Response to review of “The Preseason Warming of the Indian Ocean Resulting in
Soybean Failure in U.S.”

Dear Editor and Reviewer(s),

We sincerely thank you for your constructive and insightful comments on our manuscript. We have
carefully considered all suggestions and revised the manuscript accordingly. Below, we provide a
detailed, point-by-point response to each comment. For clarity, reviewer comments are shown in
bold, our responses are provided in italics, and the corresponding revisions in the manuscript are

listed under “Manuscript Change”.
Reviewer 1

Comment 1: A central assumption of the study is that the I0B-yield relationship reflects a signal that
is distinct from ENSO. The manuscript notes that Gram-Schmidt orthogonalization was applied to
remove the influence of Niiio3.4 from the 10B index, which is a reasonable approach. However, given
the apparent Pacific SST anomalies shown in Fig. 6, it would be helpful to clarify the extent to which
the I0B signal is statistically independent of ENSO. Was the orthogonalization applied only to the IOB
index, or also to the meteorological predictors used in the regression (e.g., Tmax, SMroot)? Could the
Pacific anomalies still reflect residual ENSO influence? Since ENSO and Indian Ocean warming often
co-evolve, further clarification would be helpful. Aconditional correlation or partial regression
analysis (yield vs 10B, controlling for ENSO) would more directly test their statistical independence.
If such analyses were not feasible due to sample size or other constraints, a short note acknowledging

this would suffice.

Response: In our analyses, we applied Gram-Schmidt orthogonalization specifically when examining (i)
the correlations between climate indices and U.S. soybean yield, and (ii) the relationships between
climate indices, meteorological factors, and atmospheric circulation fields. In both cases, we removed
the linear component associated with Nifio3.4 from each target variable. In other words, the I0B
index, other climate indices, meteorological predictors (e.g., Tmx, SMroot, Pre, VPD), and large-scale
circulation variables (e.g., SLP, GPH200, and 925 hPa winds) were all orthogonalized against Nifio3.4
before entering the correlation and regression analyses. This ensured that the variability we attributed

to the Indian Ocean was linearly independent of ENSO at the same time step.

We acknowledge, however, that this approach only guarantees independence at zero lag. Because
ENSO and Indian Ocean warming often co-evolve and can exert lead-lag influences on each other
across seasons, some residual ENSO-related effects may remain after orthogonalization. We have now
added a statement in Section 2.2 to make this limitation explicit. Importantly, the I0B-yield relationship
remains significant even after orthogonalization, suggesting that the I0B contributes predictive

information beyond ENSO co-variability.

Manuscript changes: In Section 2.2 (Lines 97-99), we revised the text as follows:



B Before conducting the specific analyses, we employed Gram-Schmidt orthogonalization to remove
the linear influence of ENSO (represented by Nifio3.4) from the I0B index, other climate indices,
meteorological factors, and large-scale circulation fields. This method transforms correlated variables
into orthogonal sets by sequentially projecting each target variable onto the space orthogonal to

ENSO. The ENSO-independent component of a variable X was calculated as:

X=X WLE) E 5
1E = —<ﬁ> (5)

Where X is the original variable, E the ENSO signal, and (:,-) denotes the inner product. Through
this procedure, only the variability linearly independent of ENSO is retained, enabling a clearer
attribution of Indian Ocean-related effects. We note that while this approach ensures zero-lag
statistical independence from ENSO, lead-lag influences cannot be fully eliminated, as ENSO and
Indian Ocean warming often co-evolve and interact across seasons. Similar approaches have been

applied in recent climate studies (Hou et al., 2024).

Comment 2: In Fig. 3, Tmax and SMroot emerge as the most influential predictors of soybean yield
anomalies. Given that dry soils can lead to elevated Tmax via reduced evaporative cooling, these
two variables are often physically and statistically linked. This raises the question of whether they
contribute independent information to the regression model or reflect overlapping aspects of the
same underlying drought process. Have the authors assessed their correlation or examined variance
inflation among predictors? Even a brief note on whether these variables act jointly or additively
would help clarify their interpretation within the ridge regression framework.

Response: We assessed the correlation between Tmax and SMroot across the U.S. soybean production
regions and found a mean Pearson correlation coefficient of -0.42, indicating moderate association
rather than strong collinearity. Ridge regression, by design, mitigates multicollinearity through
coefficient shrinkage, allowing both predictors to retain meaningful contributions. Tmax primarily
captures atmospheric heat stress, whereas SMroot reflects water availability, making them
complementary indicators of drought impacts. We have added a clarification in the Discussion to

emphasize this interpretation.

Manuscript change: Ridge regression identifies Tmax and SMroot as the most influential
meteorological variables for soybean yield anomalies. Tmax primarily reflects atmospheric heat
stress, while SMroot measures subsurface water availability and drought persistence. These variables
are physically interdependent: dry soils reduce evaporative cooling, increasing Tmax, while higher
Tmax enhances evapotranspiration, further reducing SMroot and creating a reinforcing feedback.
Despite this interdependence, ridge regression mitigates multicollinearity through coefficient
shrinkage, allowing both variables to retain meaningful contributions and jointly characterize
compound climate risks. Many other climate variables affecting crop growth also interact, such as soil
moisture, precipitation, and temperature, which together determine the water and heat conditions
experienced by crops. These complex interactions make yield variability difficult to attribute to any
single factor and highlight the importance of modeling approaches that explicitly capture interacting

and reinforcing climatic influences on crop production.



Comment 3: The persistence of soil moisture from winter to summer is a key element of the
proposed mechanism. Supplementary Fig. S3 appears to illustrate this, but the discussion could
benefit from making more use of it. Would the authors consider highlighting which regions show
the strongest ND(-1)J-JAS soil moisture correlation? A short mention in the main text would help

readers better understand the spatial aspects of this memory effect.

Response: In the original manuscript, we only referenced Supplementary Fig. S3 without explicitly
describing the key regions where soil moisture persistence is strongest. In the revised version, we have
expanded this section of the Results to highlight that the strongest positive correlations between ND(-
1)J (November-December of the year preceding harvest and January of the harvest year) and JAS (July-
August-September) soil moisture anomalies are primarily concentrated in the U.S. Midwest and
Northern Plains regions that represent the core soybean production areas in the United States. This
revision strengthens the connection between early-season hydrological conditions and subsequent

summer drought risk, emphasizing the “memory effect” of soil moisture on climate-crop interactions.

Manuscript change: In Section 3.3, we revised the paragraph:

In this study, we found that soil moisture anomalies during ND(-1)J are significantly positively
correlated with soil moisture anomalies in JAS (Supplementary Fig. S3). Specifically, the strongest
positive correlations are observed over the U.S. Midwest and Northern Plains, which represent the
core soybean production regions, indicating that early-season soil moisture conditions in these areas
persist into the summer. This “memory effect” suggests that reductions in ND(-1)J soil moisture can
influence root-zone moisture during the reproductive stage, thereby affecting soybean yields and

highlighting the role of early-season hydrological conditions in modulating summer drought risk.

Comment 4: The use of a 5-year running mean to detrend soybean yield is a standard choice to
remove technological and management-related trends. However, this method may also suppress
low-frequency climate variability, such as decadal SST modes, and reduce the number of effective
degrees of freedom. Was the sensitivity of the results to this detrending method evaluated? For
example, how do key correlations or regression outcomes compare when using a linear detrending
approach instead? A brief justification for selecting the 5-year running mean, or a short note on
whether this choice meaningfully affects the results, would help readers assess the robustness of

the teleconnection signal.

Response: We conducted a sensitivity analysis using linear detrending of soybean yield anomalies
instead of the 5-year running mean. The correlation with the I0B index changed from -0.41 to -0.389,
and the spatial regression results remained largely consistent, albeit with slightly different amplitude.
Specifically, the linear detrending yields significant responses in Nebraska, Oklahoma, Mississippi, and
Alabama, while the 5-year running means show stronger signals in South Dakota and New York. These
differences are modest and do not alter the main conclusions about the I0B’s teleconnection pattern.
We chose the 5-year running mean as it effectively removes long-term agronomic and technological
trends while retaining interannual climate variability; this method is widely used in crop-climate

studies (lizumi et al., 2021)



We are also prepared to include the linear detrended regression map as a Supplementary Figure if the

reviewer believes it would strengthen the presentation.

Comment 5: Pearson correlation is used extensively throughout the manuscript to assess
relationships among SST indices, meteorological variables, and anomalies in soybean yield. While
this is a standard approach, Pearson correlation assumes linearity and normality, and can be
sensitive to outliers. Were these assumptions checked in the analysis? For key relationships such as
10B-yield or SMroot-yield, would the results be consistent if Spearman rank correlation were used
instead? Even a brief mention of this in the methods or supplement would help confirm the
robustness of the reported associations.

Response: To ensure that our conclusions are not biased by the assumptions of Pearson correlation
(linearity, normality, and sensitivity to outliers), we repeated the key analyses using Spearman rank
correlation, which is non-parametric and more robust to outliers. The results were highly consistent:
for instance, the correlation between the ND(-1)J I0B index and U.S. soybean yield anomalies was -
0.38 (p=0.017) with Spearman correlation, closely matching the Pearson result (-0.41, p=0.0098).
These results confirm that the reported teleconnection is not sensitive to the choice of correlation

metric.

A supplementary figure summarizing the Spearman results can be provided upon request if the editor

deems it useful.

Comment 6: The manuscript describes a compelling multi-step pathway: I0B warming leads to
changes in atmospheric circulation, reduced soil moisture, increased summer heat and drought, and
ultimately, yield loss. Would the authors consider adding a simple schematic to summarize this

mechanism? This could help readers from interdisciplinary fields quickly grasp the whole story.

Response: We agree that a schematic would be valuable and will add it as a new figure (Figure 7) in
the revised manuscript to illustrate the multi-step mechanism linking I0B anomalies to U.S. soybean

yield variability.

Specific comments

L59. “food securety” - “food security”.

We have revised this word.

L66. “Political units” could be ambiguous to international readers. Please specify that this refers to
U.S. states.

To avoid ambiguity, we revised the wording in the text to explicitly state “U.S. states” instead of

“political units.”



L97. The Gram-Schmidt procedure is mentioned but not described in detail. Clarify whether Nifio3.4
was regressed from I0B or vice versa and consider including a short equation or citing a standard

reference.

We have expanded the Methods (Section 2.2).

L126. When selecting ND(-1)J as the optimal window, indicate whether a formal selection criterion
(e.g., max correlation, statistical threshold) or multiple testing adjustment was applied.

We have clarified our selection procedure. The ND(-1)J period was chosen because it showed the
highest absolute Pearson correlation with U.S. soybean yield anomalies among all tested 3-month
windows. We did not apply multiple testing corrections because the selection step served as a
screening procedure rather than a formal hypothesis test. This clarification has been added to the

Results.

Manuscript change: We revised the sentence as:

“The year-to-year anomalies in soybean yield exhibit the strongest Pearson correlation (-0.41) with the
0B index during ND(-1)J (November and December of the year preceding harvest and January of the
harvest year), which was identified as the optimal 3-month window following an exhaustive
correlation screening across all possible periods; this relationship is statistically significant at the 99%

confidence level (two-tailed t-test; Fig. 1).”

L201-209. Please update figure references to follow the standard format:

L201. “Fig. 4(b) and 4(c)” - “Figs. 4(b) and 4(c)”

L208. “Fig. 4(b) and 4(e)” - “Figs. 4(b) and 4(e)”

L209. “Fig. 4(c)-(e)” -> “Figs. 4(c)- (e)”

L255. The text refers to “Fig. 6(g)”, but the panels go only to (f). This should be corrected.

We have revised these figure references.

Units and labeling: Colorbars in Figs. 3-6 should include clear units (e.g., “% per ¢” or “°C per ¢”).

Consistent labeling will improve readability.

The units of the colorbars are already specified in the figure captions. If the reviewer considers it
necessary, we are happy to additionally include the units directly on the colorbars in the revised figures

to further improve clarity and consistency.

Reviewer 2

Comment 1: More details are needed on the Gram-Schmidt orthogonalisation method, it is too



vague for now. Among questions and points that | would like to see explained: Can you explain what
it does and how you applied it? Can you expand the motivation for this (or what would happen
without this step)? Could you be missing signal or information by doing that (special attention to

ENSO here)? And if this is a common approach / which other studies have done this before?

Response: We have substantially expanded the explanation of Gram—Schmidt orthogonalization in the
Statistical analyses (Section 2.2). Specifically, Gram—Schmidt orthogonalization is a standard technique
in linear algebra that provides a straightforward framework for transforming a set of potentially
correlated variables into an orthogonal (uncorrelated) set by sequentially projecting each variable onto
the orthogonal space of the previously processed ones (Giraud et al., 2005). This approach was applied
to remove the linear ENSO (Nifio 3.4) signal from our climate indices before further analyses. It ensures
that subsequent correlation and regression analyses isolate the Indian Ocean effects independently of

ENSO.

We acknowledge that Gram-Schmidt orthogonalization has potential limitations, such as its dependence
on the ordering of variables and sensitivity to numerical instability in the presence of multicollinearity.
However, since we only orthogonalized ENSO, the ordering issue is minimized. Nevertheless, we note
that the method guarantees independence only at zero lag, so lead-lag interactions between ENSO and
Indian Ocean warming may not be fully removed. To establish precedent, we also refer to recent studies

that adopted this approach to control for ENSO influences in climate analyses (Hou et al., 2024).
Manuscript changes: In Section 2.2 (Lines 97-99), we revised the text as follows:

B Before conducting the specific analyses, we employed Gram—Schmidt orthogonalization to remove
the linear influence of ENSO (represented by Nifio3.4) from the I0B index, other climate indices,
meteorological factors, and large-scale circulation fields. This method transforms correlated variables
into orthogonal sets by sequentially projecting each target variable onto the space orthogonal to ENSO.

The ENSO-independent component of a variable X was calculated as:

X,r=X (X, E) E 5
1E= —<ﬁ> (5)

Where X is the original variable, E the ENSO signal, and (-,-) denotes the inner product. Through
this procedure, only the variability linearly independent of ENSO is retained, enabling a clearer
attribution of Indian Ocean—related effects. We note that while this approach ensures zero-lag statistical
independence from ENSO, lead—lag influences cannot be fully eliminated, as ENSO and Indian Ocean
warming often co-evolve and interact across seasons. Similar approaches have been applied in recent

climate studies (Hou et al., 2024).

Comment 2: Can you explain and justify the initial choice of meteorological variables? Is this based
on previous studies, do similar studies select the same variables? It reads a bit unclear and arbitrary

right now.



Response: The meteorological variables were selected based on previous agronomic and climate-yield
studies that consistently highlight temperature (including its diurnal range, DTR), precipitation, radiation,
soil moisture, and humidity as the dominant drivers of soybean yield variability (Gaupp et al., 2020;
Hamed et al., 2021; Joshi et al., 2021; Otkin et al., 2016; Ray et al., 2015; Schauberger et al., 2017). In
addition, vapor pressure deficit (VPD) has been widely used as a proxy for atmospheric dryness and crop
stress (Ergo et al., 2018). To provide transparency, we now include a summary of all variables, their

definitions, sources, and supporting references in the Supplementary Material (Table S1).

We also note that, in addition to the widely recognized variables, we included cloud cover (Cld) as an
exploratory factor. This variable is less commonly studied in soybean yield analyses, but we considered
it relevant due to its potential to affect surface energy balance and crop growth. This rationale is now

clarified in the revised manuscript and Supplementary Table S1.
Manuscript changes: In Section 2.1 (Lines 81-92), we rewrote the paragraph as:

To assess the impact of meteorological factors on soybean yields in the United States, we selected ten
key variables from the Climatic Research Unit (CRU) TS v4.07 dataset and the ERAS reanalysis (Harris et
al., 2020; Hersbach et al., 2020). These include temperature [maximum (Tmx, °C), mean (Tmp, °C),
minimum (Tmn, °C), diurnal temperature range (DTR, °C)], precipitation (Pre, mm-d™"), wet day
frequency (Wet, days), cloud cover (Cld, %), downward shortwave radiation flux (DSRF, W-m~2), root-
zone soil moisture (SMroot, m3-m3; Layer 2, 7-28 cm depth), and vapor pressure deficit (VPD, hPa).
Eight of these variables were obtained from CRU, which provides monthly mean gridded data at 0.25°
x 0.25° resolution, while SMroot was obtained from ERAS as a proxy for soybean root water uptake. The
choice of variables is consistent with previous studies highlighting the role of temperature, precipitation,
radiation, soil moisture, and humidity in soybean yields (Gaupp et al., 2020; Gobin and Van de Vyver,
2021; Hamed et al., 2021; Joshi et al., 2021; Leng and Hall, 2019; Ray et al., 2015; Schauberger et al.,
2017), with VPD included as an additional dryness indicator (Ergo et al., 2018). VPD was calculated using

the following formulas:

17.27 X Tmp
ey = 6.108exp (—) (3)
Tmp+237.3
VPD =¢;, — ¢, (4)

Where Tmp is the monthly average temperature (°C), and e, is the average actual vapor pressure (hPa),
both from the CRU dataset. e, represents the monthly mean saturated vapor pressure (hPa). Asummary

of all variables and references, including units, is provided in Table S1 in the Supplementary.

Comment 3: tis not clear in the text to me how root zone soil moisture is obtained or calculated.
You refer to the ERAS5 dataset, but as far as | am aware, this variable is not available on the ERA5

repository.



Response: In the original manuscript, we referred to “root-zone soil moisture” (SMroot) but did not
provide sufficient detail. SMroot was directly obtained from the ERA5 reanalysis dataset as the
volumetric soil water content (m3m=3). ERA5 provides soil moisture for four layers (0-7 cm, 7-28 cm,
28-100 cm, and 100-289 cm). For this study, we used Layer 2 (7-28 cm depth), which corresponds to
the major root water uptake zone for soybean crops. Previous agronomic studies indicate that soybean
roots extract most water from the top 30 cm of soil, especially during the reproductive phase, making

Layer 2 a reasonable proxy for root-zone soil moisture(Fan et al., 2016; Zhang et al., 2024).

Manuscript change: In Section 2.1, we rewrote the soil moisture description as: “In addition, root zone
soil moisture (SMroot, m3-m3) was obtained from the ERA5 reanalysis dataset(Hersbach et al., 2020),

using Layer 2 (7-28 cm depth) as a proxy for soybean root water uptake.”

Comment 4: When comparing 10B with meteorological variables, you extract SLP from CRU but
geopotential height at 200 hPa, and wind components at 925 hPa from ERA5. ERA5 also has SLP, so
is there a reason for this? | would argue that having all variables from the same source would
guarantee consistency. If you decide to keep SLP from CRU, it should be shown how similar it behaves

between the two sources.

Response: We thank the reviewer for carefully checking this point. We would like to clarify that in our
analysis, SLP was in fact obtained from ERA5, not from CRU. The reference to CRU in the Methods was
a writing error. In the revised manuscript, we have corrected this and now state explicitly that all
circulation variables (SLP, GPH200, and wind components) were consistently obtained from ERA5
(Section 2.1). We apologize for the oversight and thank the reviewer for helping us improve the clarity

of the manuscript.

Manuscript change: We corrected the description of the data source in Section 2.1. The sentence has

been revised to: “All variables were obtained from the ERAS reanalysis dataset (Hersbach et al., 2020).”

Comment 5: The last paragraph of the section 2.2 is confusing. On line 104, number (1), you
distinguish between meteorological factors and atmospheric circulation patterns? What exactly do
you refer to when you mention atmospheric circulation patterns, this has not been introduced before.
Would this be the SLP, GPH200 and the wind components? If so, SLP is not an atmospheric circulation
variable, and needs to be corrected. If not, then it would need to be better explained or rewritten to

improve clarity.

Response: We agree that our terminology was not sufficiently clear in the original manuscript. In the

revised manuscript, we have clarified this terminology. Specifically, we now explicitly define:

Meteorological factors as local surface climate variables that directly affect crop growth (e.g.,

temperature, precipitation, soil moisture, radiation, and humidity).

Atmospheric circulation patterns as large-scale circulation fields that characterize regional and

hemispheric circulation variability (e.g., sea-level pressure, geopotential height, and winds).



Although we acknowledge that sea-level pressure (SLP) is sometimes grouped as a surface variable, in
this study we treat SLP as part of the large-scale circulation fields because it reflects broad-scale pressure
systems and circulation anomalies. This distinction is now clearly stated in the Methods section to avoid

confusion.

Manuscript changes: In Section 2.2, we added a sentence: “For clarity, in this study, we define
meteorological factors as local surface climate variables that directly affect crop growth (e.g., Tmx, Pre,
SMroot, DSRF, and VPD). In contrast, we define atmospheric circulation patterns as large-scale
circulation fields that characterize regional and hemispheric variability, including SLP, GPH200, and 925

hPa winds.”

Comment 6: The results section combines both actual results and contextualisation aspects that
should go into the discussion. And as a consequence, the discussion section is rather small and
underdeveloped, looking more like a conclusion than a discussion. Based on that, | would suggest to
have the discussion considerably expanded, with the main findings properly contextualised there.
For example, the authors find DTR to be important for soybean yield using the ridge regression, which
is a statistical approach. I'd like to see potential physical explanations for that (after all, DTR is the
difference between two other variables, which could mean many things). Also, have other studies
found similar or diverging relations between DTR and soybean yields in the area of study? These
aspects should be properly discussed (you could move some of the small contextualisation points

from the results to the discussion and expand them there into a coherent text).

Response: We have extensively revised the Discussion. We expanded it to include:

(1) A detailed interpretation of the meteorological predictors Tmax and SMroot,
explaining their complementary roles in capturing atmospheric heat stress, soil water
availability, and nighttime temperature effects.

(2) Adiscussion of the importance of DTR for soybean yield assessments.

(3) A clarification of the methodological framework, describing the use of lead-lag
correlation and regression to assess climate-agriculture linkages and its relevance to
compound and multi-risk analyses.

(4) An expanded discussion of the broader implications under climate change, addressing
potential changes in 10B variability, compounding interactions, and future research

directions.
These additions strengthen the physical and agronomic interpretation of our results.

Comment 7: | also missed the theoretical implications of the findings: what does it mean to have
I10B index influencing soybean variability (beyond the practical point of using it to monitor it in
advance)? For instance, can it have any interactions with other major climate phenomena, such as
climate change? While this is not the focus of the paper, it could still be briefly discussed. Ex: What
are the future projections for the 0B index? What are the future projections for soybean production

in the US? Could we see a compounding interaction between both of them? These could be part of a



“future work recommendation” section of what could be done next from these findings.

Response: We have expanded the Discussion in response to your comment. The revised text discusses

the following points:

(1) Indian Ocean warming. Although our study focuses on interannual 0B variability, we
note that climate change is projected to cause continued and spatially heterogeneous
warming of the tropical Indian Ocean, which may alter 0B variability and strengthen
its teleconnections (Cai et al., 2014; Gopika et al., 2025; Rao et al., 2012; Sharma et
al., 2023).

(2) Soybean vyield projections. We added discussion of projected U.S. soybean yield
declines, with losses of 30-40% by the end of the century even under low-emission
scenarios (Schlenker and Roberts, 2009) and further reductions under a high-emissions
scenario (Hultgren et al., 2025).

(3) Compounding interactions. We highlight the possibility that enhanced 0B variability
may interact with a more drought-prone U.S. climate, creating compound risks for
soybean production.

(4) Future research. We suggest using coupled climate-crop models to assess these
interactions and emphasize adaptation strategies, as well as integrating 10B

monitoring into early-warning systems.

Comment 8: Finally, | would suggest for the code to be made openly available.

Response: We have made the analysis code openly available on GitHub, and the repository link has been

added to the Data Availability section of the revised manuscript.

Minor comments:

Line 26: According to FAOSTAT, Brazil has been the main soybean producer for the past years.

We agree that, according to FAOSTAT, Brazil has been the leading soybean producer in recent years,
particularly after 2018. However, our study focuses on the period 1978-2019, during which the United
States consistently remained the largest soybean producer until Brazil’s recent overtaking. To avoid
confusion, we have added a figure (Supplementary Figure S1) comparing U.S. and Brazilian soybean
production trends, which highlights that the U.S. was the dominant producer throughout most of our

study period, with Brazil surpassing only in the very last years.

Line 56: there are different verbal tenses on the same paragraph (past and present), | recommend

sticking to one for consistency.

We have revised this paragraph.



Line 58: a matter of personal taste, but | find adjectives like “valuable” unnecessary in a scientific

article.

We have removed this word.

Line 59 "food securety"

We have revised this word.

Line 84: This is a matter of personal preference, but it’s more common to define precipitation as “Pr”

or “Precip” than “Pre”

We have revised the notation and now use “Precip” to represent precipitation throughout the

manuscript for consistency.

Line 128: can you explain explicitly in the text the logical jump (coefficient of determination (R?))
between the -0.41 corr and the 16% variability?

In the original text, we reported that the correlation coefficient of —0.41 corresponds to 16% of the
variability. This comes from the relationship R? = r? in simple linear regression, where r = —0.41
gives R? = 0.1681 ~ 0.16. To be more precise, we have revised the manuscript to report the exact
value of 16.8% instead of the rounded 16%.

Figure 2: Y axis “Values” is not informative enough.

We have updated the y-axis label in Figure 2 to “Yield Change (% per a)” to provide a clear and

informative description of the plotted values.

Line 213: Can you improve the clarity of the correlation sentence?

We have revised this sentence.

Editor

Comment: Additionally, please better motivate in your manuscript in what way the applied method
is innovative, and how it may be relevant for studies of (other) compound risk and multi-risk. This is
important given your submission to the EGU-inter-journal special issue "Methodological innovations
for the analysis and management of compound risk and multi-risk, including climate-related and
geophysical hazards". Such information can both be included in the introduction section, as well as

in the summary/discussion.

Response: We have revised the Discussion to clarify the motivation for using the lead-lag correlation
and regression framework. This approach was chosen because it can effectively capture both

concurrent and delayed relationships between preseason climate variability and crop yields, thereby



identifying early predictors of agricultural risk. Lead-lag analysis has been widely applied in climate
research to trace causal sequences among large-scale modes of variability, but it has rarely been used
to examine climate—agriculture interactions. By applying it here, we demonstrate its usefulness for
exploring how multiple climatic drivers act in sequence, which is directly relevant for understanding
compound and multi-risk processes. This addition clarifies the rationale for using this framework and

its broader relevance to compound-risk analysis.

Manuscript changes: In Discussion, we added a paragraph: “This study employed a lead-lag correlation
and regression framework to quantify the influence of preseason climate variability on U.S. soybean
yields. This approach captures both concurrent and delayed responses of crop yields to large-scale
ocean-atmosphere anomalies, allowing for the identification of early predictors of agricultural risk.
Although lead-lag techniques are well established in climate research (Hou et al., 2024; Yang and Xing,
2022; Yang et al., 2025), they have been less frequently applied to quantify climate-agriculture linkages,
offering new perspectives on the temporal pathways through which climate variability affects crop
production. Furthermore, this framework may be useful for investigating compound and multi-risk
events, where multiple climatic drivers interact or occur sequentially. By tracing how early-season
anomalies evolve and combine to influence subsequent impacts, it provides a systematic means to

explore interconnected climate processes relevant to agricultural and environmental risk assessments.”

Summary of Major Revisions

1. Methods - Selection of meteorological variables: Rewrote the description of how meteorological
factors were selected and added a supplementary table (Table S1) summarizing all variables,
including units and references.

2. Methods - Data sources: Clarified the data source of sea level pressure (SLP) as ERA5 and
specified the source of soil moisture data.

3. Methods - Statistical analyses: Expanded the description of Gram-Schmidt orthogonalization to
provide more methodological detail.

4. Methods - Statistical analyses: Defined meteorological factors and atmospheric circulation
patterns explicitly to improve clarity in subsequent analyses.

5. Results (Section 3.1): Revised and expanded the last paragraph of "Climate variabilities and
soybean yield anomalies".

6. Results (Section 3.2): Moved the discussion on the interactions between Tmax and SMroot from
Results to Discussion for better thematic consistency.

7. Results (Section 3.3): Revised and expanded the section on "Soil Moisture Memory Effect".

8. Discussion: Substantially revised the discussion by:

a) Adding Figure 7, a schematic illustration of the mechanisms linking I0B warming during ND(-
1)J to U.S. soybean yield loss.

b) Providing a detailed interpretation of the meteorological predictors Tmax and SMroot,



emphasizing their complementary roles in representing atmospheric heat stress, soil water
availability, and nighttime temperature effects.

c) Adding a discussion on the importance of DTR (diurnal temperature range) for soybean yield
assessments.

d) Introducing a paragraph describing the lead-lag correlation and regression framework,
highlighting its application to preseason climate-agriculture linkages and its relevance to
compound and multi-risk analyses.

e) Expanding the section on future research directions and implications, including potential
changes in I0OB variability under climate change and compounding interactions with U.S.
drought conditions.

9. Figures: Clarified the y-axis units in all figures to improve readability.
10. Data availability: Added a link to the GitHub repository containing the analysis code.
11. Language editing: Corrected minor grammatical errors and word usage throughout the

manuscript.

We hope that these revisions adequately address the reviewers’ concerns and improve the clarity and

contribution of the manuscript. We appreciate your time and consideration.

Best regards,

Menghan Li, Xichen Li



