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Abstract

This study explores the application of Mid-Infrared (MIR) and Near-Infrared (NIR) spec-
troscopy combined with various multivariate calibration techniques to detect the presence
of cannabis in tobacco samples and tobacco in herbal smoking products. Both MIR and
NIR spectra were recorded for self-prepared samples, followed by data exploration using
Principal Component Analysis (PCA) and Hierarchical Clustering Analysis (HCA), and
the calculation of binary classification models with Soft Independent Modelling of Class
Analogy (SIMCA) and Partial Least Squares-Discriminant Analysis (PLS-DA). PCA demon-
strated a clear differentiation between tobacco samples containing and not containing
cannabis. On the other hand, based on PCA, only NIR was able to distinguish herbal
smoking products adulterated and not adulterated with tobacco. HCA further clarified
these results by revealing distinct clusters within the data. Modelling results indicated that
MIR and NIR spectroscopy, particularly when paired with preprocessing techniques like
Standard Normal Variate (SNV) and autoscaling, demonstrated high classification accuracy
in SIMCA and PLS-DA, achieving correct classification rates of 90% to 100% for external test
sets. Comparison of MIR and NIR revealed that NIR spectroscopy resulted in slightly more
accurate models for the screening of tobacco samples for cannabis and herbal smoking
products for tobacco. The developed approach could be useful for the initial screening of
tobacco samples for cannabis, e.g., in a night life setting by law enforcement, but also for
inspectors visiting shops selling tobacco and/or herbal smoking products.

Keywords: cannabis; herbal smoking products; tobacco; (N)IR spectroscopy; adulteration;
multivariate calibration

1. Introduction

Smoking consists of inhaling and exhaling the smoke produced by burning plant
material. The most common is the smoking of tobacco products in the form of cigarettes,
cigars, and pipes [1]. As is generally known, smoking tobacco is one of the major public
health challenges in the world and is associated with significantly increased risks for
numerous health issues, including cardiovascular diseases, various cancers, diabetes, and

Chemosensors 2025, 13, 370

https://doi.org/10.3390/ chemosensors13100370



Chemosensors 2025, 13, 370

20f15

strokes. Next to tobacco, other products are also smoked [2-5]. An example is herbal
smoking products, also marketed as tobacco-free smoking products. These herbal products
are positioned in the market as a healthier or safer alternative to tobacco. However, there
is not a lot of solid evidence to back up these claims. In fact, there are concerns that
people might misunderstand these herbs as being completely safe, even though they might
still pose health risks. Moreover, although nicotine is the compound in tobacco causing
habituation and addiction, the most important compounds generating the health concerns
are from the burning process itself, which is similar to the one of the herbal smoking
products [6-8].

Through definition, herbal smoking products may not contain tobacco, since otherwise
they would fall under the tobacco products regulation [9]. Nevertheless, some studies
show that herbal smoking products are marketed as combinations of herbs and tobacco,
misleading consumers and causing a possible nicotine addiction. For instance, a study in
tobacco control found that Asian herbal-tobacco cigarettes often contain both herbs and
tobacco, creating a false impression of reduced harm. Another study revealed that Chinese
“herbal” cigarettes are just as carcinogenic and addictive as regular cigarettes due to their
tobacco content [10,11].

Another product that is often smoked is cannabis, often referred to as marijuana. It
is the most widely used illicit drug in both the United States of America and in Europe.
The health effects of regular cannabis use are a subject of ongoing debate, but they can
include several potential risks. These risks range from reduced educational achievement,
particularly among teenagers due to its impact on cognitive development, and among
young adults due to potential motivational and cognitive impairments and increased
likelihood of driving-related injuries, to elevated respiratory issues. Long-term health
concerns associated with cannabis use may include cancer, chronic obstructive pulmonary
disease (COPD), heart disease, addiction, and an increased risk of psychosis, particularly
in susceptible individuals [12,13].

Although it is generally known that cannabis users often also consume tobacco, there
is also the phenomenon where cannabis and tobacco are mixed, e.g., in so-called “spliffs”
(joints that contain both cannabis and tobacco). This practice, sometimes called “mulling”,
is widespread in various regions, including some European countries where spliffs are a
popular method for consuming marijuana. These practices not only combine the substances
but also expose users to the risks associated with both, such as nicotine addiction and
respiratory issues. Mixing cannabis and tobacco is often motivated by reasons such as cost-
saving (for users or sellers (fraud)), smoother intake, and improved combustion properties.
Qualitative studies have highlighted that spliffs can contain substantial amounts of tobacco,
and this presence may not always be known to the user, unknowingly increasing their
risk of nicotine intake and dependence. Given that nicotine is generally considered more
addictive than Delta-9-tetrahydrocannabinol, this hidden exposure may pose a greater risk
of addiction than cannabis alone [14-16].

Several countries already have legislation allowing the use of marijuana and even
more have a so-called tolerance policy, though cannabis is still considered an illicit drug
by a lot of countries and by the international legislation, like, for example, the United
Nations Convention against illicit traffic in narcotic drugs and psychotropic substances [17].
Despite the different legislations, users have the right to know if tobacco is present in the
cannabis products they purchase, and otherwise law enforcers should be able to recognize
the presence of cannabis in tobacco products, especially if they consider cannabis as an
illicit drug [18].

This paper concerns both issues, i.e., the presence of tobacco in herbal smoking
products and the presence of cannabis in tobacco. In fact, there is a need for fast screening
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of products for the presence of adulterants, tobacco, and/or cannabis, both for inspectors to
decide which products to seize, e.g., during inspection of shops or suspicious wholesalers,
and for law enforcement, e.g., to check products at festivals and night life settings. In
this context, spectroscopic techniques, Mid- and Near-Infrared spectroscopy (MIR and
NIR) were evaluated for their performance to detect tobacco in herbal smoking products
as well as to detect cannabis in tobacco. Spectra were recorded with both techniques for
different mixtures, followed by the creation of binary classification models, using classical
multivariate calibration techniques. The created models were evaluated and validated for
their predictive performance and the performance of both modelling techniques for the
two spectroscopic techniques was compared.

2. Materials and Methods
2.1. Sample Preparation

For this study, three types of samples including cannabis, tobacco, and herbal smoking
products were used. Twelve cannabis samples were confiscated by Belgian authorities at
festivals and night life events. These samples were previously analyzed in the laboratory for
their content of tetrahydrocannabinol (THC) and tested negative for nicotine and therefore
were considered as not adulterated with tobacco. A representative selection of 12 tobacco
products was chosen and purchased from the market. The selection was based on the
feedback of vendors, as to what were their most popular products. All samples were
purchased from vendors in the city of Leuven, Belgium. Seven herbal smoking products
were either seized by the authorities, in the context of market surveillance, or donated by
distributors. These samples were analyzed previously and found negative for “tobacco”
(nicotine content) and “cannabis” (THC content).

2.1.1. Mixing

All samples (tobacco, cannabis, and herbal smoking products) were initially homog-
enized by manual grinding using a mortar and pestle. The ground materials were then
transferred into labelled vials and stored at controlled temperature (22 + 2 °C), relative
humidity (50 + 5%), under dark conditions to avoid degradation, and in sealed containers
to minimize moisture exchange prior to further processing. To create representative mixture
sets, Sample A was prepared by thoroughly mixing all individual tobacco samples, Sample
B was formed by combining all cannabis samples, and Sample C consisted of a uniform
mixture of all herbal smoking products.

2.1.2. Design of Experiment

To simulate real-world variability and complexity, each tobacco sample was individ-
ually mixed with various cannabis samples. Then, Sample A (tobacco mix) was spiked
with Sample B (cannabis mix) at concentrations ranging from 1% to 50%. The total num-
ber of samples obtained was 110. Each herbal smoking sample was mixed with various
tobacco samples. Sample C (herbal mix) was then spiked with Sample A (tobacco mix) at
the same concentration gradient (1-50%). The total number of samples obtained was 56.
Table 1 summarizes the process. Next to the mixtures, all individual tobacco samples and
herbal smoking samples were also analyzed, featuring as negative samples. A detailed
overview of the sample concentration levels is provided in Tables S1-S3 (Supplementary
Materials). Due to limited quantities, not all concentrations were prepared for all samples,
resulting in a lower number of mixtures prepared than would have been the case in a full
design. For each group, the limit of detection (LOD) was established at 1% (m/m), which
corresponds to the lowest concentration tested within the 1-50% range. The developed
model did not exhibit systematic errors at low concentrations, and most samples with 1%
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adulteration were correctly identified. Therefore, this concentration was considered the
LOD. As this study did not include quantitative analysis, no limit of quantification (LOQ)
was determined or reported.

Table 1. Summary of the sample preparation and mixing process.

Sample Type Mixing Process Number of Samples Concentration Range

Tobacco-Cannabis Individual Mix Fach topacco sample mixe.d with the different 102 1-50%

cannabis samples, respectively
Tobacco sample set (Sample A) All tobacco samples mixed together 1 (not included in data set) ~ 1-50%
Cannabis sample set (Sample B) All cannabis samples mixed together 1 (not included in data set) ~ 1-50%
Tobacco-Cannabis Spiked Mix Sample A spiked with Sample B 8 1-50%
Herbal-Tobacco Individual Mix Each herbal smoking sample mixed with the 4 1-50%

different tobacco samples, respectively
Herbal Smoking sample set (Sample C)  All herbal smoking samples mixed together 1 (not included in data set) 1-50%
Herbal-Tobacco Spiked Mix Sample C spiked with Sample A 8 1-50%

2.2. Data Acquisition
2.2.1. Mid-Infrared (MIR)

MIR spectra were collected using a Nicolet i510 FTIR spectrometer (Thermo Fisher
Scientific, Waltham, MA, USA), equipped with a Smart iTR accessory and a deuterated
triglycine sulphate (DTGS) detector. The Smart iTR accessory features a single-bounce
diamond crystal, which was calibrated weekly with a polystyrene film standard. The IR
spectra were recorded over a range from 400 to 3400 cm !, with each spectrum consisting of
32 scans at a resolution of 4 cm~!. The data were processed with OMNIC software version
8.3 (ThermoFisher Scientific). After collecting the data, the diamond crystal was cleaned
meticulously with a methanol-soaked tissue followed by air drying. A blank measurement
was performed before each analysis to check for contamination and carry-over. The con-
tamination guidelines from the European Directorate for the Quality of Medicines and
HealthCare (EDQM, 2007) were followed [19]. To maintain accuracy, background spectra
of ambient air were recorded every hour. At the end, a data matrix with dimensions of
110 x 6949 was obtained for tobacco samples spiked with cannabis, and 56 x 6949 was
obtained for herbal samples spiked with tobacco, where 110 and 56 is the total number of
tobacco and herbal samples, respectively, and 6949 is the number of included wavenumbers
for chemometric analysis. Triplicate spectral acquisitions were performed for each sample.

For sample recording, a small amount was deposited directly onto the crystal, followed
by the application of pressure to ensure complete homogenic coverage of the crystal surface
by the sample. For illustration, Figure 1 shows the MIR spectra of the cannabis mix sample,
the tobacco mix sample, and the herbal mix sample.

In the MIR spectra of the herbal, cannabis, and tobacco samples, several character-
istic absorption bands were observed. The region from 400 to 1500 cm !, known as the
fingerprint region, is highly complex and holds key vibrational features that are useful
for distinguishing different plant-based materials. Specifically, 600-900 cm ! corresponds
to out-of-plane C-H bending, typically associated with aromatic rings, which are com-
mon in phenolic compounds [20]. Moving to 1000-1300 cm !, C-O stretching vibrations
were observed, which are characteristic of alcohols, ethers, and esters—functional groups
commonly found in secondary metabolites like terpenes and flavonoids [21]. The region
between 1800 and 2100 cm ! suggests the presence of triple bonds, particularly C=C or
C=N [20,22]. Lastly, the 3100-3400 cm ™! region indicates the presence of phenolic OH
groups or residual moisture, common in plant materials, with the broadness of the peak
suggesting phenolic compounds or water [20].
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Figure 1. MIR spectra of cannabis mix sample, tobacco mix sample, and herbal mix sample.

2.2.2. Near-Infrared (NIR)

For NIR analysis, all samples were scanned using a Frontier MIR/NIR spectrometer
(PerkinElmer, Waltham, MA, USA). The NIR spectra were collected in reflectance mode
with an 8 cm ! resolution over the range of 700 to 2300 nm. Each spectrum was generated
by averaging 16 scans. Background spectra were recorded with a diffuse reflector from
PerkinElmer between individual samples. Background subtraction and arithmetic correc-
tions were applied to account for any background effects. At the end, a data matrix with
dimensions of 110 x 3001 was obtained for tobacco samples spiked with cannabis, and
56 x 3001 was obtained for herbal samples spiked with tobacco, where 110 and 56 are
the total number of tobacco and herbal samples, respectively, and 3001 is the number of
included wavenumbers for chemometric analysis. Triplicate spectral acquisitions were
performed for each sample.

For this analysis, each sample was split into three glass vials. The plant material
in each vial was kept at a height of approximately 1.5-2 cm to optimize the analysis in
diffuse reflectance mode. This mode allows the instrument to capture the diffusely reflected
light from the sample and direct it to the detector [23]. Figure 2 shows the obtained NIR
spectra of the cannabis mix sample, the tobacco mix sample, and the herbal mix sample.
In the NIR spectra, which primarily represent overtones and combination bands, a broad
absorption near 1400 nm in the spectrum of the herbal mix sample was assigned to the first
overtone of O-H stretching [24], and the distinct feature around 1900 nm in the cannabis and
tobacco mix samples was attributed to a combination of O-H stretching and bending, likely
from water or alcohols [25]. Peaks observed in the herbal mix sample between 2150 and
2300 nm corresponded to C—H combination bands and overtones, particularly from CHj
and CH; groups and C-N stretching vibrations [26]. These spectral features reflect the
chemical complexity and compositional variation among the three sample types.
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Figure 2. NIR spectra of cannabis mix sample, tobacco mix sample, and herbal mix sample.

2.3. Data Preprocessing

In multivariate modelling for IR spectroscopy, data preprocessing is crucial for improv-
ing the quality and reliability of spectral data. Baseline correction was applied using the
MIR and NIR vendor’s software (OMNIC software version 8.3 (ThermoFisher Scientific)) to
address any baseline shifts or curvatures caused by instrumental or environmental factors,
ensuring accurate spectral representation. In MIR spectroscopy, a wavenumber range from
650 to 2000 cm ! was selected, focusing on the most informative regions of the spectrum.
Further preprocessing steps were performed using Matlab. Normalization techniques
were used to correct variations in intensity due to sample-related or instrument factors,
allowing for accurate comparison between spectra. In this study, autoscaling and Standard
Normal Variate (SNV) were explored. Additionally, derivative transformations were used
to enhance spectral features and resolve overlapping peaks for better analysis.

2.4. Principal Component Analysis (PCA)

PCA was employed as an exploratory, unsupervised method to investigate the ten-
dency of samples to form clusters. It helps to reduce the complexity of the data by projecting
the original data into a smaller space of latent variables, while retaining the most significant
variance in the spectral data. These latent variables are linear combinations of the original
variables (such as signal intensity at specific wavelengths) that capture the most variance
in PC1 and the remaining variance in the other PCs (PC2, PC3, etc.).

2.5. Hierarchical Clustering Analysis (HCA)

Hierarchical clustering was used to group samples based on the similarity of their
spectra. The Euclidean distance metric was selected, and Ward’s method was used as the
clustering approach. Ward’s algorithm follows a minimum variance criterion, aiming to
minimize the increase in the sum of squared differences (or within-cluster variance) at each
step of clustering [27].

2.6. Selection of Training and Test Sets

To validate the models, an external test set was selected to evaluate their performance.
The Duplex algorithm was used for this purpose. This method ensures that the test set
represents the original data set well and is evenly distributed across the data space. The
Duplex algorithm selects sample pairs based on Euclidean distances. It starts by picking
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the two samples with the greatest distance between them for the training set, then the
second pair for the test set, and so it continues iteratively to add more pairs with the highest
distances until the test set reaches the desired size. The remaining samples are added to the
training set. About 20% of the total samples were used for the test set, while the remaining
80% were used for model training [27,28].

2.7. Soft Independent Modelling of Class Analogy (SIMCA)

SIMCA is a classification technique that focuses on modelling the similarity within each
class, rather than distinguishing between classes. It uses Principal Component Analysis
(PCA) to create a model for each class separately. The model defines a space around the
training samples of each class using two distance metrics: Euclidean distance to the SIMCA
model and Mahalanobis distance within the class’s score space. The Euclidean distance
measures how close a new sample’s projection is to the class model, while the Mahalanobis
distance accounts for variable correlations and the class’s covariance structure. New samples
are classified based on whether their projections fall within the defined space for each class.
SIMCA is effective for complex data sets with multiple classes, as it creates separate models
for each class, capturing variability and aiding in reliable classification [29-31].

2.8. Partial Least Squares (PLS)

PLS is a supervised technique similar to PCA, but it focuses on maximizing covariance
with a response variable. It is commonly used for regression, where the response is
continuous, such as dosage or concentration. PLS-Discriminant Analysis (PLS-DA) is a
variant designed for classification tasks and can handle categorical response variables.
PLS-DA is often used for pattern recognition and classification tasks [31-34].

2.9. Software

All data processing in this study was carried out using Matlab version R2019b (The
Mathworks, Natick, MA, USA), a tool for scientific and numerical analysis. The SIMCA
and PLS algorithms were implemented using the ChemoAC toolbox version 4.1 from the
ChemoAC Consortium in Brussels, Belgium.

3. Results and Discussion
3.1. PCA

Score plots, produced using various data preprocessing methods, were compared,
and the best distinction between spiked and non-spiked samples was achieved for MIR
for detecting the presence of cannabis in tobacco samples, with first derivative as the
preprocessing technique for the data (see Figure 3). The first two PCs accounted for over
99% of the total variance in the data, with PC1 explaining 99.08%, and PC2 0.85%. Also,
for NIR, a clear separation of positive and negative samples could be obtained using the
first derivative to pretreat the spectra. Here, 99% of the variance in the data was explained
by the first two PCs (PC1: 88.63%, PC2: 10.22%). After analyzing the loadings on PC1, no
particular wavelengths or wavelength ranges were found to be distinctly responsible for
the observed clustering, which is to be expected, given the complexity of the matrix.

For the detection of tobacco in herbal smoking products, MIR did not show promising
results. However, for NIR with SNV pretreatment, a clear separation of the positive and
negative samples was observed, capturing 95% of the variance in the data in the first two
PCs (PC1: 85.47%, PC2: 9.48%), as shown in Figure 4. After examining the loadings on PC1,
no particular wavelengths or wavelength ranges could be clearly identified as contributing
to the clustering, most probably due to the complexity of the herbal matrices.
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Figure 3. PCA plot obtained with (a) the MIR spectra and (b) the NIR spectra for cannabis detection in
tobacco, using SNV as preprocessing technique. Yellow dots: spiked samples, blue dots: non-spiked
samples, dashed oval represents confidence ellipse.
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Figure 4. PCA plot obtained with the NIR spectra using the first derivative as preprocessing technique

for tobacco detection in herbal smoking products. Yellow dots: spiked samples, blue dots: non-spiked
samples, dashed oval represents confidence ellipse.

3.2. HCA

The HCA dendrogram based on MIR (Figure 5a) for cannabis detection in tobacco,
showed three major clusters: the first cluster (Blue) corresponded to the mixture of tobacco
samples spiked with the mixture of cannabis samples; the second cluster (Green) corre-
sponded to tobacco samples not spiked with cannabis; and the third cluster (Red) were
tobacco samples which were spiked with cannabis. The corresponding HCA dendrogram
for NIR (Figure 5b) showed two major clusters: the first cluster (Green) corresponded to
the non-spiked samples, and the second (Red) to the spiked ones.

The HCA dendrogram obtained using MIR spectra (Figure 6a) for tobacco detection
in herbal smoking products showed three clusters: the first cluster (Blue) corresponded
to samples which were all prepared with the mixture of herbal samples, spiked with the
mixture of tobacco samples; the second cluster (Red) are the herbal samples spiked with
tobacco samples; and the third cluster (Green) were samples which were not spiked. For
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NIR (Figure 6b), a similar HCA dendrogram was obtained, distinguishing the same three
major clusters. One sample was considered an outlier because the HCA dendrogram
showed high dissimilarity for this sample towards the rest of the sample set and this
sample was spiked with 20% of tobacco mixture.
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Figure 5. Hierarchical Cluster Analysis (HCA) dendrograms based on (a) MIR data for detecting
cannabis in tobacco samples, Blue cluster: samples prepared with the mixture of tobacco samples and
spiked with the mixture of cannabis samples, Red cluster: tobacco samples spiked with cannabis, and
Green cluster: non-spiked samples; (b) NIR data, Green cluster: non-spiked samples, Red cluster:
tobacco samples spiked with cannabis.
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Figure 6. Hierarchical Cluster Analysis (HCA) dendrograms based on (a) MIR and (b) NIR spec-
troscopy for detecting tobacco in herbal smoking products. Blue cluster: samples prepared using the

mixture of herbal smoking samples and spiked with the mixture of tobacco samples, Red cluster:
herbal samples, spiked with tobacco samples, and Green cluster: non-spiked samples; Turquoise
coloured sample: outlier.
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3.3. SIMCA

MIR and NIR spectra were obtained for all samples. Before modelling, several pre-
processing methods, including autoscaling, Standard Normal Variate (SNV), and first and
second derivatives, were evaluated to optimize data interpretation by correcting baseline
shifts, scaling differences, and resolving overlapping peaks in the spectra of the com-
plex matrices. The study focused on detecting cannabis and tobacco adulteration, with
110 samples for cannabis-adulterated tobacco and 56 for tobacco-adulterated herbal smok-
ing products. After preprocessing, SIMCA was used for binary modelling on MIR and NIR
data separately. The data sets were split into training and test sets, with the training set
used for model construction and internal validation via 10-fold cross-validation. External
validation on the test set ensured unbiased performance assessment. The models effectively
classified unknown samples by identifying spectral similarities and differences. Globally,
SIMCA, with various data pretreatment methods, achieved correct classification rates rang-
ing from 90% to 100% for the external test set and from 98% to 100% for cross-validation,
as shown in Table 2. Table 3 shows the calculated values for specificity, accuracy, and
sensitivity for all the selected models.

Table 2. Comprehensive overview of the performance of MIR and NIR and chemometric techniques
in the classification of various target molecules.

No. of Correct Correct
s . . 0- Of, Classification Rate No. of Classification Rate
pectroscopic Data Chemometric Jarget No. of Samples in (External Test Set) ~ Samplesin the  (Cross-Validation)
Technique Pretreatment Technique Adulterant PCs External Test [No. of Negative Training Set [No. of Negative
Set Samples] Samples]
MIR Autoscaling SIMCA Cannabis 1-1 21 %0 fz(/1291/]21> 89 98% (87/89) [8/89]
NIR SNV SIMCA Cannabis 11 21 [13(}021] 89 100% [9/89]
MIR Autoscaling SIMCA Tobacco 21 13 92 f‘;(/1123/]13) ) 98% (42/43) [6/43]
NIR Autoscaling SIMCA Tobacco 1-1 13 [13(}013] 43 98% (42/43) [6/43]
No. of Correct Correct
S . . e Classification Rate No. of Classification Rate
pectroscopic Data Chemometric Target Latent Samples in (External Test Set) Samples in the (Cross-validation)
Technique Pretreatment Technique Adulterant Variables External Test [No. of Negative Training Set [No. of Negative
Set Samples] Samples]
MIR Autoscaling PLS-DA Cannabis 4 21 [}1(}02101 89 91% (81/89) [8/89]
NIR Autoscaling PLS-DA Cannabis 4 21 [13(}% 89 100% [9/89]
MIR Autoscaling PLS-DA Tobacco 2 13 [}1(}013] 5 100% [5/43]
NIR ond derivative  PLS-DA Tobacco 7 13 92 f‘;(/%/]”) e 98% (42/43) [6/43]

For detecting the presence of cannabis in tobacco samples, the most effective model
based on MIR was achieved using autoscaled spectra. Autoscaling normalizes variance
across spectral variables, which seemed critical in MIR spectra where peak intensities
varied significantly due to matrix effects. This model yielded a 90% correct classification
rate on the external test set, with one sample classified as false positive and one as false
negative. There was a cross-validation correct classification rate (CCR) of 98%, with two
samples misclassified. Among these misclassifications, one was a false negative and one
a false positive. It is important to note that the current focus is on minimizing false
negatives, as false positives would be detected by inspectors and subsequently examined
in a laboratory setting, to confirm their status. Regarding the false positives, no definitive
explanation could be identified, and they might be attributed to random modelling errors.
With NIR spectra, using SNV as data pretreatment, a SIMCA model was obtained, showing
100% correct classification in both cross-validation and external validation. SNV was
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effective here because it corrects scattering effects in NIR spectra, which were particularly
pronounced in the cannabis-adulterated tobacco samples.

Table 3. Classification statistics for cross-validation and test set for SIMCA and PLS-DA models.

SIMCA
Target Adulterant Cannabis Cannabis Tobacco Tobacco
Technique MIR NIR MIR NIR
Precision  Specificity Sensitivity Precision Specificity Sensitivity Precision Specificity Sensitivity Precision Specificity Sensitivity
Cross validation 0.98 0.90 0.98 1.00 1.00 1.00 1.00 1.00 0.97 1.00 1.00 0.91
Test Set 0.95 0.66 0.95 1.00 1.00 1.00 091 0.66 1.00 1.00 1.00 1.00
PLS-DA
Target Adulterant Cannabis Cannabis Tobacco Tobacco
Technique MIR NIR MIR NIR
Precision  Specificity Sensitivity Precision Specificity Sensitivity Precision Specificity Sensitivity Precision Specificity Sensitivity
Cross validation 0.96 0.75 0.94 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.97
Test Set 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 0.91 0.66 1.00

Shifting to MIR spectroscopy and SIMCA for tobacco detection in herbal smoking
products, the most effective model was obtained with autoscaling as data pretreatment.
Autoscaling improved discrimination by normalizing spectral variability arising from
heterogeneous sample matrices. The external test set for this model achieved an accuracy of
92%, with only one sample misclassified as a false positive. Cross-validation accuracy was
similar at 98%, with one misclassified sample which was categorized as a false negative.
This false negative sample exhibited a concentration of 10% tobacco, indicating potential
contributions from factors such as sample matrix or instrumental variations. An explanation
for the false positive sample in the external test set could not be found. The complexity of
the herbal matrix and the similarities in the matrices of the different samples could be an
explanation. Moving towards NIR spectroscopy and SIMCA, the best model was obtained
with autoscaling. The external test set achieved an accuracy of 100%. Cross-validation
accuracy was 98%, with one misclassified sample which was categorized as a false negative.
This false negative sample exhibited a concentration of 5% tobacco, which is quite low, but
this is probably due to random modelling errors, since lower concentrations are classified
correctly. Thus, the choice of preprocessing method in each case was guided by both
spectral characteristics and model performance, ensuring the chemometric models could
reliably classify complex adulterated samples.

3.4. PLS-DA Model

In the next step, PLS-DA models were calculated using the same spectral data sets.
The statistics for the best models are also summarized in Tables 2 and 3.

Employing MIR spectroscopy for cannabis detection in tobacco products, alongside
autoscaling data pretreatment, PLS-DA achieved a 100% correct classification rate for
the external test set. The process of cross-validation yielded a correct classification rate
of 91%, with 81 of the 89 samples being accurately categorized. Delving deeper, the
analysis unveiled that three samples were misclassified as positive, whereas five were
inaccurately identified as negatives. This classification challenge seemed to revolve around
specific high-dosage cannabis samples, with instances ranging from 10 to 30% cannabis
samples erroneously labelled as negatives. Autoscaling normalizes variance across spectral
variables, improving model performance, despite the complex heterogeneous matrices
which are the subject of this study. Contrarily, the utilization of NIR spectroscopy, coupled
with autoscaling data pretreatment, showed 100% correct classification for both the external
test set and cross-validation.
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MIR spectroscopy and PLS-DA for tobacco detection in herbal smoking products in
tandem with autoscaling resulted in a 100% correct classification rate for both the test set
and cross-validation. Conversely, the application of NIR spectroscopy revealed results of
achieving a 92% external test set correct classification rate, with one sample being mis-
classified as positive and a 98% rate during cross-validation. Notably, one sample was
misclassified during cross-validation, comprising a false negative, which is primarily asso-
ciated with a low concentration of 5% tobacco. Autoscaling effectively normalized spectral
variability arising from heterogeneous herbal matrices, allowing the PLS-DA models to
discriminate accurately despite minor matrix interferences. Despite scrutiny, a concrete
explanation for the false positive classifications remained elusive. Thus, the selection of
autoscaling for both MIR and NIR data sets was guided by spectral characteristics and
model performance, ensuring robust classification in complex adulterated samples.

4. Conclusions

The study systematically evaluated the effectiveness of MIR and NIR, combined with
various data preprocessing and multivariate calibration methods (PCA, HCA, SIMCA, and
PLS-DA) for the detection of cannabis and tobacco as adulterant in tobacco and herbal
smoking products, respectively. Through data exploration with PCA and HCA, it was
observed that both spectroscopic techniques are able to distinguish between adulterated
and non-adulterated samples, and this was true in both cases studied here with the lowest
threshold for adulteration (1% m/m). Based on these results, it was decided to continue
with supervised modelling using SIMCA and PLS-DA. SIMCA modelling demonstrated
high classification accuracy, with rates ranging from 90% to 100% across various prepro-
cessing methods. The models for both cannabis and tobacco adulteration were particularly
effective when using autoscaling as a preprocessing technique, achieving near-perfect
classification rates, especially in NIR spectroscopy. Lastly, the PLS-DA model showed
excellent performance, with perfect classification rates for the external test set using MIR
and NIR for both targeted adulterants. Cross-validation results were slightly lower, but still
demonstrated strong classification capabilities, especially with autoscaling as data pretreat-
ment method. Comparing the different models, NIR spectroscopy combined with SIMCA
yielded the overall best results for the detection of the targeted adulterants, though the per-
formance of MIR is very close. This means that both spectroscopic techniques could be used
by law enforcement, e.g., to detect cannabis in tobacco products in night life settings, or by
inspectors, visiting shops or suspicious wholesalers selling tobacco and/or herbal smoking
products, if they are combined with the correct data preprocessing and basic modelling
techniques. Their applicability in this context would even increase, given the availability of
highly performant portable devices for both techniques, to which the proposed approach
could be transferred. This is especially true for new portable instruments which can be
linked to laptops or tablets, enabling convenient on-site data collection and processing
even with more advanced software. However, besides the availability of highly performant
instruments, several practical challenges remain. Sample heterogeneity, variable moisture
content, and the influence of different packaging materials can affect spectral quality and
classification reliability. Furthermore, environmental factors (e.g., temperature, humidity)
may introduce additional variability in real-world conditions. Therefore, future validation
studies should focus on testing under operational settings with diverse product types,
packaging formats, and storage conditions. Addressing these aspects will be crucial before
these technologies can be routinely implemented by law enforcement agencies.
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5. Limitations

It should be noted that the products analyzed in this study were limited in diversity,
both in the number of samples or brands and geographically. This restricted sampling
scope may limit the generalizability of the developed models, as product composition and
manufacturing practices can vary considerably across brands and regions. Future research
should therefore include a wider selection of products from different geographical areas
and manufacturers to better capture inter-product variability and to validate the robustness
and transferability of the proposed chemometric models.

In practical applications, several factors can influence the spectral quality and, con-
sequently, the model performance. Sample heterogeneity, such as uneven particle size,
inconsistent moisture levels, or the presence of natural additives, can cause spectral vari-
ability and reduce classification accuracy. Similarly, environmental factors, including
temperature fluctuations and ambient humidity during data acquisition, can introduce
baseline shifts or scattering effects in the spectra. These sources of variability highlight the
need for robust preprocessing strategies and model validation under varied conditions.

The integration of the developed models into portable spectroscopic instruments offers
significant translational potential. Next to the challenge of treating samples on site in the
context of homogeneity of the samples, measuring conditions, etc., such deployment would
require onboard chemometric software capable of rapid data preprocessing, multivariate
analysis, and automated classification. Ensuring model interpretability and minimal opera-
tor training would be essential for reliable field use, particularly in regulatory inspections
or product authentication scenarios. Future work will explore real-time model implementa-
tion in handheld spectrometers to evaluate performance under realistic environmental and
operational settings.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/chemosensors13100370/s1: Table S1: Concentration levels
(% m/m) of cannabis samples in tobacco samples; Table 52: Tobacco—Cannabis Spiking Scheme;
Table S3: Concentration levels (% m/m) of tobacco samples in herbal smoking samples.
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