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Highlights:  

 NIR spectroscopy was applied to the quantitation of THC in cannabis samples. 

 The effect of sample inhomogeneity on NIR predictions was evaluated. 

 The performance of a low-cost and a middle-cost handheld NIR device was 

compared. 

 Bland-Altman method was applied to compare UHPLC and NIR results. 

 Entire cannabis inflorescences and resins represented the analytical targets. 

 

 

 

 

Abstract 

The aim of the present study was to explore the feasibility of applying near-infrared (NIR) 

spectroscopy for the quantitative analysis of ∆9-tetrahydrocannabinol (THC) in cannabis 

products using handheld devices. A preliminary study was conducted on different physical 

forms (entire, ground and sieved) of cannabis inflorescences in order to evaluate the impact 

of sample homogeneity on THC content predictions. Since entire cannabis inflorescences 
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represent the most common types of samples found in both the pharmaceutical and illicit 

markets, they have been considered priority analytical targets. Two handheld NIR 

spectrophotometers (a low-cost device and a mid-cost device) were used to perform the 

analyses and their predictive performance was compared. Six partial least square (PLS) 

models based on reference data obtained by UHPLC-UV were built. The importance of the 

technical features of the spectrophotometer for quantitative applications was highlighted. The 

mid-cost system outperformed the low-cost system in terms of predictive performance, 

especially when analyzing entire cannabis inflorescences. In contrast, for the more 

homogeneous forms, the results were comparable. 

The mid-cost system was selected as the best-suited spectrophotometer for this application. 

The number of cannabis inflorescence samples was augmented with new real samples, and a 

chemometric model based on machine learning ensemble algorithms was developed to 

predict the concentration of THC in those samples. Good predictive performance was 

obtained with a root mean squared error of prediction of 1.75% (w/w). The Bland-Altman 

method was then used to compare the NIR predictions to the quantitative results obtained by 

UHPLC-UV and to evaluate the degree of accordance between the two analytical techniques. 

Each result fell within the established limits of agreement, demonstrating the feasibility of 

this chemometric model for analytical purposes. 

Finally, resin samples were investigated by both NIR devices. Two PLS models were built by 

using a sample set of 45 samples. When the analytical performances were compared, the mid-

cost spectrophotometer significantly outperformed the low-cost device for prediction 

accuracy and reproducibility. 

 

Keywords: Cannabinoids; THC; cannabis; handheld near infrared spectroscopy; NIR 

 

 

 

1. Introduction 

The analysis of cannabis samples mainly concerns two general areas: quality control 

laboratories (often for medicinal cannabis) and forensic laboratories (seized cannabis 

samples). The simplest medicinal cannabis samples available on the market consist of dried 

flower tips with the aim for use in various therapeutic indications (from multiple sclerosis to 

epilepsy) [1]. This product is generally available in two main physical forms (entire and 
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ground inflorescences) and with different concentrations of the two phytocannabinoids 

(CNBs) of interest for clinical practice: psychotropic ∆9-tetrahydrocannabinol (THC) and 

nonpsychotropic cannabidiol (CBD). Their concentrations generally range from less than 1 to 

approximately 22% (w/w) for THC and from less than 1 to approximately 9% (w/w) for 

CBD, depending on the cannabis strain [1,2,3]. Other pharmaceutical forms are available in 

Europe for medicinal purposes, is the case for products such as Sativex (sublingual spray), 

Marinol and Cesamet (capsule) [1]. 

Seized cannabis samples consist of potentially illicit cannabis products conceived for 

recreational use that need to be analyzed to determine whether they comply with the law of 

the reference country. In this context, there is no harmonization in Europe, which results in 

different tolerated levels that vary from country to country. In Switzerland, for instance, 

cannabis with a THC content exceeding 1% (w/w) is classified as an illicit drug [4]. Belgium, 

like many other European countries (such as Greece, France and Norway), sets this limit at 

0.2% (w/w) while Italy and Luxemburg at 0.6 and 0.3% (w/w) respectively [1,5,6]. Several 

types of cannabis samples can be found in various and imaginative forms: herbal materials, 

resins, concentrates, edibles, vaped oils, and drinks are just some examples [7]. However, the 

most widespread types of illicit cannabis samples are herbal material (dried flowering tops) 

and resin [5]. The latter consists of a compressed solid fabricated from the resinous parts 

(glandular trichomes) of female flowers and is characterized by high THC contents, 

sometimes up to 36% (w/w) [8]. It is worth noting that, according to the latest European drug 

report of the European Monitoring Centre for Drugs and Drug Addiction, cannabis is the 

most commonly used illicit drug in Europe [5]. 

As a consequence of the pharmacological and forensic interest in cannabis, there is currently 

wide interest in developing innovative analytical tools able to properly characterize cannabis 

samples and these tools face different challenges in terms of legislation compliance, sample 

complexity and technological limitations. 

Among the most employed analytical techniques for cannabinoid analysis are 

chromatographic techniques, as recently reviewed by Citti et al. [9]. Gas chromatography 

(GC) has been widely applied to analyze cannabis samples, mostly for forensic purposes, and 

to assess the total THC content [10]. However, liquid chromatography (LC) has rapidly 

replaced GC when interest was not focused only on the THC content, and a more complete 

characterization of the cannabinoid profile was asked (in a pharmaceutical context, for 

instance) [9,11]. In addition to LC, supercritical fluid chromatography (SFC) is progressively 

gaining momentum in cannabis analysis due to its advantages in terms of lower analysis time 
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and lesser ecological impact compared to LC [8,12,13]. However, as with chromatographic 

technique, when the original sample is in a solid form, a prior extraction procedure (generally 

solid-liquid extraction) is needed, which is time-consuming and achievable only with 

appropriate instrumentation in a laboratory [14]. Moreover, this represents a critical 

procedure that is at the basis of intra- and interlaboratory variabilities, as recently highlighted 

in the literature [15,16,17]. 

Regardless, the toolbox of an analytical chemist is rich in techniques, and the application of 

other techniques can be envisaged depending on the analytical purpose. In the context of 

applicable in-field techniques, near-infrared (NIR) spectroscopy is gaining increasing 

attention and relevance among the scientific community. The reason lies behind the many 

advantages offered by this spectroscopic technique. First, NIR analysis can avoid (or reduce) 

sample preparation and does not involve the use of large quantities of organic solvents, 

resulting in a very fast and green technique. Second, several portable/handheld NIR 

spectrophotometers are currently available on the market, allowing the movement of this 

analytical technique directly where analysis is needed. Further details about the application of 

handheld NIR spectrophotometers to pharmaceutical analysis can be found in a recent review 

[18]. 

Regarding the application of NIR spectroscopy to cannabis analysis, only a few works can be 

found in the literature, showing some interesting applications [19-22]. In a recent work, the 

possibility of differentiating between legal and illegal cannabis inflorescences by using a 

qualitative model implemented with a handheld system was explored. The chemometric 

model showed 100% sensitivity (true positive) and selectivity (true negative) during 

validation studies [21]. 

On that basis, the aim of this study was to explore and showcase other possible applications 

of NIR spectroscopy in the context of quantitative cannabinoid analysis using handheld 

devices. Two handheld spectrophotometers (NIR-S-G1 and MicroNIR) were selected to 

simultaneously evaluate the performance of two devices differing in terms of technical 

features and price (low-cost vs. mid-cost). Concerning the analytical targets, focus was given 

to entire cannabis inflorescences and cannabis resins. Concerning inflorescences, the effect of 

sample homogeneity on THC predictions was studied on three different physical forms 

(entire, ground and sieved) by using two handheld NIR spectrophotometers. Afterwards, a 

chemometric model based on artificial intelligence was developed to predict the 

concentration of THC in entire cannabis inflorescences. The Bland-Altman method was 

applied to evaluate the degree of accordance between NIR predictions and UHPLC-UV 
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results on THC content to demonstrate the interchangeability of both techniques. Finally, the 

application of NIR spectroscopy to cannabis resin analysis was investigated. 

 

2. Materials and methods 

 

2.1. Cannabis samples 

The cannabis samples consisted of police seizures under the form of female plant 

inflorescences and resins that were provided by the School of Criminal Justice of the 

University of Lausanne, Switzerland. 

Cannabis samples were first analyzed by handheld NIR spectroscopy and then 

underwent solid-liquid extraction to be analyzed by UHPLC-UV. 

 

2.2. Near-infrared analysis 

2.2.1. NIR spectrophotometers 

Table 1 summarizes some technical aspects of the two handheld NIR 

spectrophotometers employed for this study and described hereafter. 

 

2.2.1.1. MicroNIR Onsite W 1700 

This mid-cost handheld NIR spectrophotometer is commercialized by Viavi 

Solutions Inc. (Santa Rosa, California, USA) and operates in reflectance 

mode. It is equipped with a 128-pixel linear indium-gallium-arsenide 

(InGaAs) array detector with two tungsten light bulbs as the radiation source. 

The spectra were acquired in the range of 950 to 1650 nm (10526 – 6060 cm-

1). The signal-to-noise ratio was 25000, and the integration time was 10 ms. 

The system is ultracompact, weighing only 250 g, and is powered by USB or 

built-in Li-ion batteries. It communicates with a mobile application using the 

Bluetooth protocol. 

 

2.2.1.2. NIR-S-G1 

This NIR system is a low-cost handheld NIR spectrophotometer distributed by 

InnoSpectra Corporation (Taiwan, China) operating in reflectance mode. It is 

equipped with a 1 mm indium-gallium-arsenide (InGaAs uncooled) detector 

with two integrated tungsten halogen lamps as the radiation source. The 

spectra were acquired in the range of 900 to 1700 nm (11111 – 5882 cm-1). 
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The signal-to-noise ratio was 5000:1 in a 1 second scan. The system is 

ultracompact, weighing only 136 g, and is powered by USB or built-in Li-ion 

batteries. The system offers the possibility to communicate with a mobile 

application using the Bluetooth protocol. In the present study, the device was 

piloted using the DLP NIRscan Nano GUI software version 2.1.0. 

 

2.2.2. Sample presentation 

Entire inflorescence and resin samples were analyzed by putting the sample in 

direct contact with the sampling window of the equipment. Ground and sieved 

inflorescence samples were analyzed through a PELD transparent plastic bag. 

Each sample represented a part of a unique police seizure and no sub-sample was 

used for this study. As this type of sample is highly heterogeneous, four spectra 

were acquired during each NIR analysis and in different locations of the sample in 

order to increase the representativity of the spectra. 

 

2.3. Reference technique: UHPLC-UV 

UHPLC coupled to UV detection was chosen as the reference technique to generate 

the quantitative results used to calibrate and evaluate all the quantitative models. Such 

results were expressed as the total THC concentration, which was the sum of ∆9-

tetrahydrocannabinolic acid (THCA-A) and THC naturally present in the cannabis 

inflorescences. The analytical method and the protocol of analysis are accurately 

described in [8]. Hereafter, some details about this chromatographic method are 

reported. 

 

2.3.1. Chemical and Reagents 

The phytocannabinoid standard solutions at 1 mg mL-1 in ethanol (for THC) and 

in 2-isopropanol (for THCA-A) used for this study were purchased from Lipomed 

AG (Arlesheim, Switzerland). 

Ethanol (EtOH) and acetonitrile (ACN) of OPTIMA LC-MS grade, as well as 

water of UHPLC-MS grade, were purchased from Fischer Scientific 

(Loughborough, UK). Formic acid was obtained from Biosolve (Valkenswaald, 

Netherlands). 

 

2.3.2. Standard solutions and cannabis samples 
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A unique standard stock solution was prepared at a concentration of 250 g mL-1 

for both THC and THCA-A. This standard stock solution was then diluted in 

water-ACN (3/7, v/v) to obtain final concentrations of 7.81, 15.62, 31.25, 62.50, 

and 125.0 µg mL-1 of both analytes. 

Sample preparation for the cannabis samples consisted of solid liquid extraction 

using ethanol as the extraction solvent. To extract the CNBs from cannabis 

inflorescences and resins, 10 mL of ethanol was added to 500 mg of each cannabis 

sample in an Ika ultratube drive system for agitation and grinding for 4 min at 

6000 rpm with two glass beads 6 mm diameter. The mixture was left at ambient 

temperature for 9 min, and centrifugation was performed for 3 min at 14000 rpm. 

Cannabis extracts were diluted 50-fold before injection in the chromatographic 

system. A mixture of water and ACN (3:7, v/v) was used as the dilution solvent 

[8]. 

 

2.3.3. Apparatus and methodology 

All experiments were performed on a Waters Acquity UPLC H-class system 

(Waters, Milford, MA, USA) equipped with a quaternary solvent manager, a 

sample manager with flow through needle (FTN) injector, and a column manager. 

A mix of ACN, EtOH and water (4:4:2 v/v) was used as the wash solvent, and a 

mix of ACN and water (7:3 v/v) was used as the purge solvent, with a 

postinjection wash of 6 s. The chromatographic system was connected to a Waters 

PDA detector for UV detection set at 214 nm. 

Separation was performed at 30 °C on an InfinityLab Poroshell 120 EC-C18 

column (150 × 2.1 mm, 2.7 m) from Agilent (Santa Clara, USA) with an 

InfinityLab Poroshell 120 EC-C18 guard column (5 × 2.1 mm, 2.7 m) from 

Agilent (Santa Clara, USA). Mobile phase A contained water with 0.1% formic 

acid, and mobile phase B, ACN with 0.1% formic acid. The gradient profile was 

as follows: 2.8 min in isocratic mode with 68% B, followed by 68 to 73% B over 

0.5 min, hold for 3.7 min, then to 95% over 5.0 min and hold for 1.0 min. The 

percentage of B was finally brought to the initial conditions over 0.5 min and 

maintained for 4.5 min to reequilibrate the system. The flow rate was set at 0.5 

mL min-1, and the injection volume was 1 L [8]. 
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2.4. Software 

The chromatographic system was equipped with Empower 3 software that was used 

to pilot the system and for data acquisition. 

MATLAB R2018a software (The MathWorks, Massachusetts, USA) and PLS 

Toolbox® (version 8.6.2, Eigenvector Research, Washington, USA) were used for 

spectral data treatment and computation. 

Python (version 3.7.7) was used with the scikit-learn library version 0.21.3 to train 

ensemble regression models. 

 

2.5. Chemometrics 

Various combinations of spectral preprocessing were evaluated in a previous study on 

similar substances [21]. The Savitzky-Golay 2nd derivative (polynomial order: 2, 

window size: 3) and standard normal variate (SNV) were the preprocessing with the 

best results to quantify substances with the MicroNIR. The same preprocessing 

methods were also used for the spectra obtained by NIR-S-G1, but setting this time a 

7 window size for the Savitzky-Golay 2nd derivative. Replicate measures were 

grouped together during the cross-validation (leave-one-out approach) and not split 

between the calibration and validation sets. 

Two types of regressors were trained using the preprocessed datasets: 

- Genetic Algorithm – Partial least squares regressors were used to compare 

the predictions of the two devices (MicroNIR and NIR-S-G1) on the three 

forms of cannabis inflorescences and for cannabis resins. Genetic 

algorithm was employed to select the variables correlated to the 

concentration of THC (population size, 64; window width, 30; % initial 

terms, 30; max generation 100; % at convergence, 50; mutation rate, 

0.005; crossover, double). The complete list of variables selected for each 

GA-PLS model is reported in Figure S1 of the supplementary material.   

- Ensemble regression models were trained with Python on the dataset of 

entire inflorescences and resins to optimize the predictions. Algorithms 

and parameters are reported in Figure S2 of the supplementary material. 

 

3. Results and discussion 
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3.1. Preliminary study on the different physical forms of cannabis inflorescences 

Although NIR spectroscopy has already been applied to the quantitative analysis of 

cannabinoids in ground cannabis inflorescences [20,23], the application of handheld 

systems to quantitatively analyze entire cannabis inflorescences has not yet been 

described in the literature. Entire cannabis inflorescences, due to their high degree of 

heterogeneity, represent a challenging analytical target for NIR analysis. In fact, NIR 

spectroscopy is sensitive not only to the chemical properties of matter but also to the 

physical properties [24]. As a consequence, parameters such as humidity, 

granulometry and appearance can significantly affect the NIR response. Therefore, it 

follows that a predictive model developed with NIR spectra obtained from entire 

inflorescences cannot be applied for predictions on ground inflorescences. Despite 

their complexity, entire inflorescences represent the most common type of sample 

found on both pharmaceutical and illicit markets and are a very coveted target for in-

field NIR spectroscopy. 

In order to correctly approach this sample, it was decided to conduct a preliminary 

study on different physical forms (entire, ground and sieved) of cannabis 

inflorescences. The aim was to evaluate the impact of sample homogeneity on the 

THC content predictions and investigate how the different spectrophotometers treated 

the obtained data. Two handheld NIR spectrophotometers were employed: a low-cost 

device, named NIR-S-G1, and a middle-cost device, named MicroNIR. Spectra were 

acquired on 26 samples that consisted of entire inflorescences confiscated by the 

police in the Canton of Vaud, Switzerland. Each sample was analyzed first by NIR on 

its original form (entire inflorescence), then after grinding (ground inflorescence) and 

finally after sieving (sieved inflorescence) with the aim of progressively increasing 

the grade of homogeneity. Figures S3a, S3b and S3c of the supplementary material 

show raw and preprocessed spectra for each physical form and NIR 

spectrophotometer. Marked spectral differences were observed between entire 

inflorescence spectra and those of ground and sieved inflorescences for both devices. 

In this case, NIR spectroscopy does not allow assigning a part of the spectrum to a 

unique expression of a chemical compound. The whole spectrum must be considered 

to find the combination of wavelength absorbances more correlated to the desired 

chemical information (THC content). In fact, the considered spectral region is 

associated to the 1st, 2nd and 3rd overtones of CH, CH2, CH3, 1
st and 3rd overtones Ar-
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CH, 2nd and 3rd overtones of Ar-OH that are also present in many other chemical 

compounds that can be found in cannabis samples [20].  

After NIR analysis, each sample was analyzed by UHPLC-UV in order to generate 

reference quantitative data about THC content [8]. The THC concentration range was 

relatively wide, ranging from 0.92 to 22.21% (w/w). The acquired NIR spectra were 

preprocessed as follows. The Savitzy-Golay 2nd derivative was used to remove 

unimportant baseline signals and correct the so-called additive effects caused by noise 

and not captured photons. The standard normal variate (SNV) was used to correct 

multiplicative scaling effects generated by the lengthening of the optical path length. 

The Kennard-Stone algorithm (2/3:1/3) was used to split the database into calibration 

and validation sets [25]. Six different genetic algorithm-partial least square (GA-PLS) 

models (one for each physical form and NIR system) were generated. Figure 1 shows 

the correlation between the NIR predictions and UHPLC data on THC concentration 

for each PLS model. Table 2 shows the results obtained for the various predictions, 

comprising the root mean square error of calibration (RMSEC), of cross-validation 

(RMSECV), and of prediction (RMSEP); cross-validation bias (CV bias); prediction 

bias; coefficient of determination in calibration (R2
cal), in cross-validation (R2

CV), and 

in prediction (R2
pred) and ratio of prediction to deviation (RPD). As can be 

immediately noticed from these data, the performance of the two NIR 

spectrophotometers was quite different, particularly when analyzing inflorescences in 

their entire form. Looking at the RMSEP, this value was 2.07% (w/w) for the 

chemometric model built with the NIR-S-G1 spectra and 1.04% (w/w) for the 

MicroNIR spectra. The results become more comparable when the homogeneity of 

the sample increased, highlighting the critical impact of this parameter on the THC 

content predictions by NIR spectroscopy. This is particularly true for the NIR-S-G1 

models but not for the MicroNIR models. In this case, model performance decreased 

for the ground and sieved inflorescences with respect to those obtained for the entire 

inflorescences.  

In general, the MicroNIR spectrophotometer outperformed NIR-S-G1, particularly 

when approaching entire inflorescences. One explanation could be found in some 

different features of these spectrophotometers, which are detailed in 2.2.1. Moreover, 

the MicroNIR spectrophotometer presents a larger sample analysis window (7 cm2 

compared to 0.35 cm2 for the NIR-S-G1), which allows a better representation of 

samples, resulting in the best THC concentration predictions. In addition, the 
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theoretical signal-to-noise ratio is higher for the MicroNIR spectrophotometer 

compared to the NIR-S-G1 spectrophotometer. 

On the basis of these results, it was stated that the use of a spectrophotometer with a 

larger sample analysis window is better fitted for highly heterogeneous samples. In 

contrast, when the degree of homogeneity increases (ground and sieved 

inflorescences), the use of smaller windows could be envisaged. In this case, a high 

number of detection spots from different parts of each sample is recommended in 

order to ensure a proper representation of the sample surface. 

 

3.2. Feasibility study on entire cannabis inflorescence: application of ensemble 

regression models to THC content predictions 

Based on the aforementioned preliminary results, the MicroNIR spectrophotometer 

was selected as the best suited for the analytical target. The aim here was to more 

deeply investigate the applicability of this spectrophotometer for THC quantitative 

analysis directly on an inflorescence that did not undergo a sample preparation 

process. This application could be very interesting for police road controls, for 

instance, because of the rapidity and ease of use of this technique. No laboratory 

material would be necessary, and the desired analytical response can be obtained in a 

few seconds. In fact, UHPLC results on THC content take several hours to become 

available. 

For the creation of the chemometric model, the dataset was integrated with new real 

samples and another chemometric approach tested. Ensemble regression models were 

chosen as a promising chemometric solution to approach this arduous sample. 

Ensemble regression models evaluate a wide variety of machine learning algorithms 

and select the best combination of those associated with a better accuracy in cross-

validation. Preprocessing algorithms are evaluated as well in order to choose the best 

fit. One such model is referred to in [26] for more details about the implementation of 

this chemometric approach. For the development of this model, a total of 36 cannabis 

inflorescence samples were analyzed by means of the MicroNIR spectrophotometer. 

Samples were then analyzed by UHPLC-UV [8] in order to obtain reference data to 

calibrate and validate the chemometric model. The THC concentration range went 

from 0.92 to 22.21% (w/w). The Kennard-Stone algorithm (2/3:1/3) was used to split 

spectra into calibration and validation sets. 
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Figure 2 shows the correlation between the THC concentrations predicted by the NIR 

model and the reference values obtained via UHPLC-UV compared to those of GA-

PLS on the entire inflorescences with the same device. Figure S2 of the 

supplementary material shows the parameters selected for this model. Table 3 

summarizes the model performance in terms of RMSEC, RMSEP, R2
cal, R

2
val, RPD 

and prediction bias. Good accuracy was obtained with an RMSEP of 1.75 % (w/w). 

However, it must be said that the advantages in terms of performance of this type of 

chemometric model are better exploited when large-scale datasets are involved, as 

demonstrated in a previous study [21]. In contrast, GA-PLS models could become 

less accurate when heterogeneous samples are integrated into the dataset due to the 

effect of other variable parameters, such as humidity, color and size. 

In order to deeper evaluate interchangeability, the Bland-Altman statistical method 

was applied to evaluate the degree of agreement between NIR predictions and 

UHPLC reference values. This statistical method evaluates the model with a 

“difference plot”, which consists of plotting the differences between quantitative 

measures on the vertical axis against the best estimate of the true value (the mean of 

the pair of measurements, for instance) on the horizontal axis [27]. Since the UHPLC-

UV method was used as a reference method to calibrate the NIR model, its measures 

were used as the true values and plotted on the horizontal axis [28]. The relative 

difference percentages were plotted on the vertical axis, as this is convenient when 

methods show variability linked to increased magnitude. The limits of agreement 

(LoA) were built by calculating the mean and the standard deviation of the differences 

between measurement pairs. These limits include both systematic (bias) and random 

error (precision) and allow comparison of the likely differences between individual 

results measured by two analytical methods [8,27,28]. Table 4 summarizes these data 

as well as the statistical data treatment, while Figure 3 displays the Bland-Altman 

plot. In this plot, the dotted red lines represent the upper and lower limits of 

agreement (LoA = ± bias - 1.96 standard deviation), while the solid line represents the 

bias. The bias gives us important information about the agreement between the NIR 

predictions and the reference values. It is calculated by the mean of the differences, 

which should ideally be zero. When this value is not equal to zero, it means that on 

average, the method tested overestimates or underestimates the analyte concentration. 

In this specific case, the bias was equal to -3.22, meaning that the NIR model 

overestimates the THC content. A possible explanation of this trend could be found 
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looking deeper at the nature of the sample under investigation. In fact, cannabinoids 

are synthesized by glandular trichomes, which are particularly expressed in the 

external part of cannabis female inflorescences [29]. Thus, higher concentrations of 

cannabinoids are expected on the superficial parts of these inflorescences than in 

flower support structures, such as stalks or leaves. In the NIR analysis, spectra were 

acquired on these superficial parts of the sample, while for UHPLC-UV analysis, the 

cannabinoids were extracted from the whole inflorescence before analysis. 

However, as one can notice in the difference plot that all predictions presented 

relative difference percentage values within the established LoA. Only two analyses 

presented values that were close to these LoAs. 

In conclusion, it can be stated that the quantitative data generated by applying the NIR 

predictive model strongly agree with those generated by UHPLC-UV. This aspect 

confirms the applicability of NIR spectroscopy to THC quantification in entire 

cannabis inflorescences. 

However, it is worth noting that the creation of a definitive model to be applied to 

routine analysis would need a large number of samples covering the whole 

concentration range and able to represent all the intrinsic variability that characterizes 

these samples. This was not the aim of this project, which, in contrast, aimed to 

demonstrate only the feasibility of employing this innovative technique by using a 

relatively limited number of samples, which were available for this study. This is just 

an estimate of what NIR spectroscopy is able to do in terms of analytical 

performance.   

 

3.3. Preliminary study on cannabis resins 

When discussing cannabis samples, the first image that comes to mind is that of dry 

inflorescence buds. Effectively, this is the most common appearance of cannabis 

samples (and the reason for which it was decided to prioritize this type of sample in 

the first part of this work), but not the only one. This next part of the present work 

was dedicated to the exploration of the applicability of NIR spectroscopy to another 

type of cannabis sample: resins. Resins consist of brown/black bricks of a compressed 

solid fabricated from the resinous parts of the female inflorescences and are 

characterized by high THC contents. This is a very common sample in a forensic 

context, since it is largely used for recreational purposes. As cannabis inflorescences, 

this is a challenging sample to analyze by NIR spectroscopy. In fact, in addition to its 
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heterogeneity, its dark brown/black color can interfere with the reflectance measured 

during NIR analysis. Moreover, its physicochemical properties are unpredictable and 

variable, which are aspects that should be taken into account during model 

calibration. 

For this part of the study, 45 resin samples, consisting of those from police seizures, 

were analyzed to evaluate the applicability of NIR spectroscopy to predict their THC 

concentration. UHPLC-UV analysis was performed to obtain the reference values, 

which confirmed the expected high THC concentration values of most samples. In 

fact, the THC concentration range was from 6.56 to 35.84% (w/w). Figure S4 of the 

supplementary material shows an UHPLC-UV chromatogram obtained from the 

analysis of a resin sample, as an example. Unfortunately, the samples available for the 

study did not cover a large range of concentrations, and this sample shifted and was 

dense at high THC concentrations (only 11% of samples presented THC content < 

20% (w/w)). This does not represent the best conditions for the calibration of a 

quantitative model since it does not allow a proper representation of low THC 

concentration samples. 

Nevertheless, NIR analyses were performed with both spectrophotometers (MicroNIR 

and NIR-S-G1) to evaluate the performance of the spectrophotometers. NIR spectra 

samples were preprocessed by applying a Savitzky-Golay 2nd derivative and SNV 

normalization to reduce irrelevant information from spectra. Figure S5 shows the NIR 

spectra before and after preprocessing. The Kennard-Stone algorithm was used to 

split spectra into calibration and validation sets (2/3:1/3). A PLS model was then built 

for each spectrophotometer by using the spectra acquired during the analysis. Table 5 

reports the analytical performance of these models. Analyzing the results, one can 

state that the MicroNIR spectrophotometer also outperformed the other equipment for 

this application. In fact, the MicroNIR device allowed obtaining a lower RMSEP 

(1.46% versus 3.87%) and higher coefficients of determination in calibration, cross-

validation and prediction. As mentioned for cannabis inflorescences, the technical 

features of the spectrophotometer are fundamental to assure the success of its 

application. Figure 4 shows the correlation between the NIR predictions and UHPLC 

results that were obtained for both models. The integration of this dataset with the 

spectra collected from low THC samples would help refine model accuracy. 

 

4. Conclusions 
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The aim of this work was to demonstrate the feasibility of the quantitative 

applications of NIR spectroscopy to the in-field-based analysis of cannabis samples. 

The applicability of this technique for the quantitative analysis of THC of the two 

main types of cannabis samples has been demonstrated. To the best of our knowledge, 

this is the first work describing a quantitative application of NIR spectroscopy to 

entire cannabis inflorescences and resins and more specifically employing handheld 

devices allowing for in-field analyses. 

However, when approaching cannabis sample analysis by NIR spectroscopy, it is 

essential to consider certain crucial aspects. First, the chemometric model should be 

specific for a defined physical form of sample. Second, instrumental features have to 

be considered as well, since several handheld devices are now available on the 

market, but not all necessarily fit with the complexity of the analytical target or with 

the intended purpose. Cannabis samples, due to their heterogeneity and continuous 

changes in their chemical profile, can be challenging to properly analyze. A large 

sample size is needed in order to correctly represent all the naturally occurring 

variabilities. Predictions should be done within the range used to calibrate the 

chemometric model. Moreover, before routine applications, the quantification range 

should be determined through proper validation studies. To avoid false predictive 

results in routine application, one shall first apply a one class classification (of the 

type of nearest neighbours for instance) so as to exclude predictive regression on 

spectra that are too different from the calibration set. 

NIR models need to be implemented with new samples when the analytical target 

may present physicochemical variation. Concerning the pharmaceutical context, when 

relevant changes in the cultivation process occur, such as a different strain of cannabis 

or changes in the cultivation parameters that can have an impact on the chemical 

profile of the product, a new calibration process would be necessary. Similarly, a new 

calibration process would be needed when the physical properties change (passing 

from entire to ground samples, etc.). 

In a forensic context, implementation with new samples should be a continuous 

process since cannabis samples vary greatly over time and regions where they are 

illegally sold. For this reason, it is essential to continuously implement a library of 

NIR spectrophotometers with representative samples. 
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Table 1. 

Some details about the two handheld NIR devices used for this study.  

Parameters NIR-S-G1 MicroNIR 

Wavelength range (nm) 900 – 1700  950 – 1650 

Light source Two integrated vacuum tungsten halogen lamps Two integrated vacuum tungsten lamps 

Mode Reflectance Reflectance 

Measurement time 8.32 s (32 scans) 0.8 s (100 scans) 

Sample window 0.35 cm2 7 cm2 

Dispersing element Digital light processing (DLP) Linear variable filter (LVF) 

Detector 1 mm InGaAs uncooled 128 pixels InGaAs photodiode array 

Signal to noise ratio 5000:1 25000:1 

Integration time 1 s 10 ms 

Weight 136 g 250 g 

Number of data points 228 125 

Cost Low Middle 
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Table 2. 

Details about the GA-PLS models built to predict the THC content in three different physical forms of cannabis inflorescences by using a NIR-

S-G1 and MicroNIR system.  

 NIR-S-G1 MicroNIR 

PLS details Entire 

inflorescences 

 

Ground 

inflorescences 

Sieved 

inflorescences 

Entire 

inflorescences 

Ground 

inflorescences 

 

Sieved 

inflorescences 

 

No LVs 6 7 7 6 4 4 

RMSEC 1.74 0.88 0.86 0.74 1.02 0.96 

RMSECV 2.79 1.62 1.99 0.98 1.28 1.08 

RMSEP 2.07 1.99 1.55 1.04 1.78 1.75 

Bias 0.01 -0.02 0.01 0.00 0.00 0.00 

CV bias -0.02 0.04 0.02 0.01 0.06 -0.00 

Prediction bias -0.03 0.43 0.22 0.23 0.92 1.34 

R2 calibration 0.93 0.96 0.98 0.98 0.94 0.98 

R2 CV 0.82 0.85 0.90 0.97 0.91 0.97 

R2 prediction 0.73 0.74 0.93 0.93 0.76 0.77 

RPD 1.95 1.00 2.48 4.54 1.46 2.86 

No LVs, number of latent variables; RMSEC, root mean squares error of calibration; RMSECV, root mean squares error of cross-validation; 

RMSEP, root mean squares error of prediction; CV bias, cross-validation bias; R2 CV, determination coefficient in cross-validation; RPD, ratio 

of prediction to deviation. 
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Table 3. 

Details about the model built to predict the THC content in entire cannabis inflorescences by using a MicroNIR system.   

Model details  

RMSEC 2.04 

RMSEP 1.75 

R2 calibration 0.91 

R2 prediction 0.85 

Prediction bias 0.21 

RPD 2.52 

RMSEC, root mean squares error of calibration; RMSEP, root mean squares error of prediction; R2, determination coefficient; RPD, ratio of 

prediction to deviation. 

 

  

Jo
ur

na
l P

re
-p

ro
of



Table 4. 

Quantitative data on THC content used to evaluate the agreement between the two analytical methods, UHPLC and NIR. The table includes also 

the true values, the relative difference percentages, the bias and the values of the limits of agreement used to obtain the Bland-Altman plot. 

 

Sample No Conc UHPLC 

 (% w/w) 

 

Conc  

NIR 

(% w/w) 

True value (% w/w) Relative difference percentage (%) 

1 19.8 19.2 19.8 3.03 

2 16.7 16.4 16.7 1.80 

3 17.0 16.5 17.0 2.94 

4 13.1 15.6 13.1 -19.08 

5 14.5 14.0 14.5 3.45 

6 10.4 11.6 10.4 -11.54 

7 7.0 9.0 7.0 -28.57 

8 16.2 15.7 16.2 3.09 

9 20.2 19.5 20.2 3.47 

10 16.3 17.0 16.3 -4.29 

11 13.2 14.4 13.2 -9.09 

12 19.5 15.1 19.5 22.56 

13 17.7 16.1 17.7 9.04 

14 6.4 7.8 6.4 -21.88 
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Bias (%) -3.22 

Std. Dev. (%) 13.57  

uLoA (%) 23.37 

lLoA (%) 29.81 

Sample No, sample number; Conc UHPLC, THC concentration obtained by UHPLC; Conc NIR, THC concentration obtained by NIR; True 

value, THC concentration obtained by UHPLC; Relative difference, relative difference between Conc UHPLC and Conc NIR; Bias, average of 

relative difference percentages; Std. Dev., standard deviation of relative difference percentages; uLoA, upper limit of agreement; lLoA, lower 

limit of agreement.   
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Table 5. 

Details about the GA-PLS models built to predict THC content on resin samples by using NIR-S-G1 and MicroNIR systems.  

PLS details MicroNIR 

 

NIR-S-G1 

 

No LVs 5 6 

RMSEC 2.45 4.25 

RMSECV 2.50 5.19 

RMSEP 1.46 3.87 

bias 0.02 0.03 

CV bias 0.04 0.01 

Prediction bias -0.14 -1.06 

R2 calibration 0.87 0.72 

R2 CV 0.87 0.59 

R2 prediction 0.67 0.02 

RPD 2.26 1.51 

No LVs, number of latent variables; RMSEC, root mean squares error of calibration; RMSECV, root mean squares error of cross-validation; 

RMSEP, root mean squares error of prediction; CV bias, cross-validation bias; R2 CV, determination coefficient in cross-validation; RPD, ratio 

of prediction to deviation. 
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Figure legends 

Figure 1:  GA-PLS models: UHPLC quantification vs. NIR predictions of total THC content 

on entire (a, b), ground (c, d) and sieved (e, f) cannabis inflorescences by MicroNIR (a, c, e) 

and NIR-S-G1 (b, d, f). 

Figure 2: UHPLC quantification vs. NIR predictions of total THC content on entire cannabis 

inflorescences by a) ensemble regression models and b) GA-PLS model built on MicroNIR. 

Figure 3: Bland-Altman plot built on the basis of the THC quantitative results obtained by 

UHPLC and NIR. 

Figure 4:  GA-PLS models: UHPLC quantification vs. NIR predictions of total THC content 

on cannabis resins by MicroNIR and NIR-S-G1. 

 

Fig. 1, Deidda et al.  
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Fig. 2, Deidda et al.  

 

 

Fig. 3, Deidda et al.  
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Fig. 4, Deidda et al.  
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