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We thank the reviewer for the helpful comments and hope to have addressed them appropri-
ately. Comments made by the reviewer start with a bold Q while our reply starts with a bold
A. In section “Additional changes” we list additional changes we would like to incorporate
in an updated version of the manuscript.

1 Reply to comments

1. Q: Overall, the paper is structured relatively well, addresses a gap in peatland research.
Nonetheless, there are several contradictory statements within the text that should be
rectified. Furthermore, I did not see any error propagation that was mentioned in the
objectives.

A: The referenced objective is (old: 1. 113): “Propagate errors from data (where avail-
able) and parameters to predictions.” Unfortunately, data on measurement errors is
available only for few target variables in the pmird database. Information on mea-
surement errors is available for the AG? estimates used as target variable values to
predict from MIRS. These errors are propagated into the MIRS prediction model and
therefore are also propgated to predictions from the model when using the models with
the irpeat package. Since we use Bayesian data analysis methods and the posterior
predictive distributions to make predictions with the models, the estimated parameter
errors are propagated to predictions, as stated. To make our statement more specific,
we suggest to change the text from (old: 1. 113):

“Propagate errors from data (where available) and parameters to predictions.”
to (new: 1. 113):
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“Propagate errors from data (only for AG?) and parameters (all target variables) to
predictions.”

. Q: L20: Adding couple sentences describing the usage of11 these peat properties would
be good. Are these properties related to the ability of soil as a carbon sink or something
else?

A: Since the abstract is already quite long, we prefer not to add explanations on the
relevance of the different variables in the abstract. In the main text, these information
are provided in Tab. 1.

. Q: L153-155: 1T found the sentences confusing, and I could not follow or understand
what the authors are trying to imply here. Is DOM a relevant property for peat soil?
Is it analysed? if not simply remove it from the text all together.

A: Dissolved organic matter (DOM) is organic matter and therefore mid-infrared pre-
diction models for peat are in principle also applicable to DOM. Since the pmird
database also contains DOM samples, it would have been possible to include DOM
samples into the training and test data during model development. In 1. 153 to 155,
we explain why we did not use these data. We think that this paragraph is important
because it shows potential users of the models to what kind of data the models are
not applicable and based on what criteria we selected data from the pmird database
for model development. If the editor agrees with the reviewer that this paragraph is
confusing, we can remove it, as suggested.

. Q: L176: check package name

A: Thank you for pointing out this error. We corrected the package name as suggested.

. Q: L210: how are the testing dataset is being selected? the training is trained with
Kennard Stone as mentioned in the paragraph.

A: The text says (old: 1. 207 to 208): “We used the Kennard-Stone algorithm as
implemented in the prospectr package (Stevens and Ramirez-Lopez, 2013) to split the
observations for each target variable into a training and a testing dataset, ..”. This
means that data that were not used for training were used as test data: the test data
are selected by the same procedure as the training data and comprises all data not
used for model training.

To describe this more explicitly, we suggest to add at 1. 210 (old; new: 1. 210):

“Observations that were not part of the training data were used for model testing.”

. Q: If the aim is to build prediction model that covers a large space of prediction
domains, should not all the dataset be used to train the model??

A: This depends on whether the training data contain sufficiet information to get a
model with good predictive performance. The Kennard-Stone algorithm selects those
spectra that cover the spectral variation in the data. The model used here (and, sim-
ilarly other modeling approaches like partial least squares regression) assume a linear
relation between predictors and target variable; therefore, if the training data cover the



10.

range of spectral properties, the models can interpolate between the training sample
values. Whether prediction errors are small depends on many different factors and is,
in general difficult to evaluate. Based on the comparison of prediction errors from our
models to previous models (where we could find data), we assume that our procedure
was successful. It would be possible to increase the size of the training dataset, but
this would lead to much longer computation times and possible convergence problems.
Finally, it also has advantages to have a large and independent test data because this
strengthens the results from the model evaluation.

Q: The number of samples shown on Table 2 does not reflect the sentence here.

A: We thank the reviewer for pointing out this error.

The sentence starting in - 209 (old) should be (new: 1. 209): “The number of obser-
vations assigned to the training dataset was defined as min(0.8n,n ” (change
emphasized).

maX)7 o

We corrected this error.

Q: L224-225: 1t is still not clear here how the test samples are being obtained?

A Please see our reply to comment 5 of reviewer 2.

Q: L227: define ELPD, or equation used for this before explaining threshold limit.

A: The ELPD is defined in 1. 227 (old; new: 1. 228): the ELPD is the expected log
predictive density. A good overview on Bayesian model evaluation is given in Vehtari
et al. (2017), where the ELPD is defined in equation (1), and we added this reference
inl. 228.

Q: L245-253: Why do you need to check if the input data are within testing OR
training instead of just the training domain? If the spectra are out of the prediction
domain of the training dataset, won’t it give unreliable estimates as mentioned?

A: We did not intend to say you need to check if the input data are within testing
or training instead of just the training domain. The testing prediction domain simply
represents the spectral properties of the test data, whereas the training prediction
domain represents the spectral properties of the training data.

The models interpolate linerarly (on the scale of the link function) between predictions
for the training data and one can therefore assume that predictions of the model are
correct for a sample whose MIRS is within the training prediction domain, except for
some potential edge cases (please see our reply to comment 3 by reviewer 1).

For some variables, we have few data and therefore the predictive performance was
tested for samples with smaller spectral variability than the training data (Fig. 4
in our manuscript). This means that, while the models were trained on data with
a spectral variability represented by the training domain, they were tested with data
with more restricted spectral variaiblity and we could not evaluate whether the models
make accurate predictions for new data on the larger spectral domain represented by
the training prediction domain. Even though our analysis does not indicate overfitting
of our models, there is the possibility that our models overfit to the few training samples
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which is then not reflected by our estimates of prediction errors. This discrepancy can
be seen from a larger training prediction domain than testing prediction domain (e.g.,
for H content).

If MIRS are outside the training prediction domain, predictions may be unreliable or
not, but we cannot tell this because there is no data to test this. Of course, the more
extreme a sample deviates from the training data, the more likely it is that predictions
of the model are not accurate for such a sample.

We hope that we could clarify the importance of the prediction domain. If the reviewer
thinks we should improve our text for clarity here, we would be glad to do so and are
open for suggestions.

Q: L284: authors claimed to provide comparison of the models with other studies, but
later in L292 claims the comparison is not comparable. Please elaborate.

A: Unfortunately, we do not understand how the reviewer wants us to elaborate the
text. As stated by the reviewer, we did compare prediction errors of our models to
that of previously published models (Fig. 3 in the manuscript), but we mentioned
that these figures are not directly comparable (in the sense that we could deduce from
them which model would have a smaller prediction error for the same sample) because
of differences in the spectral variability of the training and testing data used by the
various studies, differences in outlier handling, and dependence of prediction errors on
properties of the specific datasets used. The comparison is the best we can currently do
to check whether our models have merit compared to existing models. We think that it
is important to mention these issues with model comparison because we think that they
are often ignored and because this shows that a sort of standard reprository of testing
data on which models are tested would be useful. We do not see the contradiction
the reviewer may suggest. If the reviewer has suggestions how we may avoid potential
ambiguities, we would be glad to consider them.

Q: Fig2: what is being plotted here? training/testing?? labels and legends would be
helpful.

A: We thank the reviewer for pointing out this omission. We have added a legend to
Fig. 2, as suggested. White points are the training data and black points are the test
data.

Q: L347: Please clarify the difficulty of estimating S here. It looks like prediction fits
the 1:1 line quite nicely.

A: We thank the reviewer for pointing out that the text is not clear here. The text
states that (old: 1. 347 to 348; new: 1. 353 to 354): “For S, larger Ca contents do
not bias predictions, but they increase the residual variance indicating, similarly to
Si, that peaks caused by carbonates confound predictions (Fig. 2).” Thus, we do not
claim that predictions versus measurements would mismatch the 1:1 line, but rather
that the variance of prediction errors is larger for samples with larger Ca contents,
indicating that Ca contents may confound predictions. This is visible from Fig. S16
which we should have referenced here. We added a reference to Fig. S16 at the end of
1. 348 (old; new: 354) to clarify this.



14. Q: L400-405: Authors explains that the testing prediction domain is a small fraction
of the training prediction domain, and because of that the prediction might be erro-
neous. However, the authors described it differently in 2.6; in which it is recommended
that the new data should be within the prediction or training domain. Fig 4 shows
that this testing domain clearly falls within the training domain. Yet the sentence is
contradictory. Please clarify the use of the prediction domains within text and rectify
results and explanations accordingly.

A: We agree with the reviewer that this part of the text can be clarified. We suggest
to change 1. 400 to 403 (old) from:

“A comparison of training and testing prediction domains for our models shows that
the testing prediction domains covers only a small fraction of the training prediction
domain for H, O, NOSC, AG?, H/C, 0/C, C/N, and LOI (Fig. 4), which indicates that
models for these target variables cover a small range of peat spectral properties and
therefore may make erroneous predictions for peat samples as diverse as for example
used to compute the prediction model for N.”

to (new: 1. 404 to 407):

“A comparison of training and testing prediction domains for our models shows that
the testing prediction domains covers only a small fraction of the training prediction
domain for H, O, NOSC, AG?, H/C, O/C, C/N, and LOI (Fig. 4). For these peat
properties, only few samples were left for model testing and we could therefore not test
the predictive accuracy of the models for some parts of the training prediction domain.
Future studies should test these blind spots.”

2 Additional changes

1. old: 1. 379 to 380; new: 1. 385 to 386: We moved the %o sign in front of the parentheses.

2. old: 1. 308; new: 1. 313: We added “(e.g., Bellon-Maurel et al., 2010)” as a new
citation to point to the relevant discussion about the comparability of prediction errors
in Bellon-Maurel et al. (2010).

References

Bellon-Maurel, V., Fernandez-Ahumada, E., Palagos, B., Roger, J.-M., and McBratney, A.:
Critical review of chemometric indicators commonly used for assessing the quality of the
prediction of soil attributes by NIR spectroscopy, TrAC Trends in Analytical Chemistry, 29,
1073-1081, https://doi.org/10.1016/j.trac.2010.05.006, 2010.

Vehtari, A., Gelman, A., and Gabry, J.: Practical Bayesian model evaluation using leave-
one-out cross-validation and WAIC, Statistics and Computing, 27, 1413-1432, https://doi.
org/10.1007/s11222-016-9696-4, 2017.


https://doi.org/10.1016/j.trac.2010.05.006
https://doi.org/10.1007/s11222-016-9696-4
https://doi.org/10.1007/s11222-016-9696-4

	Reply to comments
	Additional changes
	References

