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1. Introduction

Near-infrared (NIR) spectroscopy has rapidly emerged as an indis-
pensable analytical tool, due to its rapid, non-destructive, and efficient
measurement capabilities [1]. This technology offers promising appli-
cations in the agri-food industry as almost every organic molecule ab-
sorbs in the near-infrared region [2,3]. An example is the analysis of
cannabis samples, where NIR spectroscopy enables rapid,
non-destructive assessment of chemical composition. The cannabis
production industry requires robust analytical methods to ensure
product quality, safety, and regulatory compliance [4]. The importance
of reliable and accurate analytical methods in this context cannot be
overstated, given the growing legal and commercial interest in cannabis
products. However, discrepancies in cannabinoid measurements be-
tween laboratories are a common issue in the cannabis industry, often
due to variations in testing methods, equipment calibration, sample
preparation or the instrument itself [5]. These inconsistencies can lead
to unreliable reports, impacting breeders, growers, and product label-
ling. The lack of standardisation in testing processes, including extrac-
tion solvents and chromatographic techniques, has been particularly
problematic in regions like California, where studies have revealed
significant variations in tetrahydrocannabinol (THC) and cannabidiol
(CBD) levels across labs [6]. These findings underscore the urgent need
for standardised testing procedures to ensure accurate and consistent
cannabinoid data.

In this sense, NIR spectroscopy can facilitate the control and deter-
mination of various compounds of interest in cannabis samples, eng-
lobed as cannabinoids, without the need for complex and time-
consuming sample preparation [7,8] in comparison to chromatog-
raphy [9]. However, despite its numerous advantages, NIR spectroscopy
is not free of challenges. One of the primary concerns in its application is
the presence of spectral measurement errors, which can significantly
impact the accuracy and reliability of analytical models [10].

Measurement errors in spectroscopy can arise from various sources,
including instrumental variability, environmental conditions, and sam-
ple preparation inconsistencies [11]. Most of the time analytical method
developers are primarily concerned with having consistent and repro-
ducible sample preparation and measurement [12]. When developing a
model for commercial use, two different approaches are often used to
overcome the challenges associated with inter-instrument variability
and measurement inconsistencies: global model building and calibration
transfer. Global models, the approach considered in this study, are
designed to accommodate data variability across multiple instruments,
enhancing their robustness and generalisability, which requires col-
lecting and including all the potential variability that could be found by
the model in its deployment, even including synthetic (or virtual) data
generated to simulate and generalise this variability [13]. Calibration
transfer techniques facilitate the application of a model developed on
one instrument to others without significant loss in accuracy, thus
enabling consistent performance across devices, which often require
complex ad hoc transfer methods [14]. Incorporating such strategies can
mitigate the impact of instrument-specific biases and improve the reli-
ability of multivariate predictive models.

Independently of the strategy used for developing these commercial
models, intended to be used on multiple instruments across different
locations and over time, it is essential to account for the magnitude of
measurement errors that may arise from variabilities between these
instruments. While previous studies have documented the variability
among different miniaturised NIR instruments [15-17], less attention
has been given to the variability within instruments of the same model.
Manufacturers often rely on users’ calibration validation to ensure
consistency between units [18]. However, even though the
inter-instrumental variability of NeoSpectra devices has been shown
[19], there is not much literature in this topic, suggesting that this issue
has not been thoroughly explored. This inter-instrument variability can
introduce significant discrepancies in spectral data, potentially leading
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to erroneous interpretations and conclusions. This variability can be
influenced by slight differences in optical components, electronic noise,
and manufacturing tolerances, which are even more critical in mini-
aturised or portable instruments [15]. Understanding and mitigating
these errors is crucial for ensuring the reliability and reproducibility of
NIR spectroscopy [11]. However, this aspect of instrument performance
is often not disclosed by manufacturers, as their goal is to build repro-
ducible instruments; overlooked by developers, as their goal is to offer
working models; and not observed by researchers, as they usually do not
have more than one instrument of the same model. Studying these errors
is essential for having a deeper understanding of the fundamental lim-
itations and potential improvements needed in the analytical
methodology.

This is, the magnitude of measurement errors, their structure and
sources, are key parameters to assess in analytical chemistry [16], and
here comes the importance of replicates. Replicates serve as a critical
tool for empirically estimating the precision of measurements, identi-
fying potential outliers, and estimating the uncertainty associated with
the different steps of the analytical process. The number and type of
replicates used in an analysis can profoundly influence the robustness
and reliability of the results. For instance, technical or instrumental
replicates, which involve repeated measurements of the same sample,
are crucial for quantifying instrument precision and detecting random
errors. In this study, only this type of replicates has been considered for
evaluating the instrumental measurement errors, avoiding the inclusion
of variability coming from other sources.

The importance of measurement errors does not only include data
acquisition, they have a big and often overlooked effect on the posterior
predictions of the models built. Partial least squares (PLS) is one of the
most used algorithms for regression model building; however, this al-
gorithm assumes the errors in the data to be independent and identically
distributed (known as the iid assumption). So, when the errors in the
data diverge from this assumption, the performance of the model de-
grades, in a way that it is not obvious to the analyst that this might be the
cause. The iid assumption for multivariate data can be broken in two
ways: the first is whether the errors are correlated between different
variables or wavelengths; and the second is heteroscedasticity, this is,
unequal variance in errors across different wavelengths. In addition,
measurement errors not only need to be iid, but they also need to be low.
When the prediction uncertainty of the model is assessed using the error
propagation approach or the error-in-variable (EIV) model, the estima-
tion described in Equation (1) is proposed:

52 =SEN s} + h SEN s + h s’ (Eq. 1)

where s% is the variance of errors in prediction or prediction uncertainty,
s2 is the variance of the error in the signal, sgcal is the variance of the
errors in calibration concentrations, and SEN is the sensitivity, calcu-
lated as 1/(b"b)/2, with b being the vector of regression coefficients of
the model [20]. Both the variance of errors (or uncertainty) in the signal,
both for the calibration set and the sample to be predicted play a major
role in the uncertainty of the prediction. And from this it can be
concluded that it is of outmost importance to study the signal mea-
surement errors in the model building process as, in the one hand,
approaching iid errors will improve the fit of the model, and on the other
hand, minimising the errors in the signal will significantly reduce the
uncertainty in prediction.

The objective of this study is to investigate the spectral measurement
errors associated with NIR spectroscopy in the analysis of cannabis, with
a particular focus on the variability among instruments of the same
model (NeoSpectra in this case), as it has been shown in literature that
studying these errors offers valuable insights about the measurements.
Recently, Gorla et al. [15] tried to reveal the error sources in one min-
iaturised instrument and used this information to determine different
properties of forage samples. Similarly, Ezenarro et al. [21] used the
measurement error study to compare different miniaturised NIR
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instruments, preprocessing methods and their performance in the clas-
sification of sweet and bitter almonds. And Wentzell et al. [22] studied
the error structures present in NIR spectra of wood samples for differ-
entiating tree species. They all concluded that optimal analytical stra-
tegies can be developed by studying the error structures present in the
data.

In addition, by examining the implications of these errors and their
behaviour with different spectral preprocessing methodologies, the
reliability and accuracy of NIR spectroscopy in this context may be
enhanced. Preprocessing steps, such as baseline correction, normal-
isation, smoothing or derivatives, are integral to the spectral analysis
process, often times they are used to improve the signal-to-noise ratio,
remove unwanted systematic variance such as the one caused by light-
scattering, or to enhance specific features of the data. Spectral pre-
processing also has an effect on the errors of the data, potentially min-
imising it and making it more iid, but at the same time it is susceptible to
amplifying measurement errors or removing relevant information if not
appropriately addressed. This is, the preprocessing step is a critical
component of spectral data modelling, and as such it must be carefully
addressed, even if usually a trial-and-error approach is used for their
exploration. Because of this, one of the aims of this study is to review and
propose tools for an objective approach to select spectral preprocessing
methods.

Ultimately, the goal of this research is to develop a more thorough
understanding of the factors that influence the accuracy and reliability
of NIR spectroscopic data acquisition and modelling, and to provide
practical solutions for overcoming these challenges. By systematically
investigating the sources of spectral measurement errors and the role of
replicates, with a special look at the effects of preprocessing, this work
intends to offer tools to release the full potential of NIR spectroscopy and
multivariate prediction models, thereby facilitating its adoption in the
cannabis industry and many other analytical settings.

2. Materials and methods
2.1. Instrumentation

Fifteen near-infrared spectrometers of the same model were used: the
FT-NIR NeoSpectra Scanner spectrometer by Si-Ware Systems (Menlo
Park, CA, USA). This device has the dimensions of 18.5 x 4.5 x 8 cm
with a weight of approximately 730 g, and it is a handheld portable
instrument. The spectra were acquired using the powder kit (Si-Ware
systems), which provides boron silicate Petri dishes where samples are
placed for measurement and an external blank reference tile that can
accommodate the difference in height between the scanner window and
the Petri dish. Boxcar Apodization function and 32,000 points for Fast
Fourier Transform were used to define Fourier transform setting in the
device. The instrument was adjusted to a blank reference approximately
15 min after the spectrometer was turned on, and then every 3 samples,
with the 99 % reflective ceramic standard tile provided by Si-Ware.
Spectra were acquired in the range of 1351-2559 nm, with 257 data
points and an average spectral resolution of 4.7 nm.

Based on these measurements, virtual or synthetic instruments were
simulated using the NeoSpectra Generaliser algorithm v1.0 [23]. This
algorithm was built using a function set that modifies the known pa-
rameters affecting the spectra (Table 1). In summary, the algorithm
inputs the spectra of the real scanners, reads the Scanner ID and creates a
defined number of virtual devices based on the scanner parameters in
the expected production variability, these device simulations are applied
to the spectra and synthetic spectra are created. The outcomes are the
spectra of the samples with small perturbations on the scanner param-
eters. The spectral conversion process may include multiple spectral
effects such as resolution variations simulated by convolution with the
instrument line shape function, wavelength errors by adding systematic
or random shifts on the wavelength vector of the data, photometric er-
rors and scaling factors, different levels of noise (additive or
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Table 1
Characteristics of the spectral sensors extracted by the algorithm.
Characteristics Description
SNR Random values on y-axis with wavelength dependence
Wavelength Random values on x-axis with wavelength dependence
repeatability

Wavelength error Shift in X-axis with zero, first or higher order dependence

on wavelength

Attenuation of the single wavelength line interferogram

with optical path difference. The attention is a function of

wavelength

Shift in y-axis with zero, first or higher order dependence

on wavelength

Back reflection/offset Offset and scaling in y-axis with zero, first or higher order

signal dependence on wavelength

Temp. variations Variation in light modulation components or

photodetector wavelength response versus temperature

Self-apodization

Baseline shift

multiplicative correlated or uncorrelated with the signal),
back-reflection and Etalon fringes, baseline shifts, self-apodization ef-
fects, absorbance scaling (light penetration depth variations), sample
interface effects leading to multiple reflections of the light and envi-
ronmental effects leading to temperature variations of the components.

2.2. Samples

The samples and measurements included in the dataset used for this
study were extracted from a bigger dataset created by Valenveras S.L. for
building cannabinoid content prediction models. Therefore, most of the
provided data were not included and only the samples measured in most
or all of the instruments were retained to build the dataset, as shown in
Fig. 1. The set of samples consisted of 31 Cannabis sativa samples, dried
and grinded individually before the measurements to be homogeneous
in composition and particle size. The measurements were performed in
random order in several analytical sessions but in continuous days, so
the possible degradation of the samples was minimal. Six repeated
spectral measurements were acquired each time a sample was placed on
an instrument (instrumental replicates). Also, the time between the
spectral measurements and posterior measurement by the reference
method was minimal. The reference method to determine the cannabi-
noid content (THC and CBD) was High Performance Liquid Chrom
atography with Diode Array Detector (HPLC-DAD) as described by
Aizpurua-Olaizola et al. [24] performed by Sovereign Fields S.L.

The samples used, described in Table 2, were representative for the
prediction model’s scope. This is, samples with high CBD content, used
for medicinal purposes, samples with high THC content, used for
recreative purposes, and samples with low CBD and THC content,
intended for industrial use, were included in the set of samples [6].
However, the cannabinoid samples with high CBD and THC concentra-
tion are underrepresented, and low concentration samples over-
represented in the model (as shown by the median values in Table 2),
thus reflecting the reality of random sampling.

2.3. Statistical data analysis

MATLAB R2022b (Mathworks Inc., Natick, MA, USA), PLS_Toolbox
v9.2 (Eigenvector Inc, Manson, WA, USA) and ProSpecTool v1.0 [25]
were used for data analysis. Data were organized in a structure resem-
bling the table in Fig. 1, where each cell contained a matrix with 6
instrumental replicates x 257 wavelength variables, in order to easily
restructure the data for the different studies. Error Covariance Matrices
(Zeov) and the Diagonality Index (DI) were calculated using in-house
routines.

Different spectral preprocessing techniques were iterated, using all
combinations contemplated by the ProSpecTool: gaussian smoothing,
Savitzky-Golay smoothing and first and second SG derivatives (different
order polynomials and window sizes), detrending, asymmetric least
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Fig. 1. Representation of the dataset containing the available measurements for each sample and instrument, where each cell represents six instrumental replicates of

the NIR spectra.

Table 2
Chemical properties of the samples under study.

Compound Range Median Standard deviation
Total CBD content 0.01-22.74 % 6.53 % 7.32
Total THC content 0.04-26.53 % 1.10 % 8.27

squares baseline correction, standard normal variate (SNV), autoscaling
and their combinations. After spectral pre-processing, data were finally
mean-centred in all calculations. The models were built after averaging
the measurement replicates and validation metrics were obtained using
random subsets 5-fold cross validation. The number of latent variables
(LVs) for each model was automatically selected based on the minimal J-
Score [26].

2.3.1. Error covariance matrix

The error covariance matrix (Zcov) and its normalised form, the error
correlation matrix (Zcorr), are a practical way to characterise and visu-
alise multivariate measurement errors, by describing the relationships
between measurement errors across the different variables, in this case,
wavelengths [16,27]. Both X are symmetric matrices, in the case of Z¢oy
the diagonal elements contain the variance of the measurement error at
each channel and the off-diagonal elements contain the covariance of
the errors between pairs of variables. For X the diagonals are cor-
relations of variables with itself (this is, equal to one) and off-diagonal
elements represent the correlation with other variables. The X are usu-
ally graphically depicted, allowing for a visual analysis that reveals
valuable insights into the magnitude and types of errors present [15,21].
This also serves as a crucial tool for identifying the underlying structure
of the measured errors (such as constant or proportional errors), which
can illustrate the selection of the optimal data preprocessing method. In
cases where there is limited prior knowledge about the nature and
structure of errors within a measurement, such as in this study involving
miniaturised instruments and simulated spectra, the X are derived from
an experimental estimation method that relies on analysing replicate
measurements. This method involves estimating the (approximate) true
spectrum of a sample by calculating the mean of its spectral replicates
[15]. Subsequently, a residual matrix is obtained by subtracting this
estimated true value from each replicate spectrum. Finally, the error
covariance matrix is computed as the covariance of these residuals, as
illustrated in Equation (2):

1 n

2oy :m ; (X — X)T(Xk — X)

(Eq. 2)
where X,y is the covariance matrix of the ith sample, n is the number of
replicates of the ith sample, Xj is the measured spectrum of the kth
replicate for the ith sample, and X is the mean spectrum of n replicates.

However, the covariance matrix is influenced by the magnitude of
the variances, which can complicate its visual interpretation, especially
when few channels exhibit significantly higher variances (for instance,
certain wavelengths with much lower precision compared to others).

This can mask variations among other channels [15,21]. To address this
issue, the covariances can be normalised to correlation values, thus,
calculating the error correlation matrix by scaling the variances, elimi-
nating the impact of varying magnitudes. The error correlation matrix,
with values normalised between +1 and —1, represents the correlation
coefficients derived from the covariance matrix and is calculated as
shown in Equation (3).

Zcorr:Ecov -/\/diag(zcov)diag(zcov)T (Eq 3)

Unless the number of replicates for a sample is high enough to
confidently describe the normal distribution of errors (which is not
usually the case), the error covariance matrix has a certain degree of
uncertainty. For this reason, it is important to have a sufficient number
of replicates or otherwise to pool the error covariance over different
subsets by taking the mean of all covariance matrices (Zpooted). The
pooling solution is generally preferred with NIR spectra because the
measurement errors do not significantly change for the same types of
samples [27]. In our case, covariance and correlation matrices were
pooled over the different instruments, the different cannabis samples or
both, depending on the objective.

2.3.2. Integral Error Correlation Index

In this work a new index is presented with the aim of simplifying and
objectivising the analysis of the error correlation matrices. This index,
the Integral Error Correlation Index (IECI), is a comprehensive metric
that seeks to quantify the correlation between errors in the dataset with
a single value.

For the calculation of the IECI, firstly, the Error Correlation Distri-
bution (ECD) is calculated. This is a vector containing the sum of values
of the off-diagonals in the correlation matrix, as a function of the dis-
tance from the diagonal of the matrix (illustrated in Fig. S1). It can be
mathematically described as shown in Equation (4):

ECD(i) =, [eone(jsi—j+1)] (Eq. 4)

Then, based on the ECD, the IECI is calculated as a ratio of areas
under the curve between the area of the ECD and the area of what would
be the ECD of a fully correlated matrix. This is equivalent to the average
value of the elements of the X, after removing the diagonal, which can
be mathematically described as shown in Equation (5):

S Beor (i) — X Beon (i)

= N —N (Eq. 5)

>, ECD(i)
IECI= lz’“i
i=1
This is an index that ranges between 0 and 1; the higher the IECI, the
closer the correlation distribution to a matrix with fully correlated errors

(non-iid); the lower the IECI, the closer the correlation distribution to a
matrix with fully random errors (iid).

2.3.3. Partial Least Squares regression (PLSR)
PLS regression is a supervised multivariate method used to model the
relationship between a set of predictor variables (X) and response
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variables (Y). PLS regression reduces the dimensionality of the data by
projecting both X and Y onto a new set of latent variables, called factors,
which capture the most relevant variance in X for predicting Y. In this
study, PLS regression was employed to model the relationship between
the NIR spectra of cannabis samples (X) and the cannabinoid content
(Y), and the number of latent variables was chosen taking into consid-
eration the minimum value for the J-score, as explained in Ezenarro
et al. [26].

3. Results and discussion
3.1. Study of error sources

When a spectral dataset is obtained, different properties can be
explored considering different types of replicates. This is, if only
instrumental replicates of the same sample are considered, the only error
shown is the instrumental. However, by comparing same samples in
different instruments or same instruments in different samples the
population of instruments or population of samples can be explored,
respectively. And this can be done using error covariance matrices.

The first thing to deduce from Fig. 2 is that error covariance matrices
are complex but can offer considerable information; therefore, they can
be used as a basic data exploratory tool. It can also be concluded that, as
expected, if many more virtual than real instruments are included in the
dataset, the characteristics of the virtual instruments will overcome the
real data and their properties, even in the error (third column in Fig. 2).
Therefore, it is paramount to make sure that the real and simulated
measurements have similar properties. By looking at the errors between
instrumental replicates (first row of Fig. 2), it can be seen that they have
quite similar but not equal structures. All of them present a high cor-
relation peak in the centre of the spectra, which is related to a water
band. This reflects the issue that as the sample is measured, it is heated
by the NIR light source, causing systematic variance on this band. On top
of that, the virtual instrument replicates have high variance at the
beginning of the spectra (lower left corner), which may come from some
sort of extrapolation, also called “tail effect”, and in general, causing
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higher variance and covariance values than the real measurements in
this part. In practice, this would mean that the optimal preprocessing
method (the preprocessing method that equalises instrumental repli-
cates) may not be the same for real or virtual instruments; and consid-
ering all together, as virtual instruments have a higher weight due to
their number, the method that minimises errors caused by this “tail ef-
fect” may prevail, even if in real instruments it is not needed.

Regarding the errors between instruments considering the same
samples (second row of Fig. 2), both real and virtual instruments have
the same structure and scale in the covariance matrix. This was ex-
pected, as the generalisation algorithm used to simulate the new in-
struments emulates the population of real instruments. In this sense, the
generaliser works, and the preprocessing would affect real and virtual
instruments in the same way. However, by looking at the error between
samples (third row of Fig. 2), it can be seen that real and virtual in-
struments covariance matrices differ in both structure and scale. It must
be noted that while the previously discussed matrices only contain
variability coming from systematic and/or random sources, the vari-
ability described in these matrices is also related to chemical informa-
tion, this is, the differences in sample composition. It can be seen that
even if the underlying structure may be similar, the virtual instruments
add a significant amount of variability at the end of the spectra (top right
corner), which cannot be related to the chemical properties of the
samples. Therefore, it can be concluded that this generalisation algo-
rithm (for this experimental design and using this version of the gen-
eraliser) does not preserve the properties of the measurements in the
variability augmentation process and that the real and virtual in-
struments may offer non-equivalent measurements. And as stated above,
using more virtual instruments than real ones overcomes their charac-
teristics, so, for the proper characterisation of the measurement errors
and their implications in preprocessing and subsequent modelling, only
real instrument measurements will be considered from now on. This
proves the use of error covariance matrices as a basic data exploration
tool.

Coming to the real instruments, even if the manufacturers state
similar quality and characteristics for all the instruments of the same
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Fig. 2. Error covariance matrices for the real, virtual, and real and virtual instruments considering different types of replicates: instrumental, between instruments,
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model, variations in producing and assembling the components may
lead to variations in the measurement and performance of the in-
struments [19]. As the 15 instruments used in this experiment were the
most extreme production cases found by the producer, to explore their
differences, covariance and correlation matrices for the instrumental
replicate errors were calculated for each of the 15 individual in-
struments. Covariance matrices (Fig. S2) show that the scale of the errors
is similar for each instrument, however, Instruments 1 and 13 show
unexpected variance at the errors of the final part of the spectra. Looking
at the correlation matrices (Fig. 3) it can be seen that there are different
structures in the correlation matrices for the different real instruments.
For instance, instruments, 2, 3, 6, 11, 12 and 15 have similar structures,
even though there are differences in scale. And the other instruments
have different or additional error structures.

As a final point for the discussion of the measurement errors,
described in both Figs. 2 and 3, it must be noted that even though they
primarily highlight inter-instrument differences, other factors such as
experimental procedures, equipment stability, environmental condi-
tions, and operator handling, can also contribute to the observed bias.
Differences in sample preparation, environmental fluctuations, and
equipment drift may further affect data consistency. Here instrument
variability is discussed as these additional factors were minimised
through standardised procedures and stable measurement environment,
which prove crucial for improving calibration model robustness and
reliability over time.

3.2. Implications of preprocessing on errors and modelling

The preprocessing of spectral data is a fundamental step in the
development of analytical methods, where measurement conditions
may significantly affect the registered spectra. Selecting an appropriate
preprocessing method can have varying impacts on the measurement
errors inherent in the data, complicating the subsequent data analysis.
Errors can propagate through the analysis pipeline leading to biased
models and unreliable predictions, so effective preprocessing should
reduce these errors and enhance chemical information, improving
model performance.
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3.2.1. Development of a metric

Preprocessing methods, as data transformation methods, have an
impact on the measurement errors, and therefore, in error covariance
and correlation matrices. Some researchers have relied on visual in-
spection of these matrices based on trial-and-error approaches to eval-
uate the impact of different preprocessing techniques [15,21], which is a
time-consuming and often subjective approach. While these methods
can provide useful insights, they are inherently limited by their reliance
on human interpretation, which can introduce bias and reduce repro-
ducibility. Moreover, this approach is impractical when many pre-
processing methods are being compared.

To address these challenges, there is a need for the development of an
objective, quantitative metric that can systematically evaluate the im-
plications of preprocessing or any other change on the measurement
errors, and therefore, the effectiveness of these preprocessing methods
and potentially the identification of the ideal one.

The key aspect that this metric should capture is the degree of cor-
relation of the errors in the data. Because, as explained, the correlation
of errors will deteriorate the performance of regression models such as
PLS. This is, the metric should therefore quantify the degree of diago-
nalisation achieved in the error covariance matrix, as a diagonal matrix
(where off-diagonal elements are minimised) indicates that errors are
uncorrelated and the data is less prone to model bias. However, as per its
nature, NIR signals have high multicollinearity, this is, there is a high
correlation between neighbour wavelengths. This should be taken into
consideration if the error correlations are of close-by channels, meaning
that they belong to the same peak and could be a systematic shift, or if
they are distanced, meaning that they should be uncorrelated. To
explore this, the error correlations shown in the X o can be added
together as a function of their distance to the diagonal of the matrix,
mathematically described in Equation (4) and defined as Error Corre-
lation Distribution (ECD), shown in Fig. 4. This is, correlations are
summed based on the distance between the two correlated wavelengths;
close neighbours are expected to have higher correlations than distanced
neighbours.

On the one hand, if the errors were fully correlated, the ECD curve
would be totally diagonal (shown in Fig. 4 as a black dotted line), as the
maximum value that can be achieved for each off-diagonal is the number
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Fig. 3. Correlation matrices for the errors between instrumental replicates for each of the 15 real instruments, calculated with the same 31 samples. Axes correspond

to wavelengths (nm).
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of elements in that off-diagonal. On the other hand, if the errors were
totally independent, the ECD curve would lay as a constant line on zero,
which is virtually impossible due to the nature of NIR signals. As it can
be seen in Fig. 4, the datasets after different preprocessing methods can
have very different ECD profiles, going from a low almost asymptotic
line to a high almost diagonal line. And even if observing at the ECD
profiles facilitates the exploration of the effect of different preprocessing
methods on the measurement errors, this still relies on a subjective
evaluation. To convert these ECD profiles into a quantitative metric, the
area under these curves can be used. If the area (sum of values) of the
ECD curves is compared to the area under the diagonal, a metric can be
proposed to quantify how close a certain ECD corresponding to a certain
preprocessing method is to the totally correlated errors situation. This
metric, which is equivalent to the average value of the X, after
removing the diagonal, is mathematically described in Equation (5),
defined as the Integral Error Correlation Index (IECI). Each ECD curve in
Fig. 4 is coloured based on their IECI value: the lower the IECI value the
closer to the independent error situation, and therefore, a potentially
better preprocessing method.

Moreover, while it is essential to reduce errors and correlations, it is
equally important that the preprocessing method preserves the infor-
mative signal within the data. Excessive smoothing or aggressive base-
line correction, for example, can diminish the spectral features that are
critical for accurate prediction models. This balance between noise
reduction and signal retention is vital for maintaining the integrity of the
data and ensuring that the models built on these data are both accurate
and reliable.

3.2.2. The IECI as a model complexity and performance indicator

The correlation of measurement errors and their structure directly
affects regression algorithms like PLS (that assumes the errors to be iid),
and can significantly impact the accuracy, robustness, and predictive
power, this is, the performance of the resulting models [20]. Therefore,
the IECI, as a quantitative metric of errors correlation, could be an in-
dicator of the performance of the subsequent model. This index could
serve as a preliminary tool for evaluating the effectiveness of different
preprocessing methods in terms of their ability to reduce error correla-
tions and, by extension, improve model performance. For instance,
preprocessing methods that produce data with low IECI values are more
likely to result in simpler, more robust PLSR models with fewer latent

IECI
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Fig. 4. The ECD curves of the datasets preprocessed with different methods,

coloured by their IECI. The ECD profile of a fully correlated X, is represented
in a black dotted line.
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variables, as the covariance structures are easier to explain. These
models are not only easier to interpret but also more likely to generalise
well to new data, which is a key consideration in the development of
reliable analytical methods.

To explore the relation between the IECI and the model performance,
the RMSEcy of each PLS model built for each preprocessing method was
plotted against their IECI, for different number of LVs (coloured based
on the optimal number of LV selected using the J-score [26]) for total
CBD prediction, shown in Fig. 5 (and for THC in Fig. S3).

As these figures show, the fulfilment of the iid assumption (lower
IECI) is related to the simplicity of the regression models, even if it is not
a perfect correlation. This is, the higher the IECI, the more components
needed to model the data and to obtain an ideal or equivalent perfor-
mance, as already described by Allegrini and Olivieri [20]. This postu-
lates the IECI as an exploration tool for raw and preprocessed data
before modelling and before looking at its correlation with the depen-
dant variable. This is precisely one of the strong and weak points of the
IECI at the same time: not needing to consider the dependant variable
makes this an ideal tool for studying properties of the measured data
independently of the model; however, not considering the dependant
variable means that the data properties may have different implications
on the modelling of different parameters.

To better study this relationship between the IECI, model perfor-
mance and used preprocessing methods, these are represented in Fig. 6
for the first LV (and the same for THC prediction models in Fig. S4).
Before discussing this relationship, it must be noted that this dataset, as
determined by the methods described in Ezenarro et al. [25], is noisy
and both additive and multiplicative scatter effects are present. This
means that much of the variance in the raw data comes from sources not
related to the chemical properties of the samples. Usually, several pre-
processing methods are needed to minimise this trivial variance and
reveal the chemical information. The first conclusion is that there are
two groupings, one on the left that has a high IECI vs RMSE correlation,
and another one in the right, not showing this pattern. For the first group
it can be concluded that derivatives play a major role in this dataset, as
they remove noise and increase variations describing peak features, the
error correlation (IECI) decreases, also enhancing the chemical infor-
mation, thus, forming this correlation. Looking at Fig. 6b, instead, the
reason of the second grouping is revealed: these are the models that
include the AsLS baseline correction with a second derivative, that
instead of enhancing chemical information, may also enhance correlated
noise. However, the rest of sample-wise normalisations do not differ
from the tendency described before, each of them forms a line corre-
lating the IECI and the RMSE and there is not much difference between
them. This is expected, as SNV and detrending, for instance, only aim at
removing the scattering effects of the data.

However, the conclusion is not necessarily that the IECI predicts the
performance of the model, even if for this dataset they are correlated.
This could mean that this dataset, having so much trivial variance (not
caused by the chemical composition of the samples), benefitted from
heavy preprocessing, and this at the same time reduces the IECI, and
reveals the chemical information, improving performance (RMSE). But
this may only be true for the preprocessing methods that really enhance
chemical information and not noise or unrelated variance, each case
should be thoroughly explored.

This also suggests that the IECI is not just a data exploration tool, the
IECI can also be integrated into the model selection process. During the
initial stages of model development, different preprocessing methods
can be applied to the spectral data, and the resulting IECI values can be
calculated. Preprocessing methods that minimise the IECI should be
prioritized for further model development, as they are likely to reduce
the propagation of measurement errors and improve the overall model
performance. This approach allows researchers to systematically and
objectively select preprocessing methods that optimise the balance be-
tween error reduction and signal preservation, leading to more accurate
and reliable predictive models.
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In addition to guiding the selection of preprocessing methods, the
IECI could potentially be used to monitor model performance during the
calibration process. As models are iteratively refined and validated,
changes in the IECI can indicate whether the preprocessing and
modelling steps are effectively managing the error structures in the data.

For example, if the IECI increases during model development, it may
signal that the current preprocessing method is not adequately
addressing the error correlations, prompting a re-evaluation of the
preprocessing strategy.
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Table 3
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Properties of the models chosen as optimal for the prediction of CBD and THC content in cannabis. *Ratio of Performance to Deviation (values above 3 are considered
excellent predictive performance). "Range Error Ratio (values above 10 are considered good predictive performance).

Model Preprocessing LVs IECI RMSEcy J-Score RZy RPD? RER®
CBD Smoothing (SG 20 13p) 6 0.21 1.70 % 0.31 0.95 4.31 13.37
2nd Derivative
Detrending (10)
MC
THC Smoothing (SG 20 21p) 3 0.21 2.32% 0.27 0.93 3.56 11.42

1st Derivative
Detrending (20)
MC

3.2.3. Characteristic of the selected models

Lastly, as data exploration, modelling and model selection steps have
been described, the optimal models for total CBD and THC content
prediction are shown in Table 3. These models were selected based on
the metrics shown in Table 3 as well as previous expertise about the
data. As expected, the use of several preprocessing methods produces
the simplest (in terms of dimensionality) yet well performing models.
Both models show a low IECI (among the lowest 5 %), low J-Score
(within 0.05 points of the top J-Score models, which used 10 LVs), low
RMSE (also not differing from the top performing but more complex
models), and also a high determination coefficient. Looking both at the
Ratio of Performance to Deviation (RPD) and Range Error Ratio (RER),
both models are considered to have good predictive performance [28].

The results of this study demonstrate comparable predictive perfor-
mance and superior error metrics for both CBD and THC quantification
compared to those reported in recent literature employing NIR spec-
troscopy for cannabinoids. Notably, the prediction model for total CBD
content achieved an RPD of 4.31, indicating exceptional predictive ac-
curacy and error minimization. This significantly surpasses the RPD
values reported by Jarén et al. (2022) [29], who achieved an RPD
greater than 2 for CBD quantification using NIR spectroscopy. Similarly,
our THC model (RPD of 3.56) aligns closely with the findings of Su et al.
(2022) [71, who reported an RPD of around 3 for total THC quantifi-
cation in ground hemp samples.

The determination coefficients (R%V) of 0.95 for CBD and 0.93 for
THC in the presented models underscore a high level of calibration ac-
curacy, consistent with the values reported by Yao et al. (2022) [30],
who achieved R? values ranging from 0.91 to 0.95. Additionally, the low
RMSEcy values achieved in this study (Table 3), compared to those
presented in literature [7,29,30], reflect exceptional predictive capa-
bilities. Furthermore, the minimised IECI indicates consistent model
performance across varying instruments and sample conditions, signif-
icantly reducing the effects of measurement errors in practical
applications.

4. Conclusions

This study has underscored the critical importance of understanding
and addressing spectral measurement errors in the application of NIR
spectroscopy, particularly within the cannabis industry. These errors,
which can be attributed to many factors including instrumental vari-
ability, environmental factors, and sample preparation inconsistencies,
have a significant impact on the accuracy and reliability of the resulting
analytical models. Through the exploration of error covariance and
correlation matrices, this work was able to provide deeper insights into
the nature and magnitude of measurement errors, highlighting the need
for a more systematic approach to error analysis. This allowed for an
objective comparison between characteristics of different infrared in-
struments of the same model, as well as an evaluation of a generalisation
algorithm to introduce variance that could be found by the model in its
deployment.

One of the most significant contributions to this approach is the
introduction of the Integral Error Correlation Index (IECI), which

provided an objective metric to quantify the correlation of measurement
errors in the data, instead of just matrix visualisation as the literature
suggests. This index allowed for a clear comparison of the impact of
different preprocessing methods on the error structure, offering a
valuable tool for potentially elucidating best performance models. The
study demonstrated that preprocessing methods that produced data with
lower IECI values resulted in simpler, more robust PLS regression
models, as a consequence of the iid assumption fulfilment. This insight is
crucial, as it delves into the relationship between the efficacy of pre-
processing and the performance of the resulting model, offering a more
systematic approach to model development.

In summary, this study provides a comprehensive framework for
addressing spectral measurement errors in the acquisition of the spectra
and selecting optimal preprocessing methods in NIR spectroscopy. The
use of automated tools like the ProSpecTool, combined with the intro-
duction of the IECI, offers a powerful new approach to improving model
performance and reducing the uncertainty associated with spectral
analysis. These advancements are set to facilitate the adoption of NIR
spectroscopy in various industries, including the fast-growing cannabis
industry. They will contribute to the development of more accurate and
reliable analytical methods that can meet the demands of both regula-
tory authorities and consumers, as shown by the resulting cannabinoid
prediction models.
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