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Machine learning modelling is becoming popular for estimating agricultural and environmental properties from
their infrared spectra. Commonly in modelling with machine learning and in commercial software applications,
however, uncertainty estimates of the prediction are seldom reported. Uncertainty quantification of variables
predicted with infrared spectroscopy is yet highly relevant in a number of applications, such as in uncertainty
propagation analyses studies or for drug exposure detection. In this paper, we report on the development
and application of quantile regression forest to predict properties from infrared spectroscopic data along
with a sample-specific estimate of the uncertainty. Quantile regression forest is a machine learning algorithm
that builds on random forest and provides estimate of the mean but also of the full conditional distribution
of the predicted variable. We illustrate the algorithm with two chemometric applications and evaluate the
modelling approach for its ability for predict the variable of interest and quantify the uncertainty. Evaluation
involved usual validation statistics but also the validation of the uncertainty with the prediction interval
coverage probability calculated for various interval widths. We tested prediction and prediction uncertainty
quantification of two soil properties (cation exchange capacity and total organic carbon) as well as the dry
matter of mango. The results confirm the potential of quantile regression forests for prediction and uncertainty
quantification of properties predicted from infrared spectroscopy data. In all cases, the predictions were
accurate and sample-specific estimates of the uncertainty were obtained. Validation of the uncertainty showed
that the interval width was too large, thus overestimating the uncertainty for most intervals. Nevertheless, we
recommend its use for operational applications as well as in future software developments, in particular when
the data inferred by the spectroscopic model are used in other applications.

Pedometrics

1. Introduction from datasets that include hundreds to thousands of samples. In turn,

the spectra also comprise hundreds to thousands of variables which

Applications of regression techniques in spectral chemometrics are
concerned the calibration of models that can be used to accurately
quantify meaningful properties of a sample from its spectral fea-
tures [1]. In the past two decades, there has been growing interest in
the combination of sensing techniques with advanced data analytics
methods to analyze complex matrices or products in a time- and
cost-effective way. In soil science, for example, chemometrics and
absorption spectroscopy techniques are used to support the routine es-
timation of soil organic and inorganic components (e.g. N, P, K, cation
exchange capacity) [2]. Near-infrared spectroscopy, in particular, has
been widely used to determine chemical and physical properties of
food and agricultural products since the 80s [3], and now spans across
many fields with pharmaceutical, biological and cosmetics applications,
among others. Absorption spectroscopy models are typically calibrated

* Correspondence to: LISAH, 2 place Pierre Viala, 34090 Montpellier, France.

E-mail address: alexandre.wadoux@inrae.fr (Alexandre M.J.-C. Wadoux).

https://doi.org/10.1016/j.chemolab.2025.105473

are highly auto-correlated. To address this problem, multivariate data
analysis techniques were developed in chemometrics for quantitative
analysis of spectra.

In the literature, multivariate models were developed to relate
the concentration or amount of samples to their measured spectra.
Common prediction techniques are based on spectra dimensionality
reduction, such as in principal component regression and partial least-
squares regression [4]. These two techniques are the standard ones in
spectral chemometrics. High-dimensional spectra can also be reduced
into a smaller subspace of latent variables such as with principal
component analysis and wavelet transform [5], and then be used as
input to relatively simple model such as multivariate linear regression
and decision trees. Data-driven and algorithmic tools from the field of
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machine learning were also used for this purpose and are becoming
popular [6]. Example machine learning models are (deep) artificial
neural networks, support vector regression and random forest. These
models are particularly useful for finding pattern in large and complex
spectra data and for their predictive capability [7].

When an empirical spectral model is used to predict a property,
ideally such prediction should be accompanied with an estimate of
its reliability. In practice, uncertainty quantification is of fundamental
importance for setting reliable detection limits (e.g. for quality con-
trol or inspection of raw material) and for understanding how such
uncertainty propagates when predicted values are used for calibrating
other models. De Biévre [8] argued in this sense: a result without
estimates of uncertainty should not be published or communicated. It
seems, however, that uncertainty analysis of multivariate calibration
model prediction still lag behind, in particular in commercial software
applications.

Statistical models are by essence able to provide estimate of the
prediction uncertainty. In partial least squares regression uncertainty
in prediction have been calculated based on a linear approximation
of the vector of regression coefficients or by using bootstrapping and
jackknifing to obtain prediction confidence intervals [9]. Alternatively,
when assuming normality of the error the prediction intervals can be
constructed from the standard error of prediction and t-test statis-
tics [10]. These techniques are valid and useful but cannot always
be applied to machine learning models. To the best of our knowl-
edge, questions of uncertainty quantification of predictions made by
machine learning have been largely disregarded in the chemometrics
and applied chemistry literature.

Random forest (RF) is a form of machine learning based on decision
trees, has been used in several applications in chemometrics [e.g. by11-
13]. RF has attractive properties that can be exploited for uncertainty
quantification. Recent articles have shown that RF could theoretically
provide reliable prediction intervals. Briefly, RF combines several trees,
each built on a bootstrap sample of the original data and coupled
with a randomness component in the fitting of the tree. Meinshausen
[14] proposed quantile regression forest by modifying the output of
a random forest so that the spread of the property is quantified by
keeping the values of each node of each tree, from which predic-
tion intervals are constructed. Although machine learning models are
becoming popular in the chemometrics literature, quantile regression
forests for estimating the prediction and prediction uncertainty has not
yet been described and tested to date.

The purpose of this paper is to investigate the merit of quantile
regression forest to quantify the uncertainty of prediction from ab-
sorption spectroscopy data. We report the prediction results for two
soil properties predicted from their near-infrared spectra and one fruit
variable predicted from their visible and near-infrared spectra. We eval-
uate the quality of the predictions and capacity of quantile regression
forest to accurately predict the sample-specific uncertainty. The sample-
specific uncertainty is represented by the prediction interval width
and validated by indices that show the prediction interval coverage
probability of various interval widths.

2. Material and methods
2.1. Random forest

Random forest is an ensemble machine learning model that combine
multiple decision trees to make a prediction [15]. A single tree is built
by recursive partitioning of the training data into sub-regions using
a series of splitting rule. In the root node, the predictor part of the
training data is grouped into a single partition called the root node.
The predictor space composed of X, X5, -, X PRE then divided into two
distinct and non-overlapping regions R;, R, using a procedure called
binary recursive partitioning. Possible partitions are tested and evalu-
ated using a splitting metric and the best cut point ¢ for the predictor
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partition is determined. The residual sum of squares calculated by
assigning the mean of response value for the training observations in
each regions is often used as splitting metric [16, p. 306]. Once the two
partitions are determined, each undergo the same procedure in order
to split the training data and to minimize the splitting metric further.
The steps are repeated to grow a tree until a user-defined stopping
criterion is met. An common stopping criterion is the minimum number
of observation in the partition. For regression (i.e. for continuous
variables) the prediction is taken as the average of the observation
values present in the final node of the decision tree.

Decision trees are unstable because a small change in the training
data can result in a large change in the estimated tree. To reduce
the prediction error variance of a single decision tree, Breiman [17]
introduced bagging, which stands for bootstrap and aggregating. In this
procedure, an ensemble of decision trees are built based on a bootstrap
sample of the training dataset. Consider B bootstrap samples drawn
with replacement from the original training set, grow a decision tree on
each of the 1, ..., B subsamples and obtain B = K trees ¢;;k =1, ..., K.
Next the predictions of all individual trees are aggregated through
averaging and this average is taken as the prediction:

B
” 1 ”
Frag) = 3 b; oy 0. )}

Breiman [15] proposed random forest as a further improvement to
the bagging procedure. Consider a training dataset with a very strong
predictor, predictions from the bagged trees will be correlated because
most trees will use the same strong predictor in the top split. To address
this, the bagged trees are decorrelated by means of an extra random
perturbation during the splitting of the tree. For each partition, the
algorithm is allowed to consider only one of subset m predictors from
the total set of p predictors. Typically p is approximately as the rounded
down square root of the total number of predictors (i.e. p ~ | /p|). The
random forest estimate f(x) is taken as the average of the individual
trees prediction.

2.2. Quantile regression forest (QRF)

The random forest estimate f(x) is an approximation of the condi-
tional mean E[Y|X = x] by averaging the observations of the response
Y in the final node (i.e. the leaves). Meinshausen [14] introduced
quantile regression forest (QRF) that does not average the observations
of the response Y but instead keeps the distribution of all observed
values of the leaf of each tree in the random forest. It thus reports
the conditional probability function on which we can calculate the
percentiles. The QRF procedure is summarized in Fig. 1.

Consider the conditional probability function F:

F(y|X =x)=P(Y <y|X =x). 2

Knowledge about this function enables calculating the a quantile de-
fined as Q,(x) so that the probability of Y being smaller than Q, is
approximately equal to « at x. Using « and F one can determine the
quantile boundaries which results in «a;,,,., = % and a,,,,, = 1% for
the lower and upper boundaries, respectively. The prediction interval
for width p (hereafter p-PI) can then be computed by:

0 ]. 3)

In Meinshausen [14] the function F is estimated in two steps. In
the first step, the weight of a single tree is calculated as the proportion
of the response observations in the terminal leaf, relative to the total
number of observations that are present within the same leaf. In a
second step, the weights of all trees are aggregated to construct the
empirical conditional cumulative distribution function F. Meinshausen
[14] defines this function from the distribution of the training data
within each leaf as:

p—PI(x) =[0Q

Xower” = Aupper

FOIX =x) = Y wi()y,qp) &)
i=1
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Fig. 1. Example visualization of a quantile regression forest model with three repetitions of the bootstrap from the original dataset. For an observation y; the calculation of the
weights at the leaves that the observation falls in is illustrated as well as the estimation of the conditional quantiles from which the prediction intervals and mean prediction can

be derived.
Source: Adapted from Nussbaum [18].

where the indicator 1 determines whether the weights are counted or
not, depending on Y; < y. Thus, E(L{y,;|X = x) is the weighted mean
over the observations of 1y, and the weights are defined as the
average of the weights w;(0) for a collection of K trees:

t
w0 = 1 Y w,(x,0), ®)
t=1

where 6 is a parameter vector which determines how a tree is grown
and w;(0) is the weight of a single tree:

Ix i€Rs(x,0)

—_—— (6)
#j 1 X; € Ry

w;(x,0) =
where the weight is a positive constant if X; is part of the leaf £(x, 6)
and zero otherwise and #(x, 0) is the leaf (i.e. the terminal node) for
tree ¢(0,) Meinshausen [14] summarized the algorithm as follows:

1. Grow K trees ¢(6,) to create a random forest, but unlike random
forest, for every leaf and every tree keep all observations in the
leaf, not only the average of these observations.

2. For X = x drop x down to all trees in the random forest and
compute the weights for every tree (Eq. (6)) and compute the
average of w;(x, 6,) over all trees (Eq. (5)).

3. Compute the estimate of the empirical conditional cumulative
distribution function (Eq. (4)) and estimate the conditional quan-
tile O, (x) as inf{y : F(y|X = x) > a}.

2.3. Validation of prediction

Validation of the prediction is made using common statistical in-
dices using a 5-fold cross-validation strategy. The dataset was divided
into 5 approximately equally sized folds. Four of these folds were
used to fit the QRF model and predict the variable of interest on the
remaining fold. This procedure was repeated 100 times, each time
setting a different fold aside. For each validation fold the predicted

value by QRF was calculated and the error was derived by subtracting
the predicted values from their corresponding observed ones. The
predictions were plotted against the actual observations in a pair-wise
validation scatterplot and statistical indices of the overall error and
model performance were computed. We calculated the mean error
(ME), the root mean square error, the squared Pearson’s r correlation
coefficient (+?) and the Nash-Sutcliffe modelling efficiency (NSE). The
latter is defined as [19]:

Z?:l(yi - JA’,')Z
Z:‘:l(yi _;)2 '
where y denote the observed value of the property, j is its predicted
value by QRF and y denotes the mean of the observed values. The
NSE has an optimal value of 1 and it can be negative. It denotes

the improvement made by the model over using the mean of the
observations as predictor.

NSE=1- @

2.4. Validation of the uncertainty

To estimate the quality of the uncertainty quantification we used
the prediction interval coverage probability. Consider a p-PI defined
by the quantiles (1 — p)/2 and (1 + p)/2, the uncertainty is validated by
counting the occurrence of the observed values falling within the p-PI.
In statistical terms, let the fraction of occurrence within the quantile be
expressed

_ 1 -

&p ==Y e VYpelol], (8)
i3

where &(s;; p) is an indicator function given by:

0 otherwise

Eyisp) = (C)]
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For all p in the interval [0, 1] the value &(p) is plotted against the
nominal p value in a so-called accuracy plot [20,21]. The accuracy
plot shows the fraction of cross-validation observations within a p
interval, for various intervals. For example, for a 90% prediction in-
terval (i.e. p = 0.9), lower quantile is (1 — p)/2 = 0.05 and upper
quantile is (1 + p)/2 = 0.95, 90% of the cross-validated observations
should fall within this interval. A perfect modelling of the uncertainty
would therefore show the points on the 1:1 line in the accuracy plot
(i.e. &(p) = p). Above this line the uncertainty is over-estimated wheres
it is under-estimated if it falls under the line. Further, the values of
E(p) we averaged over 100 repetitions of the cross-validation, and these
iterations were used to construct a 90% confidence interval.

Finally, we identified the specific observations that fall outside the
interval width using the 100 repetitions of the cross-validation. For a
0.9 prediction interval, we counted the number of times each observa-
tion fall inside the prediction interval using an indicator function that
returns 1 if the observation is inside and 0 if the observation is outside.

2.5. Absorbance spectroscopic data

Soil data. We used the near-infrared dataset from the “Chimiométrie
2006” challenge [22]. The dataset consist of 825 reflectance spectra
of soil samples measured between 1100 and 2498 nm and recorded
at a resolution of 2 nm. The spectra were obtained from dried and
sieved soil samples collected within the cultivated areas of the Walloon
region in Belgium. Two soil properties are available with the reflectance
data: CEC (Cation Exchange Capacity in mmol(+) per 100 g of dry
soil) and TOC (Carbon in percent mass). The reflectance spectra were
resampled to a resolution of 5 nm. The spectra were then pre-processed
with a standard normal variate (SNV) transformation followed by a
Savitky-Golay first derivative with a window of 25 nm and a first order
polynomial. An example of 5 pre-processed spectra (out of the 825) is
shown in Fig. 2.

Mango data. The mango dataset [23] consists of 4675 visible and
near-infrared spectra. The apparent absorption spectra were collected
between 300-1100 nm and recorded at a resolution of 3.3 nm following
the protocol described in [23, section 2.1]. The dry matter content
(DMC, % fresh weight) of mango fruit is provided in the dataset. The
dry matter content was obtained through dehydration for 48 h at 65 °C.
The near-infrared spectra were resampled to a resolution of 3 nm,
and pre-processed with a SNV transformation followed by a Savitky-
Golay second derivative with a window of 51 nm and a second order
polynomial. An example of 5 pre-processed spectra (out of the 4675) is
shown in Fig. 2.

2.6. Outlier analysis

An outlier detection was applied by projecting the pre-processed
spectra onto their principal components (PC) space using PC analysis.
The components that explained more than 1% of the original spectral
variance were retained. The Mahalanobis distance (MD) from every
observation to the center of the data was computed on the PC scores
space. Samples that showed MD values larger than 3 were considered
as outliers and removed from the analysis. A total of 5 observations
were removed for the soil dataset and no observations were removed
for the mango dataset.

2.7. Practical implementation

The analysis was done in the R programming language [24]. Pre-
processing of spectra was done with prospectr package [25] and outlier
detection using the resemble package [26]. Fitting of the quantile
regression forest was made with functions available in the ranger
package. The number of trees was fixed at 150, whereas the two other
user-defined QRF parameters, the minimum terminal node size and
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Table 1

Validation statistics (mean + standard deviation) obtained over 100 repetitions of the
cross-validation procedure, for the two soil properties (Cation exchange capacity in
mmol(+) per 100 g of dry soil and TOC in percent mass) and the dry matter of the
mango in % fresh weight.

ME RMSE r NSE
Soil TOC —-0.02 + 0.01 0.7 + 0.03 0.92 + 0.1 0.84 + 0.01
Soil CEC —0.06 + 0.04 3.7 £ 0.1 0.81 + 0.14 0.65 + 0.02
Mango DMC 0+0 0.77 + 0 0.95 + 0.03 09 +0

mtry (i.e. the number of covariates to randomly select at each split
of the tree) were set to 5 and 80 respectively. All validation statistics
were computed by averaging 100 repetitions of the cross-validation
procedure.

3. Results and discussion
3.1. Modelling results

Table 1 shows the validation statistics of the QRF prediction for
two soil properties (CEC and TOC) and the mango DMC. Note that
we report the average of 100 repetitions of the cross-validation along
with the standard deviation of the repetitions. Table 1 shows that
the predictions have little bias (ME is close to zero in all cases). The
Pearson’s r correlation coefficient show that predictions have a strong
linear correlation with the observed values in all cases. The best results
are achieved for the mango data, where the NSE is 0.9, but good to
excellent results are also obtained for the soil dataset (NSE is 0.65 and
0.84 for CEC and TOC, respectively).

These results are comparable or superior to previous studies us-
ing the same dataset and a different modelling strategy. For the soil
dataset and the TOC property, Pierna and Dardenne [22] reported a
RMSE values between 0.43 and 1.48 for different modelling strategy.
The lowest RMSE was achieved in their case with a local modelling
whereas the standard partial least square regression yielded a RMSE of
1.14. Minasny and McBratney [27] reported a RMSE of 0.35 and 0.76
for modelling with cubist and treenet, respectively. For the property
CEC we obtained better or slightly better results than previous studies.
For example, Pierna and Dardenne [22] reported RMSE values between
3.3 and 5.3 whereas Minasny and McBratney [27] obtained values
between 5.4 and 10.5, which is to be compared with our RMSE value
of 3.7. The modelling of the mango dataset yielded better results that
all the tests conducted in Anderson et al. [23] for various modelling
strategies (partial least squares, neural networks, and various validation
tests). The RMSE value of 0.7 that we obtained is lower in 23 out of
the 24 modelling strategies that they tested. We also achieved better
results for the mango dataset that Diaz et al. [28] in which they found
a RMSE of 0.93, 1.02, 0.87.

3.2. Uncertainty quantification

The scatterplot of predicted versus observed values along with the
estimated uncertainty is shown in Fig. 3. The grey bars indicate the
90% prediction interval characterized by the 0.05 and 0.95 percentiles
whereas the coloured bar indicates the 50% interval (i.e. the 0.25 and
0.75 percentiles). The colour represent the proportion of observation
in the validation set falling within the 50% prediction interval, for 100
repetitions of the cross-validation. Fig. 3 confirms the statistics reported
in Table 1. The predictions have no bias but a smoothing occurred
where small values are slightly overestimated while large values seem
underestimated.

Overall, Fig. 3 shows that some data points are better predicted than
others, because the 50% and 90% prediction intervals vary greatly in
length. This might be due to the hyperparameter combination, which
we discuss later in this manuscript. The figure also further indicates
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Fig. 2. Example set of five pre-processed spectra for the soil and mango datasets. The spectra were selected from the whole dataset using Kennard-Stone sampling.
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Fig. 3. Scatterplot of predicted versus observed values for the three properties. The grey bars indicate the 90% prediction interval whereas the coloured bar indicates the 50%
interval. The colour represent the proportion of observation in the validation set falling within the 50% prediction interval over 100 repetitions of the cross-validation.

that most points systematically fall within the 50% interval (i.e. the
proportion being 1). Few points are nearly always outside the predic-
tion interval (yellow colour). Grey error bars that do not cross the 1:1
line are also outside the 90% prediction interval.

Fig. 4 shows the ordered predicted values along with the pre-
dicted value and the prediction intervals, for various prediction interval
widths. The upper plots show that the interval width may vary greatly.
For the soil properties CEC and TOC, the interval width changes, which
indicates that some values are more accurate than others. There is no
clear pattern of increasing the interval width for larger values of CEC
or TOC. A different pattern is observed for the Mango DM, in which the
interval width seem nearly constant. This indicates that most values are
predicted with similar accuracy.

The bottom plots of Fig. 4 show the ordered predicted values against
the predicted values and prediction intervals subtracted from the mean
value of the dataset. Two observations can be made. The first is that low
values of soil TOC have a much wider prediction intervals (e.g the 50%

interval in yellow) than the rest of the data, but that the interval widths
increases for large values of TOC. The second is that, conversely, the
soil CEC have an opposite pattern: large values of soil CEC have wide
intervals and interval width tends to increase for small values of soil
CEC. This results indicates that, for TOC, small values that are poorly
predicted are below the detection limit of the spectroscopic model.
The detection limit is the lowest detectable amount of a property of
a sample given a method [29]. In our case, Fig. 4 shows that this
detection limit is about 0.4% of organic carbon, which is much below
the results reported in the literature [e.g. for organic matter30]. An-
other explanation for the large prediction intervals at low TOC values is
because of measurement error of the TOC data used to fit the model, in
which case the TOC measurement are below 0.4% are too inaccurate to
be used in model fitting. For CEC, the large prediction interval width for
large values of CEC can be explained by the smoothing that is observed
in Fig. 3: large values are strongly underestimated .
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Fig. 4. Ordered predicted values against their nominal value. The black line is the mean predicted values and the colour indicates the prediction intervals, for 5 interval widths.
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Fig. 5. Accuracy plot of the prediction interval versus the proportion of values falling within the interval, for various interval widths. The shaded area is the 90% confidence

interval of the estimates obtained with the 100 repetitions of the cross-validation.

3.3. Validation of the uncertainty estimates

Fig. 5 shows that accuracy plots for the validation of the quantified
uncertainty along with the 90% confidence interval obtained by the
100 repetitions of the cross-validation. In general, the uncertainty was
overestimated. This was more pronounced for the mango dataset than
for the soil dataset. Overestimation was considerable between the 50%
and 80% prediction intervals. For example, in the 75% prediction
interval of the soil TOC dataset, nearly 87% of the observations in
the validation data would fall within this interval. Overestimation,
however, decreases considerably around the 90% prediction interval,
similar to what is usually reported in the literature [e.g. in]. For
example, Fig. 5 reveals that about 94, 92 and 95% of the observations
fall within this interval for TOC, CEC and mango DM, respectively.

Previous studies that quantify uncertainty for predictions from ab-
sorption spectroscopic models, usually disregard validation of the un-
certainty estimates. For example, while Skou et al. [31] reported pre-
diction intervals of urea concentrations obtained by partial least square
and near infrared spectroscopy but did not provided information on

the validation of such estimates. To our knowledge, reporting a vali-
dation of the uncertainty is still uncommon practice in chemometrics.
Validation of the uncertainty estimates is crucial so that end-users are
not over-confident about the predictions obtained with spectroscopic
models. The provision of an estimate of the prediction uncertainty
is relevant for many downstream applications which take as input
spectroscopically inferred data. In spatial modelling of soil properties,
where spectroscopic predictions are commonly used, for example, it is
common to propagate the uncertainty of the input data to the map-
ping product when it comprises both analytical and spectroscopically
inferred data. Uncertainty estimates of the input data, however, are
rarely available [32].

While QRF can provide prediction uncertainty estimates, we found
random forest to be sensitive to the choice of parameters. We tested
this by calculating the prediction NSE for various values of Mtry,
minimum node size and number of trees, for the three properties
investigated. The results for TOC (Fig. 6), CEC and DM (Supplementary
Materials) show a similar pattern. The model predictions are strongly
influenced by the minimum node size: the prediction benefits from a
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Fig. 6. Heat maps showing the sensitivity of the TOC prediction to the random forest parameters: the minimum node size, Mtry and the number of trees. nse: Nash-Sutcliffe

model efficiency coefficient.

small number of observations in the final node. The number of tree
and Mtry were less important but small value for these two parameters
were preferred. We did not test QRF on synthetic datasets. This is
because QRF has already been extensively evaluated in the literature,
both on real-world and synthetic datasets. For instance, the seminal
paper introducing the QRF [14] demonstrated the use of QRF through
experiments on well-known datasets. Another example is Vaysse and
Lagacherie [33] in which the performance of QRF for both prediction
and uncertainty quantification is tested to address geospatial prediction
of soil properties These studies, and others, rendered further synthetic
testing of the basic QRF behaviour in our study unnecessary.

4. Conclusion

The study evaluated the merit of quantile regression forest for
predicting properties from infrared spectroscopic data along with a
sample-specific estimate of the uncertainty. Quantile regression forest
was evaluated both in terms of prediction accuracy and quality of
the quantified uncertainty. Two public datasets comprising infrared
spectroscopic data coupled with either soil properties and mango dry
matter were used to test the algorithm.

The results showed that the prediction accuracy of the quantile
regression forest algorithm was high and similar or better than existing
results reported in the literature. More importantly, the algorithm
estimated the uncertainty of the prediction by providing the full con-
ditional distribution of the prediction from which quantiles can be
calculated. We found that some values were predicted with more
accuracy than others, and that large prediction intervals were obtained
for values that fell below the detection limit of the model. Finally,
validation of the estimated quantiles showed that the uncertainty was
overestimated, but that this overestimation was negligible for the 90%
prediction interval, which is the most commonly reported.

Machine learning is becoming popular for spectroscopic modelling,
but to date there are limited options to obtain sample-specific uncer-
tainty estimates of the predictions. Quantile regression forest can be
used for this purpose, thus combining the high accuracy of machine
learning algorithm and the capability of providing the prediction inter-
vals. Quantifying the uncertainty of the prediction is still uncommon
practice in spectroscopic modelling with machine learning, but is it
necessary in a number of applications where spectroscopically inferred
properties are used as input to other applications.
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