4.3 Inferred Climate and Landscape Drivers of Hydrologic
Processes” to better reflect the content.

e Renumbered the final section to “6 Conclusion.”
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