Responses to Reviewer 2

The author would like to thank the reviewer for constructive and thoughtful comments
and suggestions, which led to substantial improvements in the manuscript's revised
version.

In the following, the reviewer's comments are addressed point-by-point. The reviewer's
comments are marked in bold and italic. The responses follow in the indented text.
Modified figures and a new table are presented at the end of the document.

The next version of the manuscript will include all the issues brought up by the reviewer.

General comments.

1. While | understand what the authors are trying to do, as it stands now, the
manuscript appears to be a collection of statistical analyses related in some way
to drought issues, but no clear objective or story is followed. In particular, what is
the main goal of the paper? Is it aimed at developing a monitoring system, to
provide information on the link between the indicators and crop yield or just
provide a climatology? It seems that the research is focused on the main 3 crops
but at the end only a qualitative comparison with yields is shown. | recommend to
focus and tailor the discussion in one aspect, in particular, the link with crop yields
(see some comments below).

This research aims to advance the understanding and impacts of dry episodes
on wheat, corn, and soybean yields over the core crop region of Argentina. Each
type of crop has its own phenology with different critical periods when drought
may significantly impact production. For this reason, it is essential to consider not
only seasonal droughts but also those that center on the critical months. The
drought climatology based on different indices is essential to identify drought
features that the analysis of a single index might miss. In the current study, our
drought documentation focuses on their frequency, duration, and severity, and
assess their impacts on the yields of the main crops.

The goal of the research has been rewritten accordingly, following a logical
storyline that flows better. The reviewer's comments 3 and 4 have helped to this
end.

As for the analysis of yields, we have improved the discussion of the link between
drought indices and crop yields. In particular, we have added a new Table 3
(below) that quantifies this relationship using correlations between different
drought indices in crop critical periods and crop yields. We have also improved
Figure 9. Both Table 3 and revised Fig. 9 give quantitative information to analyze
drought's potential impacts on crop yields.

The development of a monitoring system is not part of this study. However, this
article could be the first step towards that goal.



2. Abstract: The abstract could be improved, it should be rewritten focusing on
the main goals of the manuscript and trying to avoid general statements like: "It is
of interest to assess the relationship between those properties and the crop
yields." Or "As relevant as the drought duration is its timing and severity".

The abstract has been rewritten according to the reviewer's suggestion. It now
states the main goal of the paper. General statements have been removed.

3. Introduction: In the last two paragraphs of the intro it would be better to focus
on the goals of this paper and how this advances the knowledge in this specific
subject. Details on drought indicators should be explained in the methods section.

Thanks for making this point. The last two paragraphs of the introduction section
are rewritten, focusing on the goals of the paper. Furthermore, in the
introduction’s final paragraph, we now clarify the method to address the proposed
objectives. The discussion of drought indicators was moved to the method
section in the revised manuscript.

4. Methods section: the description of yield data is somehow misplaced and cuts
the logical flow of the description of the meteorological variables. Consider
placing it at the end of the section after the description of the standardized
indicators.

Thanks. We have moved the description of yield data to the end of the section.

5. I'm curious to know why this methodology was selected (eqgs. 1 and 2). Does
this approach perform better than a parametric approach? | guess that the length
of the records (40 years) shouldn't be a problem to fit a parametric distribution.
Please motivate this decision and provide a more critical discussion on the
methodologies adopted, including advantages and possible shortcomings.

Correct. The 40-year time series of monthly precipitation or soil moisture data are
long enough to fit a parametric distribution. A Kolgomorov-Smirnov test reveals
that a sample of size 480 (40 years of monthly data) will stay within 6% of the
actual distribution with 95% confidence (Massey 1951).

Much of the literature that employs SPI estimation tends to use a 2-parameter
Gamma function. Other authors use a 3-parameters Pearson function. In the
parametric approach, some theoretical functions do not cope well when
precipitation is 0. Further, it has been observed that parametric methods may
overestimate or underestimate the extremes. A growing body of research attests
that for studies of droughts, a non-parametric approach is better than the
parametric one. Unlike parametric approaches, non-parametric methods do not
rely on any theoretical distribution. Accordingly, non-parametric methods are
valid in a broader range of situations with fewer validity conditions (Siegel, 1957).

Parametric and non-parametric (empirical) probability density functions tend to
have differences in the tails, where the parametric distribution may not be a good
fit (Farahmand and AghaKouchak 2015). A comparison of parametric and non-
parametric estimates of SPI (Solakova et al. 2014) found that differences can be
significant in terms of drought severity and not as much in terms of duration.
According to Mallenahalli (2020), the non-parametric SPI can better categorize



the drought classes, representing better the extent of dryness and normality
conditions than parametric approaches.

For these reasons, we adopted a non-parametric methodology that uses an
empirical function (Gringorten 1963, Farahmand and AghaKouchak 2015). This
method circumvents the use of theoretical functions, avoids issues with 0
precipitation values not uncommon in the study region, and suits well in
precipitation and soil moisture studies. Lastly, it is also an opportunity to provide
a different approach in the index construction that has not been tested yet in the
region.

This discussion is summarized in the revised version of the manuscript.

6. Section 2.3: This is a key section that needs to be strengthened. The drought
definition (in the first paragraph) is quite general and vague and it is not clear how
this is implemented in the following description. Please be explicit here, e.g. "in
our framework a drought starts when our drought indicators are below 1 sd and
last until it reaches (threshold) again... ". Moreover, it seems that only one month
with negative values of the indicators defines a drought. This is not the most
accurate definition of droughts, which need some time to become established, in
particular with the threshold chosen (-0.5). However, there are some cases where
droughts can develop quickly, e.g. flash droughts and lead to large impacts, but
not sure this is reflected here. Please, again, motivate clearly your drought
definition. This is key to follow the results.

Section 2.3 has been rewritten to clarify the definition of drought adopted in this
study. The revised manuscript states more visibly (in the second paragraph of
Section 2.3):

"In this study, droughts are defined as those periods when SPI or SSI depart from
the mean at least by minus one Standard Deviation (SD). Droughts last as long
as they continue to exceed the threshold. Drought events detected below one
standard deviation range from moderate to extreme droughts (McKee et al.,
1995). Weaker or milder droughts were estimated using a threshold of 0.5 SD.
We also examined different periods, starting at one month and longer. We
included the one-month results in Fig. 7 for completeness, but most of our
analysis and conclusions are based on longer periods."

To complement the drought definition, we added (in the first paragraph of section
2.3).

"A drought is a sustained period of below-normal water availability (Tallaksen and
Van Lanen, 2004; Van Loon, 2015). Droughts are defined as meteorological
when there is a precipitation deficit over a period of time. A continued precipitation
deficit leads to scarcity of soil moisture that does not meet the plants' water
demand. In this case, the drought is called agricultural. This study focuses on
meteorological and agricultural droughts and their impacts on crop yields within
the region of interest."

Flash droughts are an attractive topic that would require higher frequency data
(e.g., daily). As such, it falls outside the focus of this study.



7. The use of precipitation anomalies is not the best approach to make a regional
assessment. How do you compute those? | guess P-P*. This procedure could give
misleading results, as the anomalies are not comparable between regions or even
different months/seasons. Let's suppose you have one locality with observed 50
mm in one month where the monthly mean is 100 mm, then the anomaly is -50 mm,
then for another locality you have observed 5 mm but the monthly mean is 55mm,
here your anomalies are again -50 mm. How these deficits are comparable? How
do you include those in the areal average? If the goal is to capture the high
frequency variations a more suitable indicator would be the percent of Normal
precipitation or the SPI-1. Please, for further discussion on that matter refer to the
WMO-GWP handbook of drought indicators and indices and references in there.

We appreciate this suggestion. Indeed, precipitation anomalies had been
calculated as indicated by the reviewer: P-P*. As suggested, we replaced the
precipitation anomalies by SPI1, and Figs. 2 and 4 were redone (see below).
Modifications in Figure 4 also lead to a revised Table 1.

Now, the first paragraph on section 3.1.1 states:

"Figure 2 presents the spatial distribution of drought's occurrence percentage for
northern Argentina as characterized by SPI1, SPI3, SPI6, and soil moisture
anomalies lower than one time their corresponding standard deviations. The
occurrence of drought in northeastern Argentina ranges between 12 and 14% for
SPI1 (Fig. 2a), while drought percentages seem to increase up to 18% as
characterized by SPI3/6 in the same region (Figs. 2b and 2c). Soil moisture
anomalies show that droughts are distributed mainly in the north of Argentina,
with percentage values ranging between 16% and 18%. Droughts, as
characterized by SPI11/3/6 (Figs. 2a-c), reveal a homogeneous spatial distribution
and increasing percentages as with the time scale of the indicator. In contrast,
the spatial pattern of soil moisture anomalies shows a decrease in drought
percentages for arid regions (Fig. 2d). Inside the Core Crop Region, droughts are
more frequent towards the north, with percentages from 14% to 16% for SP11/3
(see Figs. 2a-b). Fig. 2d indicates that the percentage of droughts, as
represented by SPI6, is 18% towards the region's north and southwest.
Conversely, drought presence declines towards southeastern CCR as all SPI,
and SM show percentages descend to 12% (Figs. 2a-d)."

The new Figure 4 and Table 1 offer better descriptions than in the previous
version. SPI1, SPI3, SPI6, and SM anomalies present a common decadal mode
that modulates the short frequency interannual variability. These results enable
us to improve the discussion in Section 3.1.2 in the revised manuscript.

Section 3.1.2 now states:

“Figure 4 presents the time series SPI1, SPI3, SPI6 as well as soil moisture
anomalies, area-averaged over the Core Crop Region. SPI indices and soil
moisture (Figs 4a-d) correctly identify wet and dry periods and their interannual
variability. Soils function as a physical filter because the output signal (soil
moisture) has a lower frequency variability than the input precipitation. Notably,
as the SPI time scale increases (from 1 month to 6 months), the variability is
reduced (see Figs. 4a and 4c).



Table 1 summarizes the dominant modes of interannual variability for SP11, SPI3,
SPI6, and soil moisture. They are (i) a trend, (i) a band with decadal periodicities,
and (iii) another band close to 2.3 years periodicities. Trends explain different
percentages of the total variability of the series. Interannual modes in both bands
can explain 35% of the total variability of the SPI6 series and 37% of the soll
moisture variability.

Decadal cycles in SPI and soil moisture series are closely related and reflect the
dry periods of 1987-1991, 1994-1999, and 2004-2013 (see Figs. 4a-d). The short-
term 2.3-year cycle of interannual variability is evidenced by frequent wet and dry
events between 2000 and 2018 (see Fig. 4b-d). Interestingly, higher amplitudes
are noticed starting around 2000. This result agrees with Lovino et al. (2018a, b),
who suggested that short-term variability (2.5- to 4-year periods) in precipitation
exhibits a large increase in amplitude after 2000.

8. Section 3.1.1. There is an issue with the results in this section, probably due to
the lack of drought definition (particularly Figs 2 and 3). The authors compute the
probability of occurrence over standardized indicators which means that the
probability to be below -1 sd should be 0.1587 if these indicators follow a perfect
normal distribution.

I'm afraid that this is what is shown here with the spatial variability due to some
statistical instability.

Here a more meaningful series of maps could be the return period of droughts or
even the number of drought events per pixel.

The definition of drought was not prominently stated in the manuscript. We have
corrected that. As also noted in Comment 6, now, section 2.3 states:

“In this study, droughts are defined as those periods when SPI or SSI depart from
the mean at least by minus one standard deviation (SD). Droughts last as long
as they continue to exceed the threshold. Drought events detected below one
standard deviation range from moderate to extreme droughts (McKee et al.,
1995). Weaker or milder droughts were estimated using a threshold of 0.5 SD.”

First, apologies, there was an incorrect description. Figures 2 and 3 are not
probabilities. They are the number of dry months as a percentage of the total
months. This is done for all grid points. Indices are normally distributed, but we
did not look at probability.



9. Section 3.1.3. Same issue here as in section 3.1.1. Maybe I'm missing something
important here, but what is the added value of showing a histogram for a set of
standardized variables?

Even if these represent a regional average, each single point should follow a
normal distribution with mean=0 and sd=1, any deviations from this means some
problems with the fitting or the input variables (marked dry season, many zeros,
etc.). Please clarify, adapt your description towards potential problems in the
fitting or add additional relevant information.

In hindsight, there was no need to show histograms of standardized variables,
and they have been removed from Fig. 5. The relevant information can be
obtained from the P and SM histograms.

10. Section 3.2: There are many studies that relates climate variables and droughts
to losses on crop vields in the region (Holzman et al 2014; Podesta et al. 2009;
Scian and Bouza 2005; Seiler et al 2007 to cite but a few). This section presents a
gualitative description of negative impacts of droughts on crops. Please, clarify
how these results advance the literature on the topic in the region or how they are
relevant in the context of this study. | believe that the data presented are valuable
and could help to answer some questions proposed here, such as what indicator
is most appropriate to predict crop losses. For example, a correlation analysis/
contingency table, etc. between the different indicators (and specific dates
sensitive to the crops) and the crop losses would make this section much more
relevant. This could support some affirmations like the ones on lines 396-402. At
the moment the highly sensitive months are presented a-priori.

The novelty is in our severity analysis, and our findings as now quantified with
correlations and other supporting material. We present a new Table 3 (see near
the end of this document) with the correlation coefficients between detrended
crop yields and SPI/SSI during crops critical periods. Table 3 allows quantifying
the link between crop yield reductions and drought indicators and giving better
support to our findings. Table 3 shows that the shorter-scale indicators (SPI13 and
SSI3) achieve a better correlation with crop yields than the larger-scale indicators
(SPI16 and SSI6). Then, SPI3 and SSI3 result most appropriate to predict crop
yield losses. The relation between detrended crop yields and SPI3 is now
presented in the revised Figure 9 (see below).

The results suggest a sensitive relation between summer crops (corn and
soybean) and deficits in precipitation and soil moisture during both crops' critical
periods. Of the three crops, wheat yields have the lowest correlations with the
indices. In the revised version of the manuscript, we will include the new result
analysis and conclusions and also discuss our results in the context of previous
studies that relate climate variables and droughts to crop losses in the region.

11. The affirmation that corn crop is the most sensitive to water deficits is due to
the fact that it is the crop with higher yield/ha (more than 2x to than the other
according to lines 323-324). Relative losses related to their average yield values
would make their values comparable or even could be greater for the other two
crops. As you mention lately corn is also highly sensitive to heat waves as well.
Compound events could intensify these losses, but this is not discussed here.

Our text was not clear enough, not precisely in 323-324 that is a description of
Fig. 9a-c, but in 355-360 where corn was singled out as being more sensitive
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than the other two crops. We have replaced that text with a more accurate and
straightforward statement, supported by the correlations in Table 3. The new text
replacing 355-360 states:

The detrended time series (Fig. 9d-f) show declines in production due to major
drought events. The losses in production may reach up to 1500 kg ha™ for corn
and between 500 to 1000 kg ha for wheat and soybean. Correlations between
SPI3 and the different crop yields (Table 3) suggest that corn and soybean are
more sensitive to water availability.

Our analysis did not look into compound effects (water scarcity and heat waves)
that have a higher impact. As there is earlier literature discussing this topic, we
added a brief discussion on compound events based on a previous study by
Llano and Vargas (2016a). They show that in central-eastern Argentina, the
compound event of precipitation and maximum temperature in corn sensitive
growing period have the greatest influences on crop production.

This discussion will be added to the revised manuscript.

Particular comments.

12. Line 17: "However, if a multiyear drought experienced breaks, each period
would be considered a separate case" this is not clear, please consider rephrasing
or even removing this from the abstract.

Thanks, the statement has been removed.

13. Lines 19-20: "Even short dry spells may have large impacts if they occur at the
time of the critical growth period of a given crop" this is not discussed or
demonstrated in the manuscript. Please, if this is a general statement, consider
removing it from the abstract or perform more analysis that can support this
affirmation.

The statement has been removed. The abstract will be rewritten in the revised
version.

14. Lines 21-22: This also seems a general and rather speculative statement.
Consider removing it from this section or perform more analysis that can support
this affirmation (see my comment for section 3.2).

The statement has been rephrased to: "It is shown that severity during the crop-
sensitive months is a useful indicator for planning purposes.”

15. Lines 122-126: The performance of a model in the representation of soil
moisture is not trivial. Here, there is no mention on how the GLDAS performs in
the region. A formal validation is not necessary but at least some references
describing its validity in the region are needed. See for instance, Spennemann et
al., 2015 & 2020.

We now reference studies that evaluate GLDAS performance in the area.
Spennemann et al. (2015; 2020) reported that GLDAS reproduces the observed
soil moisture patterns satisfactorily. They also found that land surface model
derived indices using GLDAS can be used as soil monitoring indices in
agricultural production management. Grings et al. (2015) evaluated satellite-
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derived estimations against in situ observations, suggesting that GLDAS seems
to be a good soil moisture benchmark in the Pampas region.

The text in the revised manuscript will state:

"The monthly precipitation data from January 1979 to December 2018 employed
here was developed by NCEP's Climate Prediction Center (CPC) and consists of
in situ observations spatially interpolated to a regular 0.5°x 0.5° latitude-longitude
grid cell (Chen et al., 2008). This product has been used as a benchmark for the
precipitation model's comparison in South America (Silva et al., 2011).

In the absence of soil moisture observations, we employ products obtained from
the Global Land Data Assimilation System (GLDAS; Rodell et al., 2004; Meng et
al., 2012; Beaudoing and Rodell, 2019; 2020). In GLDAS, soil moisture is derived
from the surface water and energy balances forced by observations in a land
surface model (Noah in this case). The Noah Model considers four soil layers (0-
10 cm, 10-40 cm, 40-100 cm, and 100-200 cm) totaling 2 meters depth for which
the SM total column value was determined (Rodell et al., 2004). The data set
consists of soil moisture monthly values at a spatial resolution of 0.25°x 0.25°
over the same period of analysis. Recent studies (see, e.g., Grings et al., 2015,
and Spennemann et al., 2015; 2020) evaluated GLDAS soil moisture products in
the Humid Pampas with good results. According to Grings et al. (2015), GLDAS
seems to be a good soil moisture benchmark in the Pampas region. Also,
Spennemann et al. (2015, 2020) reported that GLDAS reproduces well soll
moisture observational patterns. They also found that GLDAS land surface model
derived indices can be used as soil monitoring indices in the context of
agricultural production management".

16. Line 47: This only apply to dry events; wet events has a completely different
dynamic. Please, clarify.

We have removed the reference to wet periods from the sentence. It now states:
"Statistical analysis of extreme events in SESA has shown that periods of water
deficit occur at different time scales, with an inverse relationship between
frequency and duration, i.e., more frequent events tend to be shorter-lived."

17. Line 69: Agriculture will be only one sector affected. Droughts can affect
almost any compartment of economy and ecosystems.

We have simplified the sentence to: "If confirmed, such change could lead to
more frequent droughts."

18. Line 104: the sentence between [: : :] should be removed of placed elsewhere.
Thank you. The sentence has been removed.

19. Line 203-205: how the soil moisture can be affected by soil degradation and
desertification? Is this modelled in GLDAS?

We have removed the speculative sentence and their references from the
manuscript. GLDAS does not consider changes in soils and their properties, and
therefore cannot address soil degradation issues. Recent studies have started
looking into desertification with a combination of datasets that include GLDAS
(e.g., Fan et al. 2020).



20. Line 207: The SPI-6 could be correlated with hydrological droughts (probably
longer aggregation periods can do it better) but it is still ameteorological indicator
as relies only on precipitation. It is not accurate to attribute the representation of
hydrological droughts to it. Please consider rephrasing this sentence.

We agree with the reviewer. More extended periods like in SPI-6 can reflect better
a hydrological drought than the shorter periods of SPI-3, but it indeed relies only
on precipitation. The sentence removed the reference to hydrological drought.

"Fig. 2d indicates that the percentage of droughts, as represented by SPI6, is
18% towards the region’s north and southwest."”

21. Line 216-217: How the maps in Fig 3 can be interpreted as the temporal
evolution of drought frequency?

The sentence was removed. While the information was in the caption, the
identification of the critical periods was not evident from the figure. We have
added insets clarifying what part of the year each critical period corresponds (see
Fig 3. below).

Wheat is sensitive to drought frequency in late spring (Oct-Nov), corn is sensitive
to droughts during summer (Dec-Jan), and soybean is most sensitive during Jan-
Feb. Therefore, it does not describe a temporal evolution of drought frequency,
as our sentence claimed. It is the shift in relevant drought months for each crop

type.

22.Lines 314-315: "Therefore, droughts in the Core Crop Region are detected more
easily when using SSI instead of SPL." It is not possible to benchmark drought
detection by just comparing two drought indicators. Just because one indicator
COVEers more area or is more severe, etc., doesn't mean that is the best performing
indicator. Instead, | would argue that the best indicator should be the one that
better represents the specific sectorial impacts, in this case, crop production.

Good point. We have rephrased it: "Droughts affecting crop growth are detected
either with SPI or SSI indices. This is the case of drought events occurring in
1988, 1997, 2007, 2009, and 2017 that spread over 80% to 90% of the region
(Fig. 8d)."
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SM

SPI1 SPI3 SPI6 Anomalies
Trend - 3.2 5.5 -
Quasi-cycle, T~ 10 yr 5.9 139 22 254
Quasi-cycle, T~ 2.3 yr - 7.8 13 11.6

Table 1: Percentage of variance explained by the dominant modes of interannual
variability detected using SSA with a window length of 120 months. Series of SPI1, SPI3,

SPI6 and soil moisture anomalies from January 1979 to December 2018 in Core Crop
Region.
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Indices

Province Crop
SPI3 SPI6 SSI3 Ssle
wheat 0.15 0.05 0.17 0.15
Santa Fe corn 0.67 0.58 0.58 0.40
soybean 0.68 0.58 0.62 0.52
. Indices
Province Crop
SPI3 SPI6 SSI3 SSl6
wheat 0.49 0.04 0.44 0.38
Cordoba corn 0.60 0.55 0.51 0.55
soybean 0.73 0.70 0.58 0.70

Table 3: Correlation Coefficients of the annual detrended crop yield and the
maximum or minimum index value for critical crop months (ON for wheat, DJ for corn
and JF for soybean). Maximum or minimum index values are identified according to
whether detrended annual crop yields are negative or positive.
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(a) SPI1 (b) SPI3

10 12 14 16 18 20

Figure 2: Percentage of months under moderate to extreme drought conditions (months
below one standard deviation) of the total months from January 1979 to December 2018,
according to: (a) SPI1, (b) SPI3, (c) SPI6 and (d) soil moisture anomalies.



(a) SPI3 wheat critical months

(b) SPI3 corn critical months

(c) SPI3 soybean critical months
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Figure 3: Percentage of months under moderate to extreme drought conditions (months
below one standard deviation) accounted during each crop critical growing months from
January 1979 to December 2018. For SPI3: (a) wheat during (Oct-Nov), (b) corn during
(Dec-Jan), (c) soybean during (Jan-Feb). Panels (d), (e), and (f) showing the same for

SPI6.

15



= . d
% 0 HulE NN i Hra s T g Iy SR it int o R (11 ] LTS,

—10-y cycle
_2 T T T T T T T

interannual modes

— 10-y cycle

A

A
(X TANIN

LA

@ y 1

% 0 L :_‘ NG ! .Iﬂ ||" I‘n.li‘ i"h m:l'
: £ I\

D
W

(c) ——10-y cycle ——interannual modes

©
% 0 "u'w"'m" —-

1)
.ﬂ'lr "ll‘_‘
“_‘il )y

|
|r

4
(d
€
E
%]
2
©
£
o
=
@
=
» -30 .
40 —10-y cycle interannual modes
1979 1984 1989 1994 1999 2004 2009 2014

Figure 4: Areal-averaged time series from January 1979 to December 2018 for (a) SPI1,
(b) SPI3, (c) SPI6, and (d) soil moisture anomalies in the Core Crop Region. The
dominant modes of interannual variability are plotted in full lines.
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(a) Wheat yield (d) Detrended wheat yield
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Figure 9: Panels a-c, show the time series of the area-averaged annual crop yield over
the provinces of Santa Fe (blue lines) and Cdérdoba (orange lines) from 1979 to 2018 for:
(a) wheat, (b) corn, and (c) soybean. Cubic polynomial trends of each province crop yield
time series are in dot line. Panels d-f, presents the detrended time series together with
SPI3 index values during each crop critical growing months (ON for wheat, DJ for corn,
JF for soybean).
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