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Anonymous Referee #1,

The article has an interesting general idea, but it raises some questions about
the study proposal.

A: Thanks for the acknowledgment, we checked all the issues about the study proposal
pointed out by the reviewer.

 

 

 

The first general question in the article that I didn't see answered is: What would
be the real importance of evaluating soil weathering by different techniques?
Soil fertility? This can be measured directly. 'environmental issues'? there are
also techiniques to evaluate directly.

A: Weathering operates in a multitude of spatial (from a nanometer to a planetary scale)
and temporal (from thousands to only a few years) scales and its action impacts several, if
not all, Earth systems. Weathering releases solutes that nourish every terrestrial
ecosystem, triggers the biogeochemical cycles of every chemical element and thus control
both water (e.g., river, ocean, groundwater) and soil chemistry. From a larger scale
perspective, weathering is one of the major planetary sinks for CO2, and thus, play a
pivotal role on climate change and life itself on Earth. As an extremely intricate and
complex process, and in response to its interface nature, weathering has been assessed,
quantified, measured, and studied from innumerous techniques and perspectives; all
originated from different scientific fields and backgrounds. Many of such approaches and
techniques are expensive and time-consuming and thus make it difficult to gather
information about large areas in an accessible, reliable, and fast way. In the current
scenario, where science must tackle many Earth science challenges in which weathering is
a central process, the development of novel tools to study weathering is crucial to achieve
the expected goals (Egli et al., 2001; Frings and Buss, 2019; Ruiz et al., 2020, 2022).  

Listing the objectives of this study, not all of them were answered in the course



of the article, nor in the conclusions section, leaving readers without a final
answer to certain points raised.

A: We agreed with the reviewer and added a new paragraph:

“The combined use of geophysical sensors, satellite images and morphometry, by different
machine learning algorithms proved to be a robust method and were able to model
different weathering intensities.”

The other parts of the objectives we believe are answered along the other parts of the
conclusions.

Some errors in concepts and terms were noticed, such as:

-Machine learning is not a geotechnology.

A: We adjusted the sentences following the reviewer suggestions.

 

‘proximal remote sensing’? satellite image is not proximal and geophysical is not
remote.

A: We adjusted the sentences following the reviewer suggestion.

 

Spectroscopy method is not a geotechnology

A: We adjusted the sentences following the reviewer suggestion.

 

I miss a paragraph explaining how the fact of weathering affects everything you
said. Bearing in mind that this process takes years and years to affect soil
properties, would that make any difference now? And if you say this can be seen
in the difference in soil types, then isn't it easy to study the difference between
soils?

A: We agree with the reviewer and add the following paragraph:

“Weathering operates in a multitude of spatial (from a nanometer to a planetary scale)
and temporal (from thousands to only a few years) scales and its action impacts several, if
not all, Earth systems. Weathering releases solutes that nourish every terrestrial
ecosystem, triggers the biogeochemical cycles of every chemical element and thus control
both water (e.g., river, ocean, groundwater) and soil chemistry. From a larger scale
perspective, weathering is one of the major planetary sinks for CO2, and thus, play a
pivotal role on climate change and life itself on Earth. As an extremely intricate and
complex process, and in response to its interface nature, weathering has been assessed,
quantified, measured, and studied from innumerous techniques and perspectives; all
originated from different scientific fields and backgrounds. Many of such approaches and
techniques are expensive and time-consuming and thus make it difficult to gather
information about large areas in an accessible, reliable, and fast way. In the current
scenario, where science must tackle many Earth science challenges in which weathering is
a central process, the development of novel tools to study weathering is crucial to achieve
the expected goals (Egli et al., 2001; Frings and Buss, 2019; Ruiz et al., 2020, 2022).” 



Dear reviewer, in relation to the time in which weathering acts and affects soil properties,
there are numerous works in the literature that report how weathering can be extremely
fast, especially in the tropical environment and under more susceptible parent materials.

Egli, M., Mirabella, A., & Fitze, P. (2001). Clay mineral transformations in soils affected by
fluorine and depletion of organic matter within a time span of 24 years. Geoderma,
103(3-4), 307-334.

Ruiz, F., Andrade, G. R. P., Sartor, L. R., dos Santos, J. C. B., de Souza Júnior, V. S., &
Ferreira, T. O. (2022). The rhizosphere of tropical grasses as driver of soil weathering in
embryonic Technosols (SE-Brazil). Catena, 208, 105764.

Ruiz, F., Sartor, L. R., de Souza Júnior, V. S., dos Santos, J. C. B., & Ferreira, T. O.
(2020). Fast pedogenesis of tropical Technosols developed from dolomitic limestone mine
spoils (SE-Brazil). Geoderma, 374, 114439.

 

Table 2 – value of accuracy from kknn is wrong.

A: The text was adjusted following the reviewer suggestion.

 

When comparing the algorithms, I didn't see you talking about which parameters
were used in each of them.

A: We added a short sentence in text:

The hyperparameters of each algorithm are described in the caret package manual in
chapter 6. “Models described” available at https://topepo.github.io/caret/train-models-by-
tag.html.

Here we presented the hyperparameter:

 

 

Algorithm Hyperparameters Definition

RF “mtry” number of covariates that are
chosen at random for each
node in the tree. Being the
only parameter optimized.

ntree number of trees. BREIMAN, L,
2002, considers keeping the



value constant at 100.

nodesize the minimum number of data
points on each terminal node.
BREIMAN, L, 2002, considers
keeping the value constant at
1 and 5 for classification and
regression.

KKNN kmax Number of neighbors within
the search area. Optimized.

distance Maximum search distance
from the center of the test
area. Optimized.

kernel Sample space transformation
kernel. Optimized.

Partial Least Squares (PLS) ncomp the number of main
components to be used in
modeling. Optimized.

avNNet (Model Averaged
Neural Network)

size Number of units (neurons) in
the hidden layer. Optimized.

decay parameter for weight drop
using neural network
optimization. optimized

bag Logical index of the use of
bootstrap methodology in



training optimization.
Optimized.

 

 

In terms of modeling and mapping, as you mentioned, the number of samples is
very low, not being a great number of samples to work in an area of almost 200
ha. In addition to using it to calibrate a model with RF. Don't you think this
would affect the construction of the model? don't you think the data wouldn't be
overfitted?

A: Firstly, we would like to have a larger number of samples than our current number and,
we believe that all researchers would like to, but in our field conditions it was not possible
as many other field conditions around the world. In addition, there is no minimum number
of samples in the literature, indicated as a correct reference value for modeling soil and/or
geophysical attributes. In addition, there are several researches published in good quality
scientific journals, including Geoderma, which the authors also used a small number of
samples in modeling processes (Fabijańczyk et al., 2017; Gebauer et al., 2020; Granger
et al., 2017; Peukert et al., 2012; dos Santos Teixeira et al., 2021; Zhang and Zhu,
2019).

We are aware of the possibility of overfitting, so applying the nested-LOOCV methodology,
which we believe is more suitable for a small number of samples.

The nested-LOOCV method is indicated as a set for small data sets, which other methods
of evaluation of test samples would not be viable due to the low number of samples in a
test samples (Ferreira et al., 2021), being more used in the field of medicine in human
experiments or where the number of samples is limited, providing an unbiased estimate of
the true error (Chen et al., 2017; Li et al., 2018; Xing et al., 2011; Xu et al., 2020). The
Nested-LOOCV method is a double loop process, where in the first loop the model is
trained with a data set of size n-1, and the test is done in the second loop with the
missing sample and used to validate the test and the training performance.

 

Speaking now about the mapping exercise, in my opinion the distribution of
samples is not adequate to carry out the mapping exercise.

A: Here, we would like to emphasize that: during data collection, we advanced as far as
possible due to the limitations of the sugarcane crop. However, we tried to carry out a
distributed and representative sampling of the area, collecting data on all soil types,
toposequences and, lithology existing in the area.

 

My main concern is: Even knowing that the amount of samples was not enough
and as the arrangement of samples is not suitable for the DSM approach, you still
decided to carry out the article.

A: We understand the reviewer concern. However, we do have a few observations to
note: Firstly, we would like to have a larger number of samples than our current number
and, we believe that all researchers would like to, but in our field conditions it was not



possible as many other field conditions around the world. In addition, there is no minimum
number of samples in the literature, indicated as a correct reference value for modeling
soil and/or geophysical attributes.

There are several researches published in good quality scientific journals, including
Geoderma, which the authors also used a small number of samples in modeling processes
such as: (Fabijańczyk et al., 2017; Gebauer et al., 2020; Granger et al., 2017; Peukert et
al., 2012; dos Santos Teixeira et al., 2021; Zhang and Zhu, 2019)

Finally, during data collection, we advanced as far as possible due to the limitations of the
sugarcane crop. However, we tried to carry out a distributed and representative sampling
of the area, collecting data on all soil types, toposequences and, lithology existing in the
area.

 

I suggest improving the quality of the data and methodologies used and strongly
revising the article.

A: The entire article was revised following the reviewer suggestion.
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