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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

1.1 Comments

1. Q: The introduction features repeated reference to Bulk density as a predictable prop-
erty through spectra in mineral soils, on lines 54 and 69. This physical property is in-
fluenced in situ by landscape position, biotic interactions and soil composition. Many
would not regard it as a property that is commonly considered predictable through
spectroscopic approaches, particularly in cases where spectra are sampled in labora-
tory conditions, after soil processing. Though Dangal and Sanderman have modeled
BD observations to moderate success with MIR spectra, other studies, such as Minasny
et al 2008 suggest that properties that involve soil-pore relationships are less reliably
predicted, which is logically consistent for analysis on disturbed soil.

As this potential to model BD underpins the proposed pedotransfer functions for poros-
ity, hydraulic conductivity, specific heat capacity and thermal conductivity, the paper
requires more depth in the introduction on developments or suggestions that would
argue against this thesis.
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See: Minasny, B., McBratney, A. B., Tranter, G., & Murphy, B. W. (2008). Using
soil knowledge for the evaluation of mid-infrared diffuse reflectance spectroscopy for
predicting soil physical and mechanical properties. European Journal of Soil Science,
59(5), 960–971. https://doi.org/10.1111/j.1365-2389.2008.01058.

A: The comment refers to the fifth paragraph of our Introduction, where we give
a brief overview on the potential of MIRS to predict various soil properties. The
referenced lines give a couple of examples of soil properties that can be predicted from
MIRS with some success, but we do not state that MIRS prediction models are an
error free method. Our main intention here was to introduce MIRS prediction models
as useful method to predict some soil properties.
We agree with the reviewer that it is important to understand why it should be
possible (or should not be possible) to predict certain soil properties from mid-infrared
spectra (MIRS) with a desired prediction error. We certainly also agree that one would
expect that predictions of bulk density from MIRS have larger errors (relative to other
soil properties) than properties that do only depend on the chemical composition
(e.g., nitrogen content), because of the many factors that control bulk density but do
not depend on the chemical composition of the soil particles.
While these points are important, we do not think that a more in-depth discussion of
these issues fits within our manuscript. A discussion of these issues is from our point
of view rather complex and may go beyond the scope of our manuscript. Quite a bit
of text might be necessary to detail these points adequately. We think that a full
discussion of all potential limitations may rather represent an own review article.
Referring to the bulk density debate, we do neither think that Minasny et al. (2008)
contradicts the findings from Dangal et al. (2019), nor that Dangal et al. (2019) or
our statement about this study exaggerate the potential of MIRS to predict bulk
density (Dangal et al. (2019) states “For bulk density, which is a more difficult to
predict soil property …”).
Prediction errors in Dangal et al. (2019) and Minasny et al. (2008) are about equally
large (RMSEtest of 0.16 g cm−3 (Tab. 4 in Dangal et al. (2019)) and RMSEtest of 0.09
g cm−3 (Tab. 4 in Minasny et al. (2008))). We assume that both papers came to
contrasting conclusions merely because the range of bulk density values in Minasny
et al. (2008) is much smaller than that in Dangal et al. (2019) and therefore relative
prediction errors are larger in Minasny et al. (2008) than in Dangal et al. (2019). This
is also ackowledged in Minasny et al. (2008) (Subsection “Bulk density” in section
“Results and Discussion” in Minasny et al. (2008)). Wether or not prediction errors
are small enough for predictions to be useful depends on the specific purpose of the
analysis of the predictions and therefore can be argued in a general way only in rare
cases where prediction errors are extremely large. We do not think that prediction
errors are extremely large for the bulk density model from Dangal et al. (2019) or the
model developed here.
Apart from this issue, the process of measuring bulk densities of mineral soils is
not trivial and probably produces larger errors than other measurements (e.g.,
nitrogen content). One would therefore also have to discuss potential propagation of
measurement errors into prediction errors of MIRS prediction models.
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Since we focus on peat, we would also have to discuss how controls are different for
organic soils, that have a known relation between bulk density and organic matter
composition due to the dependence of structural integrity of peat on intact cell walls
(e.g., Dykes, 2008). In addition, MIRS can distinguish well between organic matter
and minerals and much of the bulk density gradient in peatlands is controlled by more
minerals. All these points would have to be discussed, too.
Moreover, we do not think that it is always possible to anticipate whether a soil
property can be predicted with some desired accuracy with MIRS or not because it
is usually the case that prediction works because of correlations rather than causal
controls and these correlations are not easy to anticipate. For example, MIRS can
differentiate between quartz and clay minerals and both often have different particle
sizes and hence lead to different porosities and therefore bulk densities (e.g., Minasny
et al., 2008) and this probably is one reason why bulk density can be predicted from
MIRS to some degree.
Finally, similar issues would also apply to other properties for which we computed
models and and following the line of argument, we would have to discuss also here
potential limitations. We think that this goes well beyond the scope of our study.
We therefore see it as our responsibility to provide users of our models with an as
accurate estimate of prediction errors as possible (also models that combine the
MIRS prediction model for bulk density with the pedotransfer functions do propagate
prediction errors from the MIRS prediction model for bulk density) and let them
decide whether these prediction errors are acceptable for their purpose or not.

2. Q: Similarly, isotope ratios of ฀13C and ฀15N are introduced following the aims of the
paper as a property of interest to model. Given their under-performance, and general
absence from modelling in other soil spectral libraries, a deeper dive into both the
utility of this information, and justification for what about the variation in ฀13C and
฀15N ratios can be detected within the MIR region. If this is exploratory in nature, as
indicated by the results, and the minimal gap filling achieved in pmird, it is important
to temper the reader’s expectations here appropriately.

A: We thank the reviewer for this suggestion. While the abstract already mentions
that prediction errors are large for 𝛿13C and 𝛿15N, we agree that it is useful to mention
this result also in the Introduction. To this end, we changed the sentence in l. 123 to
124 from:

“While some of our models may only generate approximate predictions, many have
prediction errors small enough to be useful in diverse applications.”

to:

“While some of our models may only generate approximate predictions (especially
𝛿13C and 𝛿15N), many have prediction errors small enough to be useful in diverse
applications.”

3. Q: The prediction domain of the models generated from pmird is highly dependent on
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the observed variation in peat analytical data and spectra available in the database.
A sound understanding of the model calibration space is important to reduce mis-
application of the models. As such, some greater exploratory data analysis on the
pmird data can provide additional context to the reader, perhaps a table of summary
statistics of the properties to be modelled, and the map showing the distribution of
peat samples that comprise this dataset. As the pmird database itself is in pre-print,
this does not need to be extensive here.

A: We agree with the reviewer that it is important to avoid mis-uses of MIRS prediction
models. In fact, we computed the prediction domains with the intention to avoid
application of models to inappropriate samples. However, we think that our manuscript
either already provides the information requested by the reviewer or that suggestions
of the reviewer do not add more than the prediction domains already provide.
Tab. 2 provides the value range for each variable. While we could add more summary
statistics, we do not think that this would be useful to avoid mis-application of the
models because extrapolation errors depend directly on the spectral properties and only
indirectly on other peat properties or where peat samples were taken. We therefore
think that the prediction domains are sufficient for a first check whether the models may
be applicable, detect more errors (for example differences in baseline correction) than
would be possible from the suggested summary statistics or a map of peat sampling
locations, and are implemented in ‘irpeat’ and therefore easy to apply.
We welcome in-depth analyses and ciriticism of our models and in this case, all data are
available from the pmird database (Teickner et al., 2025) and the R code we published
(Teickner and Knorr, 2025) and we think scientists who want to criticize/improve our
models would rather consider these resources than additional summary statistics.
To avoid mis-interpretation of prediction domains as error-free check, we suggest to
add the following sentence after l. 255 (old, new: l. 257 to 260): “This test of
MIRS against prediction domains is only a first test because even spectra within the
prediction domain may have spectral properties and values for the predicted peat
property that are different from the training or test data. With a large enough training
and test dataset, such edge cases become more and more unlikely. Additional checks
to be provided by future studies are based on a list of error sources identified through
targeted tests of the models against such possible edge cases.”

4. Q: The presented model quality metrics are an important consideration that guide
potential users and readers to a greater understanding of the implications of your
work. As such, if the work adapts techniques from spectral modelling of mineral soils,
It could benefit the ease of interpretation of the work to further adapt some commonly
used quality metrics as well. I would suggest initially the MEC, RPIQ and LCCC as
useful guides that users more familiar with modelling of mineral soils may useful.

See: Bellon-Maurel, V., Fernandez-Ahumada, E., Palagos, B., Roger, J.-M., & McBrat-
ney, A. (2010). 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(9), 1073–1081. https://doi.org/10.1016/j.trac.2010.05.006

A: We thank the reviewer for this suggestion. Studies on models for mineral soils also
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regularly use the quality metrics presented here in Tab. 2, in particular RMSEtest (=
RMSEP = SEP in Bellon-Maurel et al. (2010)) and bias. Thus, the results presented
in Tab. 2 should be understandable and useful also for users more familiar with
modelling of mineral soils.
While we agree that MEC, RPIQ and LCCC provide different summaries than
RMSEtest and bias, we do not think that these metrics are particularly useful, mainly
because they do not summarize predictive performance on an absolute scale (in native
measurement units) and therefore deliberately omitted them:

1. MEC is defined as 1 −
RMSE

test

𝜎
, where 𝜎 is the standard deviation of the data. It

is therefore an estimate for the variability of the data that can be explained by
the model. A similar metric is RPD which is defined as 𝜎

RMSE
test

=
1

1−𝑀𝐸𝐶
and

therfore is simply MEC expressed differently. MEC and RPD depend on both the
standard deviation of the training data and prediction errors and therefore mix
predictive accuracy with the representativenes of the data (assuming that datasets
with larger standard deviation are more representative overall beause they are
apparently mor diverse). For example, MEC does not distinguish between a
model that predicts the C content with an error of 0.02 g/g and trained on data
where the C content has a standard deviation of 0.1 g/g and a model that predicts
the C content with an error of 0.1 g/g and has a standard deviation of 0.5 g/g. We
think both cases should be separated and we think that users of a model would
rather like to know how well a peat property can be predicted on an absolute
scale.

2. RPIQ is similar to RPD, but replaces 𝜎 by the interquartile range. This makes
the metric more robust against non-normality, but it still measures a ratio of
prediction error to training data variability and therefore mixes both properties.

3. LCCC detects deviations of pedictions from the data caused by bias or spread
and is therefore useful as a one-number summary of the reproducibility of mea-
surements (Lin, 1989). Bias, RMSEtest, and the plots of measured versus fitted
values provide similar information.

Therefore, we prefer to provide fewer but more relevant/equivalent metrics that can
be interpreted on the scale of measurement of the peat properties of interest.

1.2 Additional clarity issues

5. Q: Lines 33–38: The paragraph is vague regarding “sufficient resolution and detail.”
Define what constitutes “sufficient.”

A: Unfortunately, we are not able to locate the quote “sufficient resolution and detail”
in our manuscript. Perhaps the reviewer refers to “… quantify global peat properties
at sufficient spatial resolution …” (old: l. 34) from the referenced paragraph?
“sufficient spatial resolution” means here a spatial resolution high enough for the dif-
ferent use cases of peat data mentioned in the previous paragraph is achieved. For
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example, errors in stock estimates caused by the large spatial variability of peat prop-
erties could be decreased if such data were available at higher spatial resolution. While
it is not clear how large these errors are, often only one central peat core pear peatland
is sampled and spatial variabilities in the concentration of compounds, for example C,
are not considered in stock calculations (e.g., Loisel et al., 2017).

To avoid misunderstandings, we suggest to replace:

“… quantify global peat properties at sufficient spatial resolution …”

by

“… quantify global peat properties at high spatial resolution …”

6. Q: Lines 233:236: Sentence is quite long, with many clauses, please break this up.

A: We thank the reviewer for this suggestion. While the referenced sentence is long,
it has the simple structure of a list of clauses starting with “because” and justifying
why we do not interpret model coefficients; therefore, we do not think that it is too
complicated, and we prefer to keep all justifications in one compact list. To facilitate
reading, we added an enumeration (new: l. 234 to 237):

“We do not interpret model coefficients and how this may reflect causal links between
molecular structures and target variables (1) because our model coefficients are not in-
tended to estimate causal effects, (2) because it is very likely that they do not represent
causal effects, and (3) because specific wavenumbers cannot be assigned unambiguously
to molecular structures (e.g., Stuart, 2004).”

7. Q: Line 240: this paragraph repeats context established in the introduction, much of
this is redundant within the methods.

A: While we agree that this text is partly redundant, we prefer to keep this redundancy
because the concept of using a prediction domain for spectral prediction models is new
for potential users of spectral prediction models for peat who have no overview on the
modeling literature for mineral soils and because we have the impression that many
researchers who use spectral prediction models for peat are not aware of the importance
of checking extrapolation by the models.

8. Q: Lines 377:385: The discussion on blank effect corrections for isotopic measurements
is confusing. It first suggests these effects are only a minor contributor to RMSE,
then proposes they may explain large prediction errors. This whole argument is quite
confusing, consider omitting lines 384/385 for clarity.

A: We thank the reviewer for this suggestion. We omitted lines 384 zo 385, as sug-
gested.

9. Q: In figure 4, fixing the y axis, and grouping the facets by derivative of spectra may
make the prediction domains easier to interpret across the different properties being
assessed.

A: We thank the reviewer for this suggestion and we agree that it is useful to be able
to compare the prediction domains between variables. To do so, we decided that for
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the plot, we preprocess the spectra and scale the intensities in the same way across all
target variables so that the prediction domain for a variable can be directly compared
to that of any other variable. We updated the figure accordingly.

2 Additional changes

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

2. old: l. 308; new: l. 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).
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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: l. 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 ΔG0

f 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: l. 113):

“Propagate errors from data (where available) and parameters to predictions.”

to (new: l. 113):
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“Propagate errors from data (only for ΔG0
f ) and parameters (all target variables) to

predictions.”

2. 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.

3. Q: L153-155: I 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 l. 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.

4. Q: L176: check package name

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

5. 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: l. 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 l. 210 (old; new: l. 210):

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

6. 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
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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 dataset because
this strengthens the results from the model evaluation.

7. 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 l- 209 (old) should be (new: l. 209): “The number of obser-
vations assigned to the training dataset was defined as min(0.8𝑛, 𝑛max), …” (change
emphasized).

We corrected this error.

8. Q: L224-225: It is still not clear here how the test samples are being obtained?

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

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

A: The ELPD is defined in l. 227 (old; new: l. 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
in l. 228.

10. 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.

11. 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.

12. 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.

13. 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: l. 347 to 348; new: l. 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
l. 348 (old; new: 354) to clarify this.
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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 l. 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, ΔG0

f , H/C, O/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: l. 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, ΔG0

f , 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: l. 379 to 380; new: l. 385 to 386: We moved the ‰ sign in front of the parentheses.

2. old: l. 308; new: l. 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).
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