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I 

Abstract 
 

Riot control agents, such as pepper spray and tear gas can be misused antagonistically 

and for criminal purposes. The legality of personal possession of pepper spray and tear 

gas varies between countries, and in Sweden, it is illegal to carry them in public. Pepper 

sprays and tear gases are commercially available and can be acquired from several web 

shops. In addition, there are several web pages and YouTube videos describing how to 

make homemade pepper spray by extraction of chilies. In this study, the aim was to 

examine if the identity and origin of analysed homemade pepper spray and commercial 

pepper spray and tear gas could be determined, based on chemical attribution 

signatures. Thirteen different chili types were acquired from six different distributors 

and 27 self-defence canisters of pepper spray and tear gas were acquired from two 

different distributors. Extracts of chilies and commercial pepper sprays and tear gases 

were analysed by GC-MS. By application of OPLS-DA, it was possible to differentiate 

between species, chili type and distributor/origin of the chilies. Furthermore, it was 

possible to differentiate between producer, label and batch number of the commercial 

pepper sprays and tear gases. The generated models were validated by application of an 

external test set consisting of chili acquired and extracted at a later instance, and by 

application of samples of seized commercial pepper spray and tear gas. In addition, 

residues of homemade pepper spray and commercial pepper spray and tear gas on 

surfaces were sampled up to six days after application, and their identity and origin 

were predicted. The models displayed high predictability, which enables them to be 

used for prediction of identity and origin of seized homemade and commercial pepper 

spray and tear gas. However, additional commercial pepper sprays and tear gases should 

be analysed in future and added to the models, in order to cover a wider range of 

producers and labels.     
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1. Introduction 
 

Riot control agents (RCAs) such as pepper spray and tear gas, are defined as substances 

used as a counter for civil disturbances [1]. The purpose with the use of pepper spray 

and tear gas is to temporarily disable subjects, and they have been described as non-

lethal with a large margin of safety from amounts that causes intolerable effects to 

amounts that causes serious adverse responses [2]. Pharmacologically, pepper spray and 

tear gas interact with sensory nerve receptors of mucosal surfaces and the skin at the 

exposed site resulting in local discomfort and/or pain together with consequential 

reflexes [2]. Profuse lacrimation is a result when pepper spray and tear gas are applied 

to the eyes, which causes temporarily blindness resulting in fear and disorientation of 

the exposed subject [1]. The use of RCAs by the law enforcement during riot control 

situations is allowed, but is forbidden to be used in warfare according to the chemical 

weapon convention (CWC) [3]. The legality of personal possession of pepper spray and 

tear gas for self-defence varies between countries. In Sweden, it is illegal for civilians 

to carry pepper spray or tear gas in public, and one is required to have a firearm license 

to possess one [4]. Pepper spray and tear gas can also be misused antagonistically and 

in criminal acts. In 2017 in Turin, Italy, pepper spray was shoot into a crowded city 

square with the purpose to steal valuable belongings [5]. The subsequent panic resulted 

in over 1500 people being injured and death of one person. A similar event happened in 

2018, in Italy as well, at a concert in Corinaldo, where a discharge of an irritant 

substance, believed to be pepper spray, caused panic that resulted in more than 50 people 

being injured and six people dying [6]. Attacks where homemade pepper spray have 

been used have also been reported [7-9]. Due to the potential and possibility of RCAs to 

be used antagonistically, there is a desire to acquire measures for analysis of RCAs at 

FOI [10]. 

 

The active ingredient of pepper sprays is oleoresin capsicum (OC)[1], which is a liquid 

extract of dried fruits of chili peppers, of the genus Capsicum [11]. More than 100 

compounds have been identified in OCs [11]. However, it is the capsaicinoids that are 

responsible for the pungent principle in chili peppers [12], as well as the disabling effect 

of pepper sprays [13]. Capsaicinoids interact with the vanilloid receptor subtype 1 

(TRPV1), which results in a burning sensation and pain [14].  Capsaicin and 

dihydrocapsaicin (see Figure 1) are the most abundant, constituting about 90 % of the 

total amount of capsaicinoids in chili peppers [15].The amounts of capsaicinoids, and 

consequently the pungency, varies between the types of chili [11]. There are five 

domesticated species of Capsicum; C. annuum, C. baccatum, C. chinense, C. frutescence 

and C. pubescens [16], where the most pungent chili types are found in C. chinense [17]. 

In addition to pepper sprays prepared from OC, nonivamide (synthetic capsaicin) (see 

Figure 1) is synthesized and used as active ingredient as well [1]. Despite its name, 

nonivamide is a naturally occurring capsaicinoid present in minor quantities in chili 

peppers [18]. Examples of active ingredients of tear gases are 2-chloroacetophenone 

(CN), dibenz[b,f][1,4]oxazepine (CR) and 2-chlorobenzalmalononitrile (CS), where CS 

(see Figure 1) is the most commonly used active ingredient [19]. CS can be prepared 

synthetically by condensation of 2-chlorobenzaldehyde and malononitrile [11]. 
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Figure 1. Chemical structure of (A) the capsaicinoids capsaicin, dihydrocapsaicin and nonivamide, and (B) 

chemical structure of CS. A) Capsaicin and dihydrocapsaicin are the major constituents of capsaicinoids found in 

chili peppers, whereas nonivamide is a minor constituent. Though, nonivamide is made synthetically to be used as 

active ingredient in some pepper sprays. B) CS (2-chlorobenzalmalononitrile), the most common active ingredient of 

tear gases.  
 

Analysis of pepper sprays and tear gases have been made repeatedly by applying either 

High Performance Liquid Chromatography (HPLC) or Gas Chromatography (GC) for 

separation, together with a suitable detection technique, such as Mass Spectrometry 

(MS) [13, 20-24]. The pungency of chilies as well as pepper sprays are often reported in 

Scoville Heat Units (SHU) [25], which are determined by quantifying the total amount 

of capsaicinoids present, usually using HPLC [26].  

 

Pepper spray and tear gas can be dispersed as aerosols from pressurized containers [1]. 

The containers contain the active ingredient and additives such as solvent/carrier and 

propellant. In addition to different labels and design of the container, the formulation of 

these products differs. Furthermore, the OC mixture in pepper sprays varies depending 

on several factors, such as type of chili used, the maturity of the fruit, the growing 

environment used for the plant, and conditions used during extraction [27]. When labels 

have been removed from the containers prior to the seizure of RCAs, analysis of the 

actual formulation is of increased interest in order to obtain information about the 

identity and origin of the RCA, which could be of forensically significance. Obtaining 

forensic information about identity and origin of threat agents can be done by extraction 

of chemical attribution signatures (CAS) that consists of a fingerprint of molecular 

features [28-31]. In this study, the hypothesis was that the variation of formulations of 

different homemade and commercial pepper sprays and tear gases could be analysed by 

GC-MS and CAS could be extracted. Thereafter, that the pepper sprays and tear gases 

could be differentiated by the application of multivariate statistical methods. 

Furthermore, that models based on pepper sprays and tear gases of known identities, 

could be used to predict and match seizures of unknown identity. 

 

In earlier studies, it has been displayed that it is possible to detect residues of pepper 

spray on fabrics, where the detection and determination of relative amounts of 

capsaicinoids were made [32]. However, it was explained in the study how comparison 

of relative amounts of capsaicinoids may not be conclusive evidence to match the 

residues to a specific canister. In this study, it was indented to examine if CAS of 

forensic significance, could be extracted from sampled residues of RCAs and if the 

identity and origin could be predicted.  

 

Aim and objectives of the master thesis 

The aim of this master thesis was to examine if identity and origin of homemade pepper 

spray and commercial pepper spray and tear gas could be determined from extracted 

CAS. Furthermore, to examine if identity and origin of seized- and residues of pepper 

spray and tear gas could be determined. The resulting objectives were to analyse 

homemade pepper spray and commercial pepper spray and tear gas using GC-MS, and 
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subsequently extract CAS that contain information about their identity and origin. 

Furthermore, generate multivariate statistical models and subsequently predict the 

identity and origin of seized- and residues of pepper spray and tear gas.  

2. Popular scientific summary including social and ethical 

aspects 

 

2.1. Popular scientific summary 

Pepper spray and tear gas can serve a purpose for personal defence for civilians and for 

riot control by law enforcements. However, pepper spray and tear gas can be used as 

offensive weapons as well. Several incidents have been reported where pepper spray 

was used by criminals to create panic and steel valuable belongings from people. Pieces 

of evidence found at a crime scene can be of great importance when a crime is to be 

solved. The label of a pepper spray or tear gas canister found at a crime scene can often 

reveal from where the canister was purchased from. Further investigations could then be 

made to find out the identity of the buyer, which could be the criminal of interest. 

However, it becomes more difficult when the label has been removed from the canister 

by the criminal, or if the pepper spray was made at home by extraction of chilies. In such 

cases, chemical analysis of the content of the canister becomes necessary. In this study, 

contents of homemade pepper spray and commercial pepper spray and tear gas were 

chemically analysed. It was found that the chemical composition of chili differed 

depending on where they were purchased from. For the commercial pepper sprays and 

tear gases, it was found that the chemical composition differed between producers. 

Statistical models for homemade pepper spray were generated that could predict which 

distributor the chili was purchased from. Statistical models were also generated that 

could predict the producer of commercial pepper spray and tear gas that had been found 

at crime scenes. This means that the models generated can be used to provide useful 

information for solving crimes where pepper spray and tear gas have been used.  
 

2.2. Social and ethical aspects 

As mentioned, the legality of possession of pepper spray and tear gas and the use of them 

as self-defence weapons varies between countries. Either way, people who have the right 

to carry and use RCAs also have a great responsibility to not misuse them. Misuse of 

RCA would include the use of it as a weapon not intended for defence by civilian, or by 

unmotivated use of it by law enforcements. In addition, as mentioned, the use of RCAs 

in warfare is forbidden according to CWC [3]. Responsibility should also be taken when 

working with pepper spray and tear gas in a laboratory environment. The experimental 

set up should be designed to minimize exposure of the irritant substances for any 

personnel. In addition, as always in a laboratory, suitable measures should be ready if 

unintended exposure of RCAs would occur. In this study, RCAs were analysed and 

models were generated, in order to develop analytical methods that could provide 

information of forensic significance, when misuse of RCAs has occurred.  
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3. Experimental 
 

RCAs included in this study were homemade pepper spray and commercial pepper spray 

and tear gas. The work of this thesis was divided into two parts, with homemade pepper 

spray in one and commercial pepper spray and tear gas in the other. To resemble 

homemade pepper sprays, OC were extracted from acquired chilies.  
 

3.1. Homemade pepper spray  
 

3.1.1. Included chili types  

Thirteen different chili types from three different species were included in this study 

(Table A1). Carolina Reaper, Bhut Jolokia, Habanero (C. chinense) and Piri-Piri (C. 

frutescens) were chosen due to their pungency. Chili types from the species C. annuum 

were included due to their availability. Additional chili types from C. chinense were 

acquired when they became available, in order to obtain a larger number of more 

pungent chili types. Attempts to acquire additional chili types than Piri-Piri from C. 

frutescens were made, though, none were available at the time of this study. Due to that, 

Piri-Piri was the only chili type from C. frutescens that was included.  
 

3.1.2. Extraction of chili 

The extraction procedure followed the same methodology of a YouTube video [33] of 

how to extract capsaicinoids from peppers in order to mimic a plausible method used for 

making of homemade pepper sprays. Fresh chilies were cut into smaller pieces, placed 

on aluminium foil and dried in oven at approximately 50 °C for 72h, until dry. The dried 

chilies were grinded into powders using pestle and mortar. Chilies that were purchased 

as dried were grinded into powders as well, whereas no further preparations were made 

for chilies that were purchased as powders. Thereafter, 0.1-3.0 g of each chili were added 

to separate vials together with 1-30 mL of acetone, to a concentration of 0.1 g dry 

chili/mL. The extractions were made in two rounds, round 1 and round 2. Round 1 was 

performed in prior to this study, by Lina Mörén at FOI. All chili samples in batch 1-3 

were extracted in both round 1 and round 2, except for batch 1 of Carolina Reaper and 

batch 1 of Piri-Piri that were only extracted in round 1 (Table A1). All chili samples in 

batch 4 were extracted in round 2. All samples were extracted in triplicates in both 

extraction rounds, except for batch 2, round 2 of Carolina Reaper and batch 1, round 2 

of Bhut Jolokia. The capped vials were thereafter inverted twice a day for seven days. 
 

3.2. Commercial pepper spray and tear gas 
 

3.3.1. Included commercial pepper sprays and tear gases  

27 self-defence canisters, 19 pepper sprays and eight tear gases, acquired from two 

different web shops were obtained from the Swedish Defence Materiel Administration 

(FMV) (see Table A11). The pepper sprays originated from six different producers. In 

addition, two of the pepper sprays had gel formulations, compared to the other defence 

sprays which had liquid formulations. The pepper sprays had the active ingredient OC 

or nonivamide (OC/N). The tear gases originated from three different producers. All tear 

gases had CS as the active ingredient.  
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3.4. Sample preparation 
 

3.4.1. Homemade pepper spray 

After seven days, extracts were filtrated through coffee filters into new vials. The 

volumes were reduced under nitrogen gas to a volume of 1 mL. 5-150 μL (depending on 

amount of chili weighed in, 3.0g – 0.1g) of the extracts were then added to GC-vials 

together with dichloromethane (DCM), to a final volume of 200 μL.  

 

3.4.2. Commercial pepper spray and tear gas 

Each canister was shaken before a volume of approximately 1-5 mL was discharged into 

a 100 mL glass bottle. A 300 μL aliquot of the discharged volume was transferred to a 

300 μL GC-vial, which was capped and placed in freezer for storage until GC-MS 

analysis. This was done in triplicates for each canister. After the gel-sprays (see Table 

A11) were discharged, the gel formulations were diluted in acetone to a concentration 

of 0.1 g gel/ mL acetone, before a 300 μL aliquot was transferred to a 300 μL GC-MS 

vial. The remaining discharged volumes from every triplicate were each combined and 

collected in 7-15 mL vials, which were capped and placed in freezer for storage. 
 

3.5. GC-MS analysis 

The samples were analysed, in a randomized order, by GC-MS. Two solvent blanks were 

analysed between each sample, to minimize carryover. A quality control (QC) sample, 

containing a series of alkanes, was analysed as well in order to be able to determine 

retention indices (RIs). The samples were analysed on an Agilent 7890 gas 

chromatograph coupled to an Agilent 5975 MSD. A 30 m DB-5MS column (inner 

diameter 0.25 mm, film thickness 0.25 µm, from J&W Scientific) was used to separate 

the compounds together with a flow rate of 1 mL He/min. The samples were introduced 

at a volume of 1 µL using an autosampler (Agilent 7683B). Splitless injection was 

applied and the injection port temperature was set at 200 °C. The oven temperature was 

held at 40 °C for 1 min, ramped at 10 °C/min to 300 °C, and held for 5 min. Mass 

fragments between 29-550 m/z were collected.  

 

3.6. Data processing  

The chromatograms of the GC-MS analysis were examined in Automatic Mass Spectral 

Deconvolution and Identification System (AMDIS)[34]. The analysed QC sample was 

used to perform a RI calibration. Two libraries including all peaks from all the obtained 

spectra of all samples from the homemade pepper sprays and the commercial sprays, 

respectively, were thereafter built. The detected molecular features were identified using 

NIST Mass Spectral Library 2.3 (as of 2017). Thereafter, each spectrum was processed 

through the library, with a minimum match factor of 70 %. The acquired data were 

exported as a data matrix with rows of samples and columns of molecular features, 

together with the area of the peaks (relative concentrations). For each sample, the areas 

of each peak were divided with the total area of all peaks of that sample in order to 

normalize the data from instrumental drift of sensitivity. The normalized data were 

imported into SIMCA (SIMCA 15.0; Sartorius Stedim Biotech Goettingen, Germany) 

for multivariate data analysis. 

 

3.7. Multivariate data analysis 

3.7.1. Principal Component Analysis 

Prior to multivariate data analysis, the data were log transformed and UV-scaled. 

Initially, the data were analysed by principal component analysis (PCA) [35]. PCA is an 

unsupervised projection method used to display and interpret the variation in a data set. 
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Principal components (PCs) are generated, which explain the systematic variation (TBT) 

of the variables included in the data set. In this study, the variables were the molecular 

features detected and identified from the mass spectral data. The data matrix (X) was 

built on molecular features (the variables) in columns, samples in rows, together with 

the measured relative concentration of the molecular features. A PCA model can be 

summarized by the following equation:  

 

X = TPT + E 
 

where the variation of the data matrix X consists of the systematic variation TBT and the 

residual (E), unexplained variation in the data matrix. The TPT consist of scores (T) and 

loadings (P). Score- and loading vectors are calculated for each PC, where a score vector 

is built of score values for all samples included. A PCA was done for the data set of the 

homemade pepper spray and the commercial sprays, respectively, in order to obtain an 

overview of the variation of the data, observe groups, and to detect outliers (deviating 

samples).  

 

3.7.2. Orthogonal Projection to Latent Structures – Discriminant Analysis  

Thereafter, Orthogonal Projection to Latent Structures-Discriminant Analysis (OPLS-

DA) [36] was applied. OPLS-DA is a supervised projection method, where 

differentiation between pre-defined sample classes can be obtained due to variation 

between them. OPLS relates the data matrix (X) to the response (Y), where the 

systematic variation in X is divided into variation related to Y and variation unrelated 

(orthogonal) to Y. An OPLS model can be summarized by the following equation: 
 

X = TpPT
p + ToPT

o + E 

Y = TpCT
p + F 

 

where the variation of the data matrix X consists of variation related (TpPT
p) to Y and 

orthogonal (ToPT
o) to Y. E and F consist of the non-systematic variation (residual).  

OPLS-DA uses a binary dummy matrix, where the samples have the value 1 for the pre-

defined class they belong to, and the value 0 for the pre-defined classes they do not 

belong to. Using OPLS, the data (X) is then correlated to the dummy matrix (Y), to yield 

a model intended to separate the sample classes and display variables that contribute to 

the observed separation.  

 

3.7.2.1. OPLS-DA – Homemade pepper spray 

OPLS-DA was applied in order to differentiate the chili samples based on species, chili 

type, and origin (distributor). That is, different OPLS-DA models were generated, each 

built from one of the pre-set classes in order to obtain models that could be subsequently 

used to differentiate species, chili type and lastly the origin (distributor) of the chili 

(Figure A1). Variables displaying a lower significance to the class separation of interest 

were excluded from the models. The variable selection was based on model weight 

values (w*) where w* < w*average ± 1.5 SD were excluded or by excluding variables 

displaying a Variable Importance for the Projection (VIP) value < 1.0. 

 

3.7.2.2. OPLS-DA – Commercial pepper spray and tear gas  

The commercial pepper sprays and tear gases were divided into classes depending on 

active ingredient, additives, producer, label, and batch. Identification of active ingredient 

and additives were made by qualitative assessment of the chromatograms of each 

canister. Thereafter, OPLS-DA was applied in order to differentiate the pepper sprays 

and tear gases based on producer, label, and batch. That is, different OPLS-DA models 
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were generated, each built from one of the pre-set classes in order to obtain models that 

could be subsequently used to differentiate producer, label and batch of the defence 

spray (Figure 2 and Figure A6).  

 
Figure 2. Route of differentiation of commercial pepper sprays included in this study, from additive class, 

producer, label, to batch.  

 

3.7.3. Validation of models 

All models, of both homemade and commercial pepper spray and tear gas, were 

validated using cross validation (CV), where the replicate samples were included in the 

same CV-group to avoid overfitting. Cross-validated score plots were generated and 

evaluated for all models. Furthermore, all OPLS-DA models were evaluated by 

examining the number of components together with the measures R2X, R2Y and Q2. 

These three measures state the fraction of the described variation in the data, the fraction 

of the between-class variation described, and the fraction of the between-class variation 

predicted estimated by cross-validation, respectively. Lastly, the most significant 

variables (molecular features) that differentiated the classes in each OPLS-DA model, 

were examined based on loadings and correlation coefficients.  
 

3.7.3.1. Validation of homemade pepper spray models - Prediction of species, chili 

type and distributor/origin 

In order to further validate the OPLS-DA models, an external test set was obtained from 

a third round of extraction, consisting of chili extracts from the same species and chili 

types but purchased and extracted months later than the chilies included in the models. 

Chili types included were Carolina reaper (C. chinense), Bhut Jolokia (C. chinense), 

Habanero (C. chinense), Piri-Piri (C. frutescens), and Jalapeño (C. annuum). The chilies 

were acquired from the web shop kryddlandet.se (KL) in dried form, except for Jalapeño 

which was bought fresh from ICA (local grocery store) and dried in oven at 50 °C, until 

dry. The chilies were from different batches than the ones previously analysed, except 

for Habanero. The dried chilies followed the same procedure of extraction and sample 

preparation as described. The 18 replicates, three replicates of Carolina Reaper, Bhut 

Jolokia and Habanero and six replicates (two different batches) of Piri-Piri, were 

analysed by GC-MS with the same parameters/settings as described. The obtained data 

were processed as stated and the spectra of all samples were processed through the same 

library, and the molecular identities in each sample with a match factor > 70 % were 

exported, normalized, and imported to SIMCA where the data set was predicted in the 

models. The obtained t-predicted score scatter plots and predicted Y values for all models 

were examined and evaluated.  

 

3.7.3.2. Validation of commercial pepper spray and tear gas models - Prediction of 

identity of seized pepper spray and tear gas 

Samples of seized self-defence sprays were provided by the Swedish National Forensic 

Centre (NFC). Unlabelled seized defence sprays were predicted in order to obtain 

knowledge/guidance of identity and origin, whereas labelled seized defence sprays were 

predicted in order to validate and evaluate the predictability of the models. In total, 131 



 
  
 

 

8 

samples in 300 μL GC-vials were provided with additional information of their 

appearance such as colour, measures, label of canister, or if the labels had been removed. 

The samples were analysed by GC-MS, as described earlier. 86 of the samples had been 

analysed prior to this study at FOI by Tobias Tengel and Lina Mörén, whereas 45 of the 

samples were analysed by the author of this thesis. The obtained data were subsequently 

processed through the library built from the commercial pepper sprays and tear gases of 

known identity. The resulted data matrix was used as a test set to the generated models 

of pepper spray and tear gas of known identity, in order to examine if the identity and 

origin of the seized defence sprays could be predicted.  

3.8. Sampling and analysis of pepper spray and tear gas residues from surfaces 

and fabric 
 

3.8.1. Pepper sprays and tear gases included 

Pepper spray and tear gas were sampled on four different surfaces. Two commercial 

pepper sprays; Protect Pfeffer-Spray Anti-Dog 50 mL (KKS), US Police Pepper Spray 

40 mL (AFG), and one homemade from Carolina Reaper chili extract, were included. 

These pepper sprays were selected to include both homemade pepper spray and 

commercial pepper spray from more than one producer. The tear gas CS Eurogas Trillion 

40 mL (AFG) was included as well.   

 

3.8.2. Sampling from surfaces and fabric 

The included floor types were clinker, plastic carpet and wooden floor. The fourth 

surface was cotton fabric. These surfaces were chosen to resemble events where pepper 

spray or tear gas have been used, which resulted in that residues of the spray ended up 

on the floor, or on the clothes of the victim or suspect. Volumes of the defence sprays 

that had been collected during sample preparation (see p. 5), were applied in volumes of 

100 μL using a pipette to an area of 10 cm x 10 cm on each floor type, and to a 2 x 3 cm 

piece of cotton fabric placed in a 7 mL vial. The Carolina Reaper chili extracts used 

were the triplicate of the test set prepared for model validation (see p.7) diluted 10 x in 

acetone. Cotton fabric was the only surface that was included for the Carolina Reaper 

chili extract. Addition of 100 μL of each included pepper spray and tear gas were made 

nine times for each surface, and sampling were done in triplicates after 5-6 h, 3 days and 

6 days. That is, four defence sprays, were added on four surfaces, sampled at three time 

points, in triplicates. The surfaces with the applied sprays were kept in fume hoods. 

Cotton tipped applicators were used for the sampling of the floors. They were dipped in 

ACN, and the 10 cm x 10 cm area of the floor with the applied residue was swabbed 

thoroughly. The tip of the applicator was removed and placed in a 2 mL vial with 1 mL 

ACN. The cotton fabric was submerged in 3 mL of ACN at the certain time point of 

sampling. The vials with the sampled floor and cotton fabric were capped and placed in 

an ultrasonic bath for 10 min for extraction of the pepper spray and tear gas. The extracts 

were transferred to new vials, the volumes were reduced to 200 μL under nitrogen gas 

and placed in freezer for storage until GC-MS analysis. Each surface was analysed at 

separate times by GC-MS and each replicate was analysed in a randomized order. The 

obtained data were subsequently processed through the library built from the 

commercial pepper sprays and tear gases. The data of the homemade pepper spray were 

processed through the library of homemade pepper spray. The resulted normalized data 

matrices were used as test sets to the generated models of the commercial pepper sprays 

and tear gases, and of the homemade pepper sprays, in order to examine if the identity 

and origin of the sampled material could be predicted.  
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4. Results and Discussion 
 

4.1. Data processing 

The data of the homemade pepper sprays were processed through the constructed library 

and 2043 features, in total, were detected. However, after exclusion of features only 

present in two observations (replicates) or less, 1122 molecular features remained. The 

data of the commercial pepper sprays and tear gases were processed through the other 

constructed library and a total of 3167 features were detected. Exclusion of features only 

present in two observations or less resulted in 1180 molecular features remaining. 

Identification of the detected features were made using standard library searches. 

Unidentified features were named according to their RIs and retention times.  
 

4.2. Multivariate data analysis - Homemade pepper spray 

 

4.2.1. Differentiation between species of chili 

To differentiate between the three species included in this study, C. chinense, C. 

frutescens and C. annuum, OPLS-DA was applied with the three species as pre-defined 

classes. After exclusion of variables with low significance to the class separation (w* < 

w*average ± 1.5 SD), 273 variables remained in the model and a complete separation 

between the three species resulted. The CV-score plot of the model is presented in Figure 

A2 in appendix. The reaming variables constituted each species CAS and to ensure that 

it was the total molecular profile that differed between the species, and not the pungency, 

the capsaicinoids were excluded and the resulted OPLS-DA model was evaluated. The 

model displayed the same number of components and values of R2X, R2Y and Q2 as 

the model with the capsaicinoids included. This indicated that it was not the amount of 

capsaicinoids (pungency) that contributed to the observed difference between the 

species. Molecular features that distinguished the species were examined, where the 

most prominent and significant ones are presented in Table A2 in appendix. Some 

molecular features were unique for a certain species i.e. detectable only in one species. 

Whereas some molecular features were detected in all species, but in different relative 

concentrations. 

 

4.2.1. Differentiation between chili types within species  

To differentiate chili types within each species, OPLS-DA models were generated with 

type of chili as pre-defined classes. Two models were generated for types of chili in C. 

chinense and C. annuum, respectively. Since Piri-Piri was the only type of chili in C. 

frutescence included in this study, no model was generated based on chili type within 

that species.  

 

4.2.1.1. C. chinense 

The chili types Carolina reaper, Bhut Jolokia and Habanero were included. Those three 

were chosen due to the hypothesis of them to be selected for preparation of homemade 

pepper sprays, due to their pungency and relative ease to acquire. The other five chili 

types included in the species were hard to acquire and therefore only extracted once and 

in one batch resulting in too few replicates. The CV-score plot of the model is presented 

in Figure A2 in appendix. The final model, consisting of 227 variables, showed a 

complete separation between the three chili types. The chili types displayed to have 

unique molecular features, as well as shared molecular features that differed in relative 

concentration between the three chili types. For instance, benzyl benzoate, which can 

function as an insect repellent [37], was only detected in Carolina reaper. Certain fatty 

acids and esters were also found to be unique for each of the three chili types.   
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4.2.1.2. C. annuum 

For the chili types within C. annuum (see Figure A2 in appendix), a clear separation was 

obtained between the red and green chilies (the first predictive component), most likely 

due to molecular features present at different stages of ripening. In addition, the three 

green chili types were completely separated (the second and third predictive 

component). The final model consisted of 102 variables, where the most prominent and 

significant ones are presented in Table A2 in appendix. All four chili types displayed to 

have unique molecular features. Unique molecular features of red Dutch chili included 

Vitamin E and some fatty acids. Unique molecular features of Padrón, Jalapeño and 

green Dutch chili were detected but not identified.  
 

4.2.2. Differentiation of chili type acquired from different distributors/origins   

To examine if a certain chili type differed depending on its origin, OPLS-DA models 

were generated with distributor as pre-defined classes. One model was generated for 

every chili type that was acquired from more than one distributor, which were the case 

for Carolina reaper, Bhut Jolokia, Habanero, Piri-Piri and Jalapeño. Models could not 

be generated for Bhut Jolokia and Jalapeño, i.e. between-distributor-variation could not 

be extracted. However, models could be generated for Carolina reaper, Habanero and 

Piri-Piri (CV-score plots of the models are presented in Figure A3 in appendix), where 

a complete separation depending on the distributor of the chili types was obtained. The 

final models included 134 variables for Piri-Piri, 185 for Carolina, and 134 for Habanero, 

where the most prominent and significant ones are presented in Table A2 in appendix. 

Example of a molecular feature found in Piri-Piri from only one distributor was 8-

Methylnonanoic acid, which is as a precursor in the biosynthesis of dihydrocapsaicin 

[38] and a possible degradation product of dihydrocapsaicin. Due to that, the observed 

difference depending on distributor of Piri-Piri was likely due to different countries of 

origin, stages of ripening of the chili or drying temperatures during production. 

Molecular features for Carolina reaper that differed between the origins were mostly 

unidentified ones, with the exception of certain esters that were that were found to be 

specific for each distributor. Habanero acquired from KL contained specific amides and 

fatty acid, whereas Habanero acquired from ICA contained specific ester and additional 

unidentified molecular features. Habanero acquired from Willys (local grocery store) 

contained only one specific, unidentified, molecular feature. Due to the large amount of 

cultivars of Habaneros available [39], a likely reason for the observed difference 

depending on origin of the Habaneros is that different distributors offer different 

cultivars of Habanero. 
 

A summary of all final OPLS-DA models described are presented in appendix Table A3. 

Extracts of the three species included in the study could be differentiated. Furthermore, 

several chili types within C. chinense and all analysed chili types within C. annuum 

could be differentiated. In addition, three out of five chili types acquired from more than 

one distributor could be separated depending on their origin.  
 

4.2.3. Prediction of species and chili type 

For further validation of the models, a test set was applied. The acquired data of the five 

chili types from the third round of analysis were applied to the OPLS-DA models. The 

results from the prediction in the models based on species and chili types are presented 

in Figure A4. The predicted Y values for each sample in each model are presented in 

Table A4-6 in appendix. All samples were correctly classified based on their species and 

chili type indicating that it was possible to extract specific CAS that could be used to 

predict the species and chili type of seized homemade pepper sprays. 
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4.2.4. Prediction of distributor 

Furthermore, the origin of Carolina reaper, Habanero and Piri-Piri were all correctly 

predicted (see Figure A5 and Table A7-9 in appendix). Interestingly, as stated, Carolina 

reaper and Piri-Piri used in the test set were from other batches then the ones used in the 

models showing that the origin of these chili types could be classified correctly without 

the need of them originating from the same production batch.  Reasons for this 

systematic variation between the distributors could be due to different countries of 

origin, different stages of ripening of the chili before harvesting, as well as different 

growing environments. These results indicate that it was possible to extract specific CAS 

that could be used to predict the distributor/origin of chili used in seized homemade 

pepper sprays. 

 

4.3. Multivariate data analysis - Commercial pepper spray and tear gas   

 

4.3.1. Initial classification of active ingredient, form and additives 

Before modelling, each acquired defence spray were classified based on active 

ingredient, i.e. CS and OC/N (see Figure A7 for chromatograms). In addition, further 

classification was made based on their form, i.e. gel- or liquid formulations. Thereafter, 

OPLS-DA models were constructed based on producer, label and batch number (or 

expiration date). For the pepper sprays (OC/N as active ingredient), an OPLS-DA model 

could not be generated based on producer. A likely reason for this was that each producer 

provides defence sprays with different formulations (OC/N and additives), in addition, 

the different producers have defence sprays that share similar formulations. Due to this, 

all pepper sprays were further classified based on their additives in addition to their 

active ingredients (detected presumable solvent/carrier and propellant from GC-MS 

analysis) (see Figure A7). This resulted in five additive classes, presented in Table 1. 

Thereafter, for classes where more than one defence spray was present, an OPLS-DA 

models based on producer were generated, which were the case only for additive class 

1. Additive class 2 included four of five sprays originated from the producer ESP. 

Additive class 3, 4 and 5 included only one defence spray each and no model were 

therefore generated for those three classes. The subsequent generation of OPLS-DA 

models based on producer, label and batch number (or expiration date) for pepper spray 

within additive class 1 and 2, and tear gas, are described below.  
 

Table 1. Classification of pepper spray based on additives.  

Additives  Producer/Pepper spray Class # 

Isopropanol and Dipropylene glycol AFG, KKS*, SDG¤ 1 

Isopropanol and Propylene glycol ESP^ 2 

Butyl diglycol Police RSG Pepper-Spray (KKS) 3 

Ethanol, Isopropanol and Glycerol Nock Out Pfefferspray Jet (SDG) 4 

Tetrachloroethylene Hurricane Flashlight (KKS) 5 

* Except Police RSG Pepper-Spray. ¤ Except Nock Out Pfefferspray Jet. ^ Except Hurricane Flashlight.  
 

4.4.1. Commercial tear gas - Differentiation between tear gas from different 

producers 

The eight acquired tear gases with CS as active ingredient originated from three different 

producers (see Table A11), where five sprays originated from AFG, one from KKS and 

one from SDG. To differentiate between the three producers, OPLS-DA was applied. 

After exclusion of variables only present in two observations (replicates) or less, 352 

variables remained in the model. The CV-score plot of the model is presented in Figure 

A8 in appendix. A complete separation between the three producers was obtained. The 
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reaming variables constituted the CAS of each producer. The molecular features that 

distinguished the producers were examined and the most prominent and significant ones 

are presented in Table A12. The three producers displayed to have some unique 

molecular features. Unique molecular features indicate that each producer uses different 

synthesis routes and/or reagents with different impurities during the production of CS. 

In addition, some molecular features were identified in all three producers, but in 

different relative concentrations.  
 

4.4.2. Commercial tear gas - Differentiation between tear gases from a producer by 

batch number  

The five CS defence sprays from AFG did all have different labels, indicating different 

sorts of defence sprays. However, no OPLS-DA model could be generated based on their 

different labels, indicating that no systematic variation was present in the formulations 

of the different labelled defence sprays. All five defence sprays were marked with the 

same expiration date, indicating that they all had been produced at the same instance and 

originated from the same batch. A PCA was generated, which separated the sprays into 

two groups, with three defence sprays in one group and two in the other. An OPLS-DA 

were generated with the defence sprays divided into the two groups as pre-defined 

classes. 212 variables remained after exclusion of variables present in two observations 

or less. A complete separation between the groups were observed in the CV-score plot 

of the model (Figure A8 in appendix). Molecular features that differentiated between the 

groups were examined and the most prominent and significant ones are presented in 

Table A12. Molecular features that were only present in all replicates of one of the 

groups included nonivamide and nonanoic acid, which have been identified in OC 

formulas in this study. This observed difference between the two groups of CS defence 

sprays from AFG indicates that they have been prepared at two separate instances, one 

where impurities from the preparation of pepper spray were still present. Due to this, the 

two groups were treated as originating from two separate batches.  
 

4.5.1. Commercial pepper spray - Differentiation between pepper spray from 

different producers 

To differentiate between the pepper sprays within additive class 1, an OPLS-DA model 

was generated with producer as pre-defined class. The model included four pepper 

sprays from AFG, four from KKS and two from SDG. 454 variables remained after the 

ones only present in two or less observations were excluded. A complete separation 

between the three producers were obtained in the CV-score plot (see Figure A9 in 

appendix). The reaming variables constituted the CAS of each producer. The most 

prominent and significant molecular features are presented in Table A12 in appendix. 

Each producer displayed to have unique molecular features. Molecular features that 

were common for all producers, but in different relative concentrations, were identified 

as well.  

 

4.5.2. Commercial pepper spray - Differentiation between different labelled pepper 

sprays from a producer  

To differentiate different labelled pepper sprays from a producer, OPLS-DA models 

were generated for each producer with label as pre-defined classes. Two models were 

generated for pepper sprays from KKS and SDG within additive class 1, respectively. 

OPLS-DA model based on the label of sprays from AFG could not be generated, 

indicating that those all shared the same formulation (as observed for the tear gases from 

AFG).  
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4.5.2.1. From KKS 

A complete separation between the two labels OC 5000 (two canisters) and Protect 

Pfeffer-Spray Anti-Dog (two canisters) was achieved (see Figure A9 in appendix). The 

model consisted of 270 variables after exclusion of ones only present in two observations 

or less. The most prominent and significant molecular features are presented in Table 

A12 in appendix. Each label displayed to have unique molecular features, indicating that 

the two labels have unique formulations.  

4.5.2.2. From SDG 

A complete separation between the two labels Pepperspray Dragon RedCap (one 

canister) and Pepperspray Dragon BlackCap (one canister) was achieved (see Figure A9 

in appendix). The model consisted of 255 variables after exclusion of ones only present 

in two observations or less. The most prominent and significant molecular features are 

presented in Table A12 in appendix. Information stated on the canister disclosed that 

RedCap contained 12 % OC whereas BlackCap contained 8 % OC. However, some 

molecular features were unique for each label, such as icosane for RedCap and octanoic 

acid for BlackCap. This indicates that the same OC was not used for preparation of the 

two different labelled canisters. In addition, the two canisters had different batch 

numbers and expiration dates. This indicates that the unique molecular features of the 

two labels were due to two different OC formulas used during different manufacturing 

batches.  

 

4.5.3. Commercial pepper spray – Differentiation of different labelled gel-pepper 

sprays 

Two pepper sprays had a gel-formulation instead of a liquid. OPLS-DA was applied 

with their labels as pre-defined classes. After exclusion of variables only present in two 

observations or less, 66 remained. The CV-score plot of the model is presented in Figure 

A9 in appendix. A complete separation between the gels-pepper sprays were obtained. 

The most prominent and significant variables are presented in Table A12 in appendix. 

By examining the molecular features unique for each gel-pepper spray, it was found that 

the First Defence Red Pepper Gel MK-3 was prepared from OC, whereas Walther Pro 

Secur Pepper gel 360° was prepared from nonivamide. Since First Defence Red Pepper 

Gel MK-3 contains capsaicinoids, fatty acids and esters whereas Walther Pro Secur 

Pepper gel 360° contains nonivamide and its synthetic precursors vanillin and nonanoic 

acid.  

 

4.5.4. Commercial pepper spray - Differentiation between pepper spray from a 

producer by batch number 

To differentiate labels of pepper spray by their different batch numbers, OPLS-DA 

models were generated with batch number as pre-defined classes. Two models were 

generated for the pepper sprays labelled OC 5000 and Protect Pfeffer-Spray Anti-Dog, 

respectively. One model was generated for all pepper sprays from AFG and one model 

was generated for all pepper sprays within additive class 2, which were four pepper 

sprays from the producer ESP. As for the different labelled pepper sprays from AFG, no 

OPLS-DA model could be generated for the four sprays from ESP based on their labels, 

indicating that the four sprays share the same formulation.  

4.5.4.1. OC 5000  

A complete separation between the two pepper sprays with different batch numbers were 

obtained (see Figure A10 in appendix). The model consisted of 249 variables after 

exclusion of variables only present in two observations or less. The most prominent and 

significant molecular features are presented in Table A12 in appendix. All molecular 
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features listed in the table were unique features for each batch. Identified features 

includes specific fatty acids and esters. A likely reason for this observed difference of 

molecular features between batches is that different batches of OC were used in the 

preparation of the pepper sprays.  

4.5.4.2. Protect Pfeffer-Spray Anti-Dog  

A complete separation between the two pepper sprays with different batch numbers were 

obtained (see Figure A10 in appendix). The model consisted of 224 variables after 

exclusion of variables only present in two observations or less. The most prominent and 

significant molecular features are presented in Table A12 in appendix. Unique molecular 

features of each batch were, for instance, specific esters. Here as well, a likely reason 

for the observed difference of molecular features between batches is that different 

batches of OC were used in the preparation of the pepper sprays. 

4.5.4.3. From AFG 

As the four pepper sprays from AFG could not be differentiated based on their labels, 

an OPLS-DA model was generated based on batch numbers (expiration dates). Three of 

the sprays originated from one batch, whereas one originated from another. A complete 

separation between the two batches was obtained (see Figure A10 in appendix). The 

model consisted of 234 variables after exclusion of variables only present in two 

observations or less, with the most prominent and significant variables presented in 

Table A12 in appendix. The three sprays from one batch shared unique molecular 

features only found in that batch. No unique molecular features were found for the other 

batch. The other variables consisted of molecular features found in both batches.  

4.5.4.4. From ESP (additive class 2) 

The four pepper sprays of additive class 2, all from ESP, could not be differentiated 

based on their labels. Therefore, an OPLS-DA model was generated based on batch 

numbers (expiration dates). Two of the sprays originated from the same batch, whereas 

the other two originated from two other batches. A complete separation between the 

three batches was obtained (see Figure A10 in appendix). The model consisted of 137 

variables after exclusion of variables only present in two observations or less. The most 

prominent and significant variables are presented in Table A12 in appendix. Each batch 

displayed to have unique molecular features as well as molecular features found in all 

three batches.  

 

A summary of all final OPLS-DA models for commercial pepper spray and tear gas are 

presented in Table A13 in appendix. Producers of pepper spray and tear gas could be 

differentiated. Furthermore, different labelled canisters from a producer could be 

differentiated. In addition, pepper spray and tear gas from the same producer or with the 

same label, could be differentiated based on their batch number. 

4.6. Prediction of identity of samples of seized pepper spray and tear gas 

All analysed samples of seized self-defence sprays were qualitative assessed and were 

classified based on active ingredient, form and additives. The classified samples were 

thereafter used as a test set in the generated OPLS-DA models and their producer, label 

and batch number were predicted. Unlabelled seized defence sprays were predicted to 

obtain knowledge/guidance of identity and origin, whereas labelled seized defence 

sprays were predicted to validate and evaluate the predictability of the models. A 

predicted Y value of > 0.65 was set as a criterion for a sample to be classified to a certain 

class. 
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4.6.1. Seized tear gas  

In total, 30 samples of seized defence sprays had CS as active ingredient. The origin of 

these samples was predicted by applying them as a test set to the OPLS-DA model based 

on producer of tear gas with CS as active ingredient (see Figure A11). Four samples 

displayed a predicted Y value > 0.65 for the producer AFG (see Table A14 in appendix), 

indicating that the samples originated from the producer AFG. The four samples were 

subsequently applied as a test set to the OPLS-DA model based on batch number of CS 

defence sprays from the producer AFG (see Figure A11). Two of the four samples 

displayed a predicted Y value > 0.65 for one of the batches, indicating them to originating 

from that batch. The other two samples obtained a predicted Y value < 0.65 for one batch 

each (see Table A15 in appendix). The supplied information of the samples provided by 

NFC revealed that one of the samples that had a Y value > 0.65 for AFG as producer, 

had the label CS Eurogas, which matches a tear gas included in this study with the label 

CS Eurogas trillion, that originated from AFG. The seized CS Eurogas was predicted to 

not belong to the same batch as the one included in this study. The labels of the other 

samples from NFC had been removed by the user before the seizure. However, the 

measures of the canisters (height and width) matched with the seized CS Eurogas sample 

and all sprays acquired from AFG included in this study, indicating that the four samples 

of seized tear gas originated from the producer AFG. 

 

4.6.2. Seized pepper spray 

In total, 15 samples of seized defence spray had OC/N as active ingredient and additives 

of the ones included in this study (additive class 1-5, see Table 1). Each sample where 

assessed and classified based on the detected additives. Four samples were detected to 

have the same additives as class 1 and five samples were detected to have the same 

additives as class 2. In addition, two samples were detected to have the same additive as 

class 3 and three samples were detected to have the same additive as class 4.  

 

4.6.2.1. Additive class 1 

The four samples of seized pepper spray of additive class 1 were applied as a test set to 

the OPLS-DA model based on producer within additive class 1 (see Figure A12). Two 

samples displayed a predicted Y value > 0.65 for KKS and one sample displayed a 

predicted Y value > 0.65 for SDG (see Table A16). One sample displayed a predicted Y 

value of 0.64 for KKS and were considered to be classified as originating from KKS as 

well. The four samples were subsequently applied as a test set to the OPLS-DA models 

based on label of pepper sprays from the producers they each were predicted to originate 

from (see Figure A12). One sample displayed a predicted Y value > 0.65 for the label 

OC 5000 and one sample displayed a predicted Y value > 0.65 for the label Protect 

Pfeffer-Spray Anti Dog (see Table A17), from the producer KKS. The sample (#99) 

with a predicted origin from SDG displayed a predicted Y value of 0.66 for the label 

Pepperspray Dragon RedCap (see Figure A12). The samples with a predicted label of 

OC 5000 and Protect Pfeffer-Spray Anti Dog were applied to each respective OPLS-DA 

model based on batch number of the labels (see Figure A13). The two samples (#63 and 

#94) displayed each a predicted Y value > 0.65 to one of the two batches included in the 

two models (0.75 and 0.86 for one batch of OC 5000 and Protect Pfeffer-Spray Anti 

Dog, respectively).  

 

In summary, three samples of seized pepper spray were predicted to originate from the 

producer KKS and one from SDG. Two of the samples predicted to originate from KKS 

were predicted to have the labels OC 5000 and Protect Pfeffer-Spray Anti Dog, 

respectively. Furthermore, those two samples were predicted to originate from one of 
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the batches included in each model. The sample predicted to originate from SDG were 

predicted to have the label Pepperspray Dragon RedCap. However, the supplied 

information of the samples provided by NFC revealed that the sample predicted to have 

the label Protect Pfeffer-Spray Anti Dog and the sample predicted to originate from KKS 

but was not predicted to any of the two labels, actually had the label Pfeffer Spray KO 

Jet KO Zombie Columbia, originating from the company ECommerce-Live GmbH. 

Though, further investigation revealed that the producer of that pepper spray most likely 

was KKS. Since the characteristic shape, size and accessories of the canister matched 

the one of OC 5000 (label from KKS), indicating that KKS provide products to other 

companies. The samples predicted as OC 5000 differed in length compared to the one 

included in this study. However, it is likely that the sample is a defence spray of smaller 

size (e.g. 40 mL, which is available from KKS) compared to the one included in this 

study (50 mL). The supplied information revealed that the identity of the spray predicted 

to be labelled Pepperspray Dragon RedCap from SDC actually was labelled Defense 

NATO Red Pepper. No information was found indicating that Defense NATO Red 

Pepper originated from SDG or that they share the same producer. These results indicate 

that additional defence sprays from additional producers are required to be analysed and 

modelled, in order to obtain a more conclusive prediction of origin and identity of seized 

defence sprays.  

 

4.6.2.2. Additive class 2 

The five samples of seized pepper spray within additive class 2 were applied to the 

OPLS-DA model based on batch numbers of pepper sprays within additive class 2 (four 

of five pepper sprays from ESP). All samples displayed a predicted Y value < 0.65, 

giving no strong indication of the samples belonging to any of the two batches included 

in this study (see Table A18). However, the five samples were given the presumed 

identity of originating from ESP due to the detected additives.  

 

4.6.2.3. Additive class 3 and 4 

Since there was only one defence spray each of class 3 and 4 included in this study, no 

model of defence sprays within those two classes could be generated. Instead, the 

samples of seized pepper sprays of additive class 3 and 4 were given the presumed 

identity of the defence sprays of additive class 3 and 4; Police RSG Pepper-Spray (KKS) 

and Nock Out Pfefferspray Jet (SDG), respectively. However, one sample of seized 

pepper spray of additive class 3 were labelled “Pro Secur”, whereas the other sample 

were unlabelled. Therefore, no conclusive identity of the unlabelled sample could be 

made. Additional labels of pepper sprays with same additive as class 3 would be required 

to be analysed and modelled in order to be able to obtain a better prediction of identity 

of the unlabelled sample. Two of the three samples of seized pepper spray of additive 

class 4 shared the same length, width and appearance as Nock Out Pfefferspray Jet 

(SDG), indicating that they shared the same identity. The third sample did not share the 

same length. Therefore, a conclusive identity for that sample could not be given.  

 

4.6.2.4. Seized gel-pepper spray 

One of the samples had a gel-formulation with OC/N as active ingredient. The supplied 

information from NFC revealed that the canister was labelled Walther Pro Secur Pepper 

gel 360°, i.e. the same label as one of the two gels-pepper sprays included in this study. 

The sample was applied as a test-set to the OPLS-DA model based on label of gel-pepper 

sprays. The identity of the seized gel-pepper spray was correctly classified as Walther 

Pro Secur Pepper gel 360° (see Figure A12) with a predicted Y value of 0.65.  
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4.6.3. Summary of seized defence sprays 

Samples of the seized defence sprays with their predicted identities are summarized in 

Table A19. Four samples of seized tear gas were predicted to originate from AFG. 

Producer and label were predicted for five samples of seized pepper sprays, where one 

faulty prediction was made for the sample labelled “Defense NATO Red pepper”. Ten 

samples of pepper sprays were given a presumed identity based on their additives, where 

the identity of the sample labelled “Pro Secur” were faulty presumed. The correct 

prediction of producer and label of the samples of seized CS Eurogas and Walther Pro 

Secur Pepper gel 360°, respectively, displays the validity of those generated OPLS-DA 

models for prediction of samples of unlabelled seized defence sprays. However, the 

faulty prediction and faulty presumed identities display the need of additional pepper 

sprays and tear gases to be analysed, to cover a wider range of producers and labels in 

the models, in order to obtain correct prediction of identity and origin.  

 

4.7. Prediction of identity of sampled pepper spray and tear gas residues from 

surfaces and fabric 
 

4.7.1. Detection and identification of homemade pepper spray from textile material  

The extracted textile material with Carolina Reaper (C. chinense) displayed, in addition 

to the capsaicinoids, the characteristic chemical profile. This was the case for all 

replicates and for all time points analysed. Furthermore, the species of the chili was 

correctly predicted for all replicates and time points (Figure 3 and Table A10). However, 

prediction of type of chili could not be made successfully (data not shown). Even if the 

prediction of chili type could not conclusively predict all replicates of the chili extracts 

to be from Carolina Reaper, the distributor of Carolina Reaper was predicted, which 

gave exclusively correct classification (data not shown). These results display that the 

species of chili used for a homemade pepper spray can be predicted from extracts of 

textile material, independently of time of application up to at least six days. This 

information could be of relevance in cases where residues of suspected homemade 

pepper spray is present on the clothing of the victim or the suspect. 

 

4.7.2. Detection and identification of commercial pepper spray and tear gas from 

textile material and surfaces  

The active ingredient (OC/N and CS) was detected for each sampled residue for each 

time point and surface, with a declining relative concentration by time. The additives of 

the pepper sprays Protect Pfeffer-Spray Anti-Dog (KKS) and US Police Pepper Spray 

(AFG) (additive class 1) were detected at all time points and surfaces, which enables the 

constructed methodology of classification of additives prior to modelling of sampled 

residues as well. The producer of all sampled residues of the pepper sprays and tear gas 

from all four surfaces were correctly predicted in the respective OPLS-DA models 

(Figure 3 and Table A20, A22 and A23), except for one replicate for US Police Pepper 

Spray (AFG) from clinker at 6 day-time point (located at the origin in the t-predicted 

score scatter plot, see Figure 3). Though, prediction of batch number for CS Eurogas 

Trillion (AFG) could not be made conclusively (see Table A21). However, batch 

number for US Police Pepper Spray (AFG) were correctly predicted for all samples (see 

Table A26), except for one replicate each for clinker, wooden floor and textile material 

at time point 5-6 h. The label of Protect Pfeffer-Spray Anti-Dog (KKS) was in general 

successfully predicted at all surfaces, with a lower amount of correct prediction with 

time (Table A24). Furthermore, the batch number of Protect Pfeffer-Spray Anti-Dog 

(KKS) were correctly predicted from residues of the textile material except for one 

replicate at time point 3 days, whereas the batch number of the residues from the other 
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three surfaces were incorrectly predicted except for one replicate of time point 5-6 h for 

plastic carpet and wooden floor (Table A25). These results display that pepper spray and 

tear gas can be sampled from several different surfaces in a time period up to at least six 

days. In addition, CAS can be identified along with the active ingredient. As a result, 

prediction of identity and origin of the pepper spray or tear gas can be made successfully.  

 
Figure 3. t-predicted score scatterplot of OPLS-DA model based on (A) species of chili, (B) producer of tear 

gas and (C) producer of pepper spray within additive class 1. The test set, sampled residues from surfaces, is 

represented as white symbols with shapes indicating their classification. A) Carolina Reaper (C. chinense) extracted 

from textile material were predicted to three species C. chinense (red circles), C. frutescens (yellow triangles) and C. 

annuum (green squares). B) CS Eurogas Trillion (AFG) sampled from the four different surfaces, predicted to the 

three producers: SDG (turquoise triangles), KKS (purple squares), and AFG (beige circles). C) Protect Pfeffer-Spray 

Anti-Dog from KKS (white triangles) and US Police Pepper Spray from AFG (white circles) sampled from the four 

different surfaces, predicted to the three producers: SDG (turquoise triangles), KKS (purple squares), and AFG (beige 

circles). The sample located at the origin displayed the same predicted Y value for AFG as for KKS.   



 
  
 

 

19 

4.8. Forensic applicability   

These results display that the generated OPLS-DA models could be used in a sequential 

order for homemade pepper sprays and commercial pepper sprays and tear gases, to 

predict their identities and origins. For homemade pepper spray, the models could be 

used in a sequential order to predict the species, the chili type and the origin/distributor 

of chili used in homemade pepper sprays (see Figure A4-A5). The sequential order for 

prediction of Habanero (C. chinense), included in the test set in this study, is presented 

in Figure 4 where species (C. chinense), chili type (Habanero) and origin/distributor 

(KL) were correctly predicted. For commercial pepper spray and tear gas, the models 

could be used in a sequential order to predict first producer, then label and lastly batch 

number (see Figure A11-A13) 

 

These results indicate that samples of seized homemade and commercial pepper sprays 

and tear gases, as well as residues on surfaces, can be analysed by GC-MS, followed by 

data processing and prediction in the generated models, in order to acquire information 

of identity and origin of the pepper spray and tear gas. This could be of forensic interest. 

That is, the information gained can be of relevance in an investigation perspective for 

the law enforcement to track and match samples of seized defence sprays. 

 

  
Figure 4. Sequential order of prediction of species, chili type and distributor (origin) to track and match seized 

homemade pepper spray. The test set is represented as white symbols with shapes indicating their classification and 

the sequential order shows correct prediction of a chili pepper extract of Habanero from species (C. chinense), chili 

type within C. chinense (Habanero), to distributor (KL).
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5. Conclusions and Outlook 
 

5.1. Homemade pepper spray 

In this study, it was possible to extract CAS that contained information about species, 

type of chili and distributor/origin of chilies that could be used to prepare homemade 

pepper sprays. The generated models could differentiate species, type of chili and 

distributor, and could be used for prediction of homemade pepper spray. All models of 

homemade pepper spray generated gave correct classification of an external test set. In 

addition, residues of homemade pepper spray on textile material could be extracted and 

the species of chili could be correctly classified. The high predictability enables the 

models to be used for prediction of identity and origin of seized homemade pepper 

sprays and residues on clothing. 

 

5.2. Commercial pepper spray and tear gas 

It was as well possible to extract CAS that contained information about producer, label 

and batch number of commercial pepper sprays and tear gases. The generated models 

could differentiate between producer, label and batch number, furthermore, could be 

used for prediction of samples of seized commercial pepper spray and tear gas. Correct 

classification was obtained for samples of both labelled seized pepper spray and tear gas, 

furthermore, identities of unlabelled ones could be predicted. However, the observed 

incorrect classification of a few of the labelled samples display the need of additional 

pepper sprays and tear gases to be analysed in the future in order to cover a wider range 

of producers and labels in the models, to obtain correct prediction of identity and origin. 

Residues of commercial pepper sprays and tear gas on four different surfaces could be 

sampled and the producer of the pepper sprays and tear gas were correctly classified. 

The predictability of the models displays the possibility of them to be used for prediction 

of identity and origin of seized commercial pepper spray and tear gas, and residues on 

floors and clothing. However, additional pepper sprays and tear gases should be 

analysed in future and included in the models, to cover a wider range of self-defence 

sprays and to obtain an even higher predictability. 
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Appendix 
 

Appendix 1 - Homemade pepper spray 

 

Table A1. Types of chili included in the study. Species, SHU and batch (form and distributor) of the chili types are 

stated. 

    Batch 1  Batch 2  Batch 3  Batch 4  

Species Chili type Form  Distributor Form  Distributor Form  Distributor Form  Distributor 

C. chinense 

Carolina Reaper 
Dried               EF Dried          KL Powder                       KL     

SHU 1 569 000  

Carboruga 
            Fresh                CL 

SHU 1 500 000 

Bhut Jolokia 
Dried           KL Dried                EF Powder                      KL     

SHU > 1 000 000 

7 Pot Yellow 
            Fresh                 CL 

SHU 800 000 – 1 000 000 

7 pot Bubblegum 

Chocolate             Fresh          CL 

SHU 700 000 – 800 000 

Habanero 
Fresh                 ICA Dried             KL Powder                  KL Fresh  Willys 

SHU 300 000 

Fatalii Brown             Fresh              CL 

SHU 300 000         

Big Peach Mojo 

 
      Fresh              CL 

C. frutescens 
Piri-Piri 

Dried              ICA  Dried               KL Powder                    KL     
SHU 100 000 

C. annuum 

Jalapeño (green) 
Fresh                   ICA Fresh                     EF  Fresh COOP     

SHU 4 000 – 8 000 

Dutch Chili (red) 
            Fresh  Willys 

SHU 2 500 – 5 000 

Padrón (green) 
            Fresh                ICA 

SHU 2500 

Dutch Chili (green) 
            Fresh  Willys 

SHU < 2 500 - 5 000 

SHU denotes approximate Scoville Heat Units given by the distributors (together with information obtained from 

chilepeppar.com and chilli-seedz.com if absent from the distributors). The SHU for Big Peach Mojo is not known. 

Form shows at which state, fresh, dried or powder, the chili was purchased. Distributor shown at which store/web 

store the chili was purchased. KL denotes kryddlandet.se, EF denotes extremefoods.se and CL denotes chililovers.nu. 

ICA, Willys and COOP are names of local grocery stores. Batch 1-3 were extracted in triplicates in both round 1 and 

2, except for batch 1 Carolina Reaper and batch 1 Piri-Piri that were only extracted in round 1. Batch 4 was extracted 

in round 2.   
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Figure A1. Route of differentiation of homemade pepper spray from unknown identity to species, type of chili, 

and distributor of the chili.  
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Figure A2. Cross-validated score scatter plot of OPLS-DA model based on (A) species, (B) chili type in C. 

chinense, and (C and D) chili type in C. annuum. A) All replicates analysed from the three species; C. chinense 

(red circles), C. frutescens (yellow triangles) and C. annuum (green squares) were included. B) All replicates analysed 

of Carolina Reaper (red triangles), Bhut Jolokia (orange circles) and Habanero (yellow squares) were included. C 

and D) All replicates analysed of red Dutch chili (red squares), green Dutch chili (green triangles), Padrón (blue 

inverted triangles) and Jalapeño (yellow circles) were included.   
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Figure A3. Cross-validated score scatter plot of OPLS-DA model based on distributor of (A) Piri-Piri, (B) 

Carolina Reaper and (C) Habanero. A) All Piri-Piri replicates plotted acquired from KL (blue circles) and ICA 

(red triangles). B) All Carolina Reaper replicates plotted acquired from KL (blue circles) and EF (orange squares). 

C) All Habanero replicates plotted acquired from KL (blue circles), Willys (green triangles) and ICA (yellow squares).  
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Table A2. The most prominent and significant molecular features that differentiated the classes of the OPLS-

DA models of the homemade pepper spray.  

Model 

based on 
Class Molecular Features 

Species 

C. chinense 

Tetradecenoic acid 

2-Methylbutyl-8-

methylnon-6-

enoate   

8-Methylnon-6-

enoic acid 
(precursor to 

capsaicin) 

Hexyl 3-
methylbutanoate 

3-Hexenyl 
methylbutyrate 

RI=1808.2, 

18.4min  

(fatty acid *)  

14-Pentadecenoic 
acid * 

6-Methylhept-4-en-

1-yl 3-

methylbutanoate 

Isobutyl 8-

methylnon-6-

enoate 

Stearic acid 

Isopentyl 8-

methylnon-6-

enoate 

8-Methyl-6-
nonenamide 

Cadinene Cubebene *  Nonacosane * 

8-Methylnonanoic 

acid (precursor to 

dihydrocapsaicin) 
    

C. frutescens 

Methyl 
tetradecanoate  

Octadecane * Carvone * 
1-

Acetylpyrrolidine 
RI=1602.3,  
16.1 min  

Linoleic acid 
Methyl 

octadecenoate 
4-Methylpent-4-en-

2-one 

1-

Methylpyrrolidin-

2-one 

RI=965.6, 7.1 min 

2-Methyl-
heptadecane * 

RI=1616.5, 

16.2 min 
(unsaturated 

carbon chain *) 

RI=1645.4, 16.5 min 

(unsaturated carbon 

chain *) 

6,10,14-

trimethylpentadec
a-5,9,13-trien-2-

one 
 

C. annuum 

RI=797.3, 4.5 min  RI=824.6, 4.9 min  2,4-Heptadienal RI=977.1, 7.3 min 2,4-Decadienal 

RI=1167.5,  
10.2 min  

RI=814.0, 4.8 min 
(alcohol *) 

2-Decenal 2-Octenal 
RI=1460.8,  

14.4 min (alkane) 

RI=1921.9, 
19.5min 

2,4-Decadienal Phytol RI=990.9, 7.5min  
RI=1596.5,  
16.0 min  

2-heptenal   
    

Chili type 

within C. 

chinense 

Carolina 
Reaper 

Benzyl benzoate 

RI=2343.4, 23.4 

min (capsaicinoid 

*) 

RI=1403.2, 13.6 min  Farnesene 
RI=1770.9,  
17.9 min  

RI=2150.8,  
21.7 min  

RI=1132.0,  
9.7 min  

RI=2069.8, 21.0 min  
RI=2107.3,  

21.3 min (ester)  

6-Methyl-4-

heptenyl 2-

methylpropanoate 

Dihydrocapsaicin 

RI=2658.0,  

25.8 min 

(capsaicinoid *) 

Terpinyl acetate 5-Hydroxymaltol 
RI=1415.3,  
13.7 min  

RI = 1306.5,  
12.3 min 

RI = 1233.0,  
11.2 min  

     

Bhut Jolokia 

RI=1640.1,  

16.5 min 

(unsaturated ester) 

Hexyl 
hexadecanoate 

RI=1870.4,  
19.0 min (ester)  

14-

Methylpentadec-
9-enoic acid 

methyl ester 

RI=2087.9,  

21.1 min 

(unsaturated ester) 

RI=1391.0,  
13.4 min  

RI=2324.1, 
23.2min  

RI=2325.7, 23.2 min  Tridecanoic acid * RI=829.6, 5.0 min  

Tricosane  

RI=1624.0,  

16.4 min (fatty 

acid) 

RI=1973.0, 20.0min 

(unsaturated fatty 

acid) 

RI=1634.7,  

16.4 min 

(unsaturated ester) 

RI=1942.7,  
19.7 min  
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Habanero 

RI=2606.4,  

25.5 min  

RI=1417.3,  

13.8 min  

RI=2008.9, 20.4 min 

(alcohol)  

6-Methyl-4-

heptenyl 
pentanoate 

RI=947.4, 6.8 min  

3-Methyl-N-octyl-

butyramide 

RI=2449.2,  

24.3 min  
RI=919.0, 6.3 min  RI=900.1, 6.2 min  

RI=2004.0, 

 20.3 min  

Citronellyl 

isovalerate * 

RI=1719.9,  

17.4 min  

RI=1771.8, 18.1 min 

(unsaturated ester) 

RI=1353.5,  

12.9 min  
 

Chili type 

within C. 

annuum 

Red Dutch 

chili 

Vitamin E 
n-Hexadecanoic 

acid 
Tetradecanoic acid RI=872.1, 5.6 min  

RI=2146.7,  

21.7 min  

RI=1657.3,  

16.7 min  

RI=3071.5,  

29.0 min  

5-

Hydroxymethylfurfu
ral 

RI=2040.6,  

20.7 min 

Dimethyl-

benzaldehyde  

RI=1706.6,  

17.2 min  

4-Methylpentyl 8-

methylnon-6-
enoate 

RI=1942.2, 19.7 min RI=900.1, 6.2 min  

N-

tetradecylacetami
de 

Green Dutch 

chili 

Pentadecanoic acid 

8-Methyl-6-

nonenoic acid 

(precursor to 

capsaicin) 

RI = 1874.1,  

19.1 min 

RI= 991.2,  

7.6 min 

RI = 1227.0,  

11.1 min 

RI = 1756.7,  

17.8 min 

RI = 2702.5,  

26.2 min 

RI = 1908.1,  

19.4 min 

RI = 1964.2,  

20.0 min (fatty 

acid *) 

 

Padrón 

RI=1012.6,  
8.0 min  

RI=946.4, 6.9 min  RI=1886.3, 19.2 min  
RI=1558.9,  
15.5 min  

N-Methyl-2-
pyrrolidone 

RI=1722.3,  
17.5 min  

5-Hydroxymaltol RI=2301.0, 23.1min  
2-Methylbutanoic 

acid   
RI=906.4, 6.3 min  

Jalapeño 

RI= 1589.8,  
15.9 min 

Benzeneacetaldeh
yde 

RI=1294.0, 12.0 min 
RI = 1569.0,  

15.7 min 
Dimethyl sulfone 

2,4-Decadienal RI=977.1, 7.3 min RI=1160.9, 10.1 min RI=946.4, 6.8 min  

Distributor 
of Piri-Piri 

ICA 

RI=1209.0,  
10.9 min  

RI=1190.6,  
10.6 min  

RI=1442.9, 14.1 min 
(terpene *) 

Dihydro-ionone 

RI=1513.1,  

15.0 min (terpene 

*) 

RI=1629.1,  
16.4 min  

1-(3,5-ditert-

butyl-4-
hydroxyphenyl)pr

opan-1-one      

KL 

2,2,4-Trimethyl-

1,3-pentanediol 

diisobutyrate 

8-Methylnonanoic 

acid (precursor to 

dihydrocapsaicin) 

Eugenol * 

4-

Methylpentanoic 

acid 

Hexanoic acid 

Nonanoic acid 

3,5-dihydroxy-6-

methyl-2,3-
dihydropyran-4-

one   

2-Methylbutyl 8-
methylnon-6-enoate 

2-Acetylpyrrole 
RI=1657.3,  
16.7 min  

Carvone * 
    

Distributor 

of Carolina 

Reaper 

EF 

RI=1736.5,  
17.6 min  

RI=1680.5,  
16.9 min  

RI=1489.2, 14.8 min  
RI=1155.3,  
10.0 min  

RI=1244.7,  
11.5 min  

RI=2422.3,  
24.0 min  

RI=1656.8,  
16.7 min  

RI=1743.5, 17.6 min  
RI=2427.6, 
 24.1 min  

RI=1298.5,  
12.1 min  

Hexyl 
hexadecanoate * 

RI=2079.5,  
21.0 min  

Methyl 
hexadecanoate   

RI=2315.1,  
23.2 min  

RI=778.9, 4.2 min  

KL 

RI=1889.1,  
19.2 min  

Octyl isovalerate RI=1545.8, 15.4 min  RI=777.4, 4.2 min  
RI=2316.1, 

23.2min  

RI=1346.1,  
12.8 min  

2-Hexenyl 
isovalerate 

RI=2113.3, 21.4 min  
RI=1620.8,  
16.3 min  

RI=1219.0,  
11.0 min  
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3-Methyl-N-

heptylbutyramide 

RI=1581.0, 15.8 

min (unsaturated 
ester *) 

RI=1114.9, 9.4 min  
RI=2779.4, 

 26.8 min  

RI=1479.7,  

14.6 min  

RI=885.6, 6.0 min  
    

Distributor 

of 
Habanero 

ICA 

RI=2315.1,  

23.2 min  

RI=2284.6,  

22.9 min 

6-Methylhept-4-en-

1-yl isobutyrate 

RI=1827.4,  

18.6 min  

RI=1913.9,  

19.4 min  

RI=1175.5,  

10.5 min  

RI=1493.2,  

14.7 min  
RI=3005.0, 28.5 min  

RI=2108.0,  

21.3 min  
Caryophyllene 

Willys 

RI=1227.3,  

11.2 min  

3,5-dihydroxy-6-

methyl-2,3-

dihydropyran-4-

one   

RI=1402.7, 13.7 min  Furfural 
RI=1521.0,  

15.1 min  

5-

Hydroxymethylfur
fural 

RI=1657.3,  

16.7 min  
RI=1365.1, 13.2 min  

RI=2896.0,  

27.7 min  

RI=1942.2,  

19.7 min  

KL 

N-

tetradecylacetamid
e 

Carvacrol 
3-Methyl-N-hexyl-

butyramide  
Methyl linoleate 

RI=2013.1, 20.4 

min  

RI=2296.7,  

23.0 min  

RI=2032.2,  

20.6 min  
RI=1845.5, 18.7 min 

   
Unidentified features are named according their RI and retention time. Uncertain identities are denoted with *. 

 

 

Table A3. Summary of OPLS-DA models of homemade pepper sprays and their performance.  

Model based on Including Components R2X(cum) R2Y(cum) Q2(cum) 

 

Species 

C. chinense,    

C. frutescens,  

C. annuum 

 

2+2+0 

 

0.48 

 

 

0.94 

 

 

0.84 

 

 

Chili type 

C. chinense* 2+4+0 0.58 0.98 0.85 

 C. annuum 2+0+0 0.71 0.97 0.91 

 Carolina reaper 1+1+0 0.71 0.99 0.92 

Origin Habanero 2+1+0 0.69 0.99 0.97 

 Piri-Piri 1+2+0 0.76 0.99 0.98 
* Includes the three chili types: Carolina reaper, Bhut Jolokia and Habanero. 
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Figure A4. t-predicted score scatterplot of OPLS-DA model based on (A) species and type of chili in (B) 

Chinense and (C and D) Annuum. A) 18 replicates (white symbols with shapes according to their classification) 

predicted for the three species Chinense (red circles), Frutescens (yellow triangles) and Annuum (green squares). B) 

Nine replicates (white symbols with shapes according to their classification) predicted for the three chili types 

Carolina Reaper (red triangles), Bhut Jolokia (orange circles) and Habanero (yellow squares). C and D) Three 

replicates (white circles) of Jalapeño predicted for the chili types red Dutch chili (red squares), Padrón (blue inverted 

triangles), green Dutch chili (green triangles) and Jalapeño (yellow circles). The three predictive components of the 

model were required to achieve complete separation of the four types of chili.   



 
  
 

 

31 

 

Figure A5. t-predicted score scatterplot of OPLS-DA model based on distributor of (A) Piri-Piri, (B) Carolina 

Reaper and (C) Habanero. The test set is represented as white symbols with shapes indicating their classification. 

A) Six replicates of Piri-Piri predicted to two distributors KL (blue circles) and ICA (red triangles). B) Three replicates 

of Carolina Reaper predicted to two distributors KL (blue circles) and EF (orange squares). C) Three replicates of 

Habanero predicted to three distributors KL (blue circles), Willys (green triangles) and ICA (yellow squares). 
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Table A4. Predicted Y values for the chilies in the test set in the OPLS-DA model based on species.  

Species Chili type Ypred C. annuum Ypred C. Chinense Ypred C. frutescens 

C. annuum Jalapeño 

0.82 0.07 0.11 

0.77 0.08 0.14 

0.68 0.17 0.14 

C. chinense 

Bhut Jolokia 

-0.14 1.18 -0.04 

-0.08 1.14 -0.07 

-0.11 1.13 -0.02 

Carolina reaper 

-0.15 1.11 0.04 

-0.07 1.10 -0.03 

-0.13 1.10 0.03 

Habanero 

-0.03 1.02 0.01 

-0.01 1.01 0.00 

-0.02 1.00 0.02 

C. frutescens Piri-Piri 

0.12 0.22 0.66 

0.07 0.28 0.65 

0.09 0.25 0.65 

0.09 0.30 0.60 

0.02 0.39 0.59 

0.18 0.32 0.49 

Ypred is the predicted value of the dummy variables 0 or 1. A predicted value of > 0.65 (white) indicates that the 

observation belongs to the class, a predicted value in the range of 0.35 – 0.65 (light grey) is borderline, and a predicted 

value < 0.35 (dark grey) indicates that the observation does not belong to the class.  

Table A5. Predicted Y values for the chilies in the test set in the OPLS-DA model based on chili type within C. 

chinense. 

Chili type Ypred Bhut Jolokia Ypred Carolina reaper Ypred Habanero 

Bhut Jolokia 

0.76 0.01 0.23 

0.70 0.06 0.24 

0.64 0.09 0.27 

Carolina reaper 

0.34 0.59 0.06 

0.35 0.59 0.06 

0.29 0.46 0.26 

Habanero 

0.13 0.16 0.71 

0.21 0.14 0.65 

0.29 0.21 0.50 

Ypred is the predicted value of the dummy variables 0 or 1. A predicted value of > 0.65 (white) indicates that the 

observation belongs to the class, a predicted value in the range of 0.35 – 0.65 (light grey) is borderline, and a predicted 

value < 0.35 (dark grey) indicates that the observation does not belong to the class.   

Table A6. Predicted Y values for the chilies in the test set in the OPLS-DA model based on chili type within C. 

annuum. 

Chili type Ypred Jalapeño 
Ypred green  

Dutch chili 
Ypred Padrón 

Ypred red  

Dutch chili 

Jalapeño 

0.90 0.07 0.04 -0.01 

0.77 0.09 0.07 0.07 

0.72 0.09 -0.02 0.21 

Ypred is the predicted value of the dummy variables 0 or 1. A predicted value of > 0.65 (white) indicates that the 

observation belongs to the class, a predicted value in the range of 0.35 – 0.65 (light grey) is borderline, and a predicted 

value < 0.35 (dark grey) indicates that the observation does not belong to the class.  

Table A7. Predicted Y values for the chilies in the test set in the OPLS-DA model based on origin of Habanero. 

Chili type Origin Ypred KL Ypred Willys Ypred ICA 

Habanero KL 

0.89 0.05 0.06 

0.84 0.03 0.13 

0.77 0.07 0.15 

Ypred is the predicted value of the dummy variables 0 or 1. A predicted value of > 0.65 (white) indicates that the 

observation belongs to the class, a predicted value in the range of 0.35 – 0.65 (light grey) is borderline, and a predicted 

value < 0.35 (dark grey) indicates that the observation does not belong to the class.  
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Table A8. Predicted Y values for the chilies in the test set in the OPLS-DA model based on origin of Piri-Piri. 

Chili type Origin Ypred KL Ypred SM 

Piri-Piri KL 

0.86 0.14 

0.82 0.18 

0.80 0.20 

0.75 0.25 

0.72 0.28 

0.71 0.29 

Ypred is the predicted value of the dummy variables 0 or 1. A predicted value of > 0.65 (white) indicates that the 

observation belongs to the class, a predicted value in the range of 0.35 – 0.65 (light grey) is borderline, and a predicted 

value < 0.35 (dark grey) indicates that the observation does not belong to the class.  

Table A9. Predicted Y values for the chilies in the test set in the OPLS-DA model based on origin of Carolina 

reaper. 

Chili type Origin Ypred KL Ypred EF 

Carolina reaper KL 

0.76 0.24 

0.64 0.36 

0.60 0.40 

Ypred is the predicted value of the dummy variables 0 or 1. A predicted value of > 0.65 (white) indicates that the 

observation belongs to the class, a predicted value in the range of 0.35 – 0.65 (light grey) is borderline, and a predicted 

value < 0.35 (dark grey) indicates that the observation does not belong to the class.  

Table A10. Predicted Y values for the extracts from the textile material in the test set in the OPLS-DA model 

based on species. 

Species Chili type Time point  Ypred C. annuum Ypred C. chinense Ypred C. frutescens 

C. chinense Carolina Reaper 

5-6 h 

0.08 0.82 0.09 

0.04 0.80 0.15 

0.12 0.75 0.13 

3 days 

0.14 0.81 0.06 

0.07 0.78 0.15 

0.13 0.75 0.12 

6 days 

0.14 0.80 0.06 

0.17 0.74 0.09 

0.14 0.73 0.13 

Ypred is the predicted value of the dummy variables 0 or 1. A predicted value of > 0.65 (white) indicates that the 

observation belongs to the class, a predicted value in the range of 0.35 – 0.65 (light grey) is borderline, and a predicted 

value < 0.35 (dark grey) indicates that the observation does not belong to the class.  
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Appendix 2 - Commercial pepper spray and tear gas 

 
Table A11. Pepper sprays and tear gases included in the study.  

Name 
Active 

ingredient 
Form Producer Distributor 

CS 3000 18 mL CS Liquid KKS SDG 

CS Billion 40 mL  CS Liquid AFG AFG 

CS Eurogas Trillion 40 mL CS Liquid AFG AFG 

CS KO spray 007 40 mL CS Liquid AFG AFG 

CS Military Attack 40 mL  CS Liquid AFG AFG 

Nock Out CS-Spray 40 mL  CS Liquid SDG SDG 

US Police CS Spray 40 mL CS Liquid AFG AFG 

Defense spray OC Police Jet 40 mL OC/N Liquid ESP AFG 

Hurricane Flashlight 15 mL OC/N Liquid ESP AFG 

KO Pepper-Spray 40 mL OC/N Liquid AFG AFG 

KO Tornado 40 mL OC/N Liquid ESP AFG 

NATO PEPPER-SPRAY 40 mL OC/N Liquid AFG AFG 

Nock Out Pfefferspray Jet 40 mL  OC/N Liquid SDG SDG 

OC 5000 Red Pepper Spray 15 mL OC/N Liquid KKS SDG 

OC 5000 Red Pepper Spray 50 mL OC/N Liquid KKS SDG 

Pepper Jet 40 mL OC/N Liquid ESP AFG 

Pepperspray Dragon BlackCap 40 mL OC/N Liquid SDG SDG 

Pepperspray Dragon RedCap 40 mL OC/N Liquid SDG SDG 

Pfeffer Spray Anti Dog 40 mL OC/N Liquid AFG AFG 

Police RSG Pepper-Spray 15 mL OC/N Liquid KKS AFG 

Police Tornado 2in1 40 mL OC/N Liquid ESP AFG 

Protect Pfeffer-Spray Anti-Dog 15 mL OC/N Liquid KKS SDG 

Protect Pfeffer-Spray Anti-Dog Super shot 50 

mL  
OC/N Liquid KKS AFG 

US Police Pepper Spray 40 mL  OC/N Liquid AFG AFG 

First Defence Red Pepper Gel MK-3 50 mL OC/N Gel 
Defense 

Technology 
SDG 

Walther Pro Secur Pepper gel 360° 47mL OC/N Gel Umarex SDG 

Name denotes the label of the defence spray and the volume of the formulation. Form denotes if the formulation was 

liquid or gel based. Producer and distributor show from where the defence sprays were produced and acquired from.  

 

Figure A6. Route of differentiation of tear gas with CS as active ingredient in this study from producer to 

batch.   
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Figure A7. Example of chromatograms of pepper sprays within additive class 1 (top) and additive class 2 

(middle), and tear gas with CS as active ingredient (bottom). 
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Figure A8. Cross-validated score scatter plot of OPLS-DA model based on (A) producer of tear gas (CS) and 

(B) batch number of tear gas from the producer AFG. A) Triplicates of the acquired tear gases with CS as active 

ingredient from the producers SDG (turquoise triangles), KKS (purple squares), and AFG (beige circles). B) 

Triplicates of the five acquired tear gases with CS as active ingredient from AFG, originated from two different 

batches (brown circles and beige squares).  
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Figure A9. Cross-validated score scatter plot of OPLS-DA model based on (A) producer of pepper spray within 

additive class 1, (B) label of pepper sprays from KKS, (C) label of sprays from SDG, and (D) label of the gel-

pepper sprays. A) Triplicates of the pepper sprays from the producers KKS (turquoise triangles), SDG (purple 

squares), and AFG (beige circles). B) Triplicates of the four pepper sprays of the labels OC 5000 (red squares) and 

Protect Pfeffer-Spray Anti-Dog (yellow circles), from KKS. C) Triplicates of the two pepper sprays of the label 

Pepperspray Dragon RedCap (green circles) and Pepperspray Dragon BlackCap (blue triangles), from SDG. D) 

Triplicates of the two acquired gel pepper-sprays; Walther Pro Secur Pepper gel 360° (blue circles) and First Defence 

Red Pepper Gel MK-3 (orange squares).   
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Figure A10. Cross-validated score scatter plot of OPLS-DA model based on batch number of (A) label OC 

5000 from KKS, (B) label Protect Pfeffer-Spray Anti-Dog from KKS, (C) from AFG, and (D) from ESP 

(additive class 2). A) Triplicates of two OC 5000 canisters from two different batches (red circles and pink triangles). 

B) Triplicates of two Protect Pfeffer-Spray Anti-Dog canisters from two different batches (orange circles and yellow 

boxes). C) Triplicates of the four pepper sprays from AFG originating from two different batches (brown circles and 

beige triangles). D) Triplicates of the four pepper sprays from ESP originating from three different batches (black 

squares, yellow triangles and purple circles).  
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Table A12. The most prominent and significant molecular features that differentiated the classes of the OPLS-

DA models of the commercial pepper sprays and tear gases.  

Active 

ingredient 

Model 

based on  
Class Molecular features 

CS Producer 

AFG 

Eicosane Docosane RI=1122.6, 9.6 min  Octadecane 

1-[2-(2-

hydroxypropoxy)prop

oxy]propan-2-ol 

RI=1105.3, 9.3 min  

2-(2-

hydroxypropoxy)pro

pan-1-ol 

RI=1109.6, 9.4 min  

RI=1092.7, 9.1 min  

2-(2-

hydroxypropoxy)-1-

Propanol 

RI=1505.9, 15.1 min  

2-

Chlorobenzylidene 

malononitrile 

RI=1130.1, 9.7 min  RI=1464.1, 14.5 min  Hexadecane Tetracosane 

RI=1132.9, 9.9 min  Nonivamide Nonanoic acid RI=1384.6, 13.5 min  

KKS 

RI=2057.1, 20.5 min  RI=2029.5, 20.8 min  Isopropyl stearate 
bis(2-ethylhexyl) 

hexanedioate 

RI=2056.2, 21.0 min 
2-Chlorobenzyl 

alcohol 
RI=2283.2, 23.1min RI=1704.6, 17.0 min 

RI=1838.4, 18.9 min RI=2512.9, 25.0 min RI=2579.2, 25.0 min RI=2155.6, 21.4 min 

RI=1406.4, 13.4 min RI=2461.9, 24.1 min RI=1804.6, 18.1 min RI=2562.0, 24.9 min 

RI=1987.5, 19.8 min RI=2479.9, 24.3 min RI=1589.3, 15.7 min RI=1467.8, 14.6 min 

RI=2051.6, 20.4 min RI=1735.7, 17.3 min RI=1681.1, 16.7 min RI=2544.4, 24.8 min 

RI=2926.4, 27.7 min RI=2616.6, 25.3 min     

SDG 

Propanedinitrile RI=1418.3, 13.6 min 
Dichloro-

benzaldehyde 
RI=839.7, 5.0 min 

2,5-Dimethylfuran RI=887.6, 5.7 min RI=1341.5, 12.5 min RI=1737.3, 17.4 min 

4-methyl-3-Penten-2-

one 
RI=1191.7, 10.4 min  RI=1697.7, 16.9 min RI=1305.5, 12.0 min  

RI=802.7, 4.8 min  RI=2167.3, 21.5 min  RI=1187.6, 10.4 min  RI=796.8, 4.4 min  

2,2,4,6,6-

pentamethylhept-3-ene 
RI=1403.8, 13.4 min  RI=1530.1, 15.0 min  RI=1740.5, 17.4 min  

Cyclohexanone RI=780.1, 4.2 min RI=1329.7, 12.4 min RI=1594.7, 15.8 min  

Isopropylidenemalono

nitrile 
RI=1392.5, 13.2 min RI=2335.6, 23.1 min  RI=835.4, 5.0 min  

RI=1622.1, 16.1 min  RI=941.6, 6.6 min  
1-Methoxy-2-propyl 

acetate 
RI=1973.2, 19.7 min  

RI=2604.2, 25.2 min  RI=2514.8, 24.5 min  
Acrylic acid, 3-(2-
chlorophenyl)-2-

cyano-, methyl ester  

2,2,4-Trimethyl-1,3-

dioxolane 

RI=1247.8, 11.6 min  RI=1777.1, 17.8 min  Benzaldehyde RI=1324.6, 12.3 min  

RI=1412.2, 13.5 min  RI=1070.6, 8.6 min  RI=1447.0, 13.9 min  RI=1397.2, 13.3 min  

RI=2096.5, 20.8 min  RI=1295.0, 11.9 min  RI=1032.1, 8.0 min  RI=1034.2, 8.0 min  

RI=1956.4, 19.5 min  RI=1499.8, 14.6 min  RI=1472.0, 14.6 min  RI=1438.3, 13.8 min  

2-Chlorobenzyl 
cyanide 

RI=1874.7, 18.8 min  RI=1173.4, 10.1 min  RI=1145.2, 9.7 min  
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RI=770.8, 4.1 min  RI=823.6, 4.8 min  RI=1858.1, 18.6 min  RI=1170.2, 10.5 min  

RI=947.7, 6.7 min  RI=2469.7, 24.2 min  RI=2780.1, 26.5 min  RI=837.7, 5.0 min  

RI=3008.5, 28.3 min  

4-(2-

Chlorophenyl)but-3-

en-2-one 

    

Batch # 

from 
AFG 

15.11.20

18 

RI=1493.1, 14.9 min  Nonanoic acid  Nonivamide RI=2152.5, 21.9 min 

Ethanol, 2-(2-

butoxyethoxy)-, or 

Ethanol, 1-(2-

butoxyethoxy)- 

RI=1384.6, 13.5 min  Methyl stearate  RI=2389.5, 24.0 min  

RI=2276.0, 23.0 min  RI=1780.5, 18.2 min     

15.11.20

18_2 

RI=1883.8, 19.3 min  RI=2068.3, 21.1 min  RI=2017.4, 20.7 min  RI=1471.3, 14.2 min  

RI=1158.3, 9.9 min  RI=1480.3, 14.7 min  RI=1617.5, 16.4 min RI=1465.9, 14.6 min  

RI=1451.9, 14.4 min        

OC/N 

Producer 

AFG 

Hexaethylene glycol  
2-[2-(2-

butoxyethoxy)ethox

y]ethanol 

RI=2414.3, 24.0 min 
Heptaethylene 

glycol 

Pentaethylene glycol 

2-[2-[2-[2-[2-[2-[2-

(2-

Hydroxyethoxy)etho
xy]ethoxy]ethoxy]et

hoxy]ethoxy]ethoxy

]ethanol 

RI=3112.5, 29.3 min  Tetraethylene glycol 

Trimethylbenzene RI=2540.3, 25.3 min      

KKS 

Ethyl palmitate 
N-

Hexadecylacetamide  
RI=2007.2, 20.6 min  RI=2129.6, 21.1 min  

RI=2186.9, 21.7 min  RI=2236.0, 22.7 min RI=2437.9, 24.4 min  RI=1546.3, 15.2 min  

RI=982.7, 7.2 min  RI=1021.5, 8.2 min      

SDG 

RI=1527.0, 14.9 min  RI=1621.4, 16.5 min  RI=2445.2, 24.2 min  RI=1533.3, 15.0 min  

RI=1671.9, 16.6 min  RI=1899.4, 19.0 min  RI=1616.7, 16.4 min  RI=1601.3, 16.2 min  

RI=1471.3, 14.2 min  RI=2078.0, 20.7 min      

Label 

from 
KKS 

OC 5000 

Methyl 
pentadecanoate 

Heptadecane RI=2448.6, 24.0 min  
Methyl 

tetradecanoate  

Methyl pentadecanoat RI=1914.3, 19.1 min  RI=3021.8, 28.4 min  RI=1232.3, 11.4 min  

RI=2320.3, 22.9 min RI=1617.6, 16.4 min  RI=3138.8, 29.5 min 

4-(2,6,6-

Trimethylcyclohexa

-1,3-dienyl)but-3-

en-2-one 

Protect 

Pfeffer-

Spray 
Anti-Dog 

RI=2007.2, 20.6 min  Octadecanoic acid Oleic Acid  trans-B-Ionone 

RI=2540.5, 24.9 min  RI=1695.1, 17.3 min  RI=2430.7, 24.3 min  Benzoic acid 

Dodecanoic acid  
n-Hexadecanoic 

acid  
    

Label 

from 

SDG 

Dragon 

BlackCap 

RI=1724.8, 17.2 min  Octanoic acid RI=2018.8, 20.1 min  RI=1410.8, 13.9 min  

RI=2013.8, 20.1 min  RI=1393.1, 13.6 min  RI=1547.6, 15.2 min  RI=1792.5, 18.0 min  
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RI=1694.3, 17.1 min  Trimethylbenzene   

Dragon 

RedCap 

Eicosane RI=1671.9, 16.6 min RI=1899.4, 19.0 min  RI=1558.0, 15.3 min  

RI=1533.3, 15.0 min  
RI=1728.8, 17.3 min 

(fatty acid) 
RI=1488.4, 14.5 min  RI=1122.6, 9.6 min 

2-(2-butoxyethoxy)-

ethanol or 1-(2-

butoxyethoxy)-ethanol 

RI=1528.6, 15.0 min      

Label of 

gels-

pepper 

sprays 

First 

Defence 

Red 

Pepper 
Gel MK-

3 

Dihydrocapsaicin Ethyl palmitate RI=1495.0, 14.6 min  Capsaicin 

Nordihydrocapsaicin RI=1902.3, 19.0 min RI=982.7, 7.2 min  RI=1280.3, 12.0 min  

Ethyl nonanoate RI=1596.9, 16.2 min  Dihydroactinidiolide Ethyl decanoate 

trans-B-Ionone 
8-Methyl-6-

nonenoic acid  

N-

Pentadecylacetamid

e 

RI=2375.5, 23.4 min  

Walther 
Pro Secur 

Pepper 

gel 360° 

Nonanoic acid  RI=1252.3, 11.6 min RI=1453.1, 14.4 min RI=2389.5, 24.0 min  

13-

Hexyloxacyclotridec-

10-en-2-one 

RI=1554.2, 15.7 min  Vanillin RI=747.2, 3.7 min  

RI=1104.7, 9.5 min  RI=1184.3, 10.3 min  RI=2346.9, 23.2 min  RI=1110.4, 9.2 min  

Nonivamide RI=776.6, 4.2 min      

Batch # 

OC 5000 

01/06/20

22 

RI=1988.1, 20.4 min  RI=3021.8, 28.4 min  RI=1232.3, 11.4 min  RI=1410.8, 13.9 min  

RI=2211.8, 21.9 min  RI=3138.8, 29.5 min  RI=1546.3, 15.2 min  RI=1762.7, 17.9 min  

RI=1617.6, 16.4 min 

4-(2,6,6-
Trimethylcyclohexa-

1,3-dienyl)but-3-en-

2-one 

RI=1484.9, 14.4 min  RI=2320.3, 22.9 min  

RI=3463.6, 31.7 min        

01/12/20

20 

RI=1894.1, 19.4 min  RI=1457.3, 14.1 min  RI=2772.8, 26.5 min  RI=1429.9, 13.7 min  

RI=1902.3, 19.0 min 
11-Hexadecenoic 

acid 
RI=2749.1, 27.1 min  RI=2846.0, 27.0 min  

RI=2512.1, 24.5 min  RI=2696.8, 26.6 min  RI=2339.0, 23.1 min  RI=1606.7, 16.3 min  

RI=1437.3, 13.8 min  RI=2936.4, 27.7 min  RI=2025.2, 20.7 min  Isopropyl stearate  

RI=1553.2, 15.3 min RI=2527.7, 24.6 min RI=2701.5, 26.2 min Ethyl tetradecanoate 

RI=2308.8, 23.3 min  RI=1389.1, 13.2 min  RI=1945.3, 19.4 min  RI=1885.8, 18.9 min  

RI=1453.9, 14.0 min  RI=1419.2, 14.0 min      

Batch # 

Protect 

Pfeffer-
Spray 

Anti-Dog 

Exp 

12/2022 

CHB 

019999  

RI=1410.8, 13.9 min Vitamin E  RI=2468.9, 24.2 min  Tetraethylene glycol  

RI=1596.9, 16.2 min  RI=2278.5, 22.5 min  RI=1757.3, 18.0 min  RI=1161.5, 10.3 min  

RI=1462.2, 14.1 min  RI=2186.9, 21.7 min  RI=3000.6, 28.5 min  RI=1676.7, 16.7 min  

RI=1737.3, 17.4 min  RI=1869.0, 18.7 min  Heptadecanoic acid RI=1488.4, 14.5 min  

RI=1389.1, 13.2 min  RI=2127.0, 21.1 min  RI=2226.7, 22.0 min  Tetraethylene glycol 
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RI=2235.4, 22.1 min Ethyl palmitate RI=1481.0, 14.6 min    

Exp 
12/2021 

CHB 

029998  

Isopropyl linoleate  Isopropyl palmitate  RI=1431.5, 14.1 min  Vanillin  

RI=1451.4, 14.4 min 
Vitamin E analogue 

* 
RI=1122.6, 9.6 min  RI=1470.0, 14.4 min 

2-(2-butoxyethoxy)-

ethanol or 1-(2-

butoxyethoxy)-ethanol 

RI=1428.0, 14.1 min      

Batch # 

from 
AFG 

15.11.18 

RI=1750.9, 17.9 min  RI=1444.5, 14.1 min  RI=2736.1, 26.5 min  RI=1091.9, 9.1 min  

Tetradecanoic acid  RI=1829.9, 18.3 min  RI=2087.2, 21.3 min  RI=1917.3, 19.2 min  

RI=2668.6, 26.4 min RI=1105.3, 9.3 min      

31.5.201

8 

RI=2748.8, 27.1 min 

2-(2-butoxyethoxy)-

ethanol or 1-(2-

butoxyethoxy)-

ethanol 

RI=2500.9, 24.6 min  RI=937.3, 6.5 min  

RI=2125.7, 21.1 min  RI=2523.6, 25.1 min  RI=1111.1, 9.4 min  Heptadecane 

RI=2046.2, 20.7 min  Oleic Acid      

Batch # 

from ESP 

1806XX 

RI=2122.0, 21.6 min  RI=1740.4, 17.8 min RI=1885.8, 19.3 min  RI=1959.9, 20.1 min  

RI=1721.6, 17.6 min  RI=1268.4, 11.9 min  RI=1423.3, 13.8 min  RI=1421.3, 14.0 min  

RI=1518.7, 15.2 min  RI=1558.8, 15.7 min  RI=1616.7, 16.4 min RI=1621.4, 16.5 min  

RI=1601.3, 16.2 min  RI=1522.8, 15.3 min  RI=1508.8, 15.1 min RI=1389.6, 13.6 min 

RI=1372.6, 13.3 min RI=1337.1, 12.8 min RI=1596.9, 16.2 min   

171121 

RI=1503.3, 14.9 min  Triethylene glycol RI=1104.7, 9.5 min RI=1145.6, 9.9 min 

RI=1511.9, 14.8 min RI=1237.8, 11.4 min RI=2389.5, 24.0 min  
Bis(p,p'-tert-

octylphenyl)amine 

RI=1155.9, 10.2 min  RI=836.1, 5.3 min     

160211 

RI=1433.3, 14.0 min RI=1750.9, 17.9 min RI=1333.3, 12.8 min Tridecane 

RI=1435.7, 14.2 min Methyl linoleate RI=2108.6, 21.5 min RI=2736.1, 26.5 min 

Ethyl nonanoate RI=2507.3, 24.7 min     

Unidentified features are named according their RI and retention time. Uncertain identities are denoted with *  
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Table A13. Summary of OPLS-DA models of commercial tear gases and pepper sprays and their performance. 

Active 

ingredient 
Model based on Including Components R2X(cum) R2Y(cum) Q2(cum) 

CS 
Producer AFG, KKS, SDG 2+0+0 0,48 0,99 0,99 

Batch  AFG 1+1+0 0,46 0,99 0,96 

OC/N 

Producer AFG, KKS*, SDG*  2+2+0 0,40 0,99 0,76 

Label 

From KKS*  1+2+0 0,48 0,99 0,97 

From SDG* 1+0+0 0,27 0,98 0,98 

Gel-Pepper sprays  1+0+0 0,63 0,99 0,99 

Batch 

OC 5000 1+0+0 0,45 0,99 0,99 

Protect Pfeffer-Spray 

Anti-Dog 
1+0+0 0,45 0,96 0,96 

From AFG  1+2+0 0,37 0,99 0,82 

From ESP¤  2+1+0 0,62 0,99 0,97 

* Additive class 1. ¤ Additive class 2.   

 

 

Figure A11. t-predicted score scatterplot of OPLS-DA model based on (A) producer of CS tear gas and (B) 

batch number of CS tear gas from AFG, with samples of seized CS defence sprays predicted. The test set is 

represented as white symbols with shapes indicating their classification. A) Tear gases with CS as active ingredient 

from the producers SDG (turquoise triangles), KKS (purple squares), and AFG (beige circles). Four samples were 

predicted to originate from AFG. B) Tear gas with CS as active ingredient from AFG, originated from two different 

batches (brown circles and beige squares). Three samples were predicted to originate from one batch (brown circles) 

and one sample were predicted to originate from the other batch (beige squares). 
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Figure A12.  t-predicted score scatterplot of OPLS-DA model based on (A) producer of pepper spray within 

additive class 1, (B) label of sprays from KKS, (C) label of sprays from SDG, and (D) label of gel-pepper sprays. 

The samples of seized defence sprays are represented as white symbols with shapes indicating their classification 

obtain from the prediction. A) Pepper sprays from the producers KKS (turquoise triangles), SDG (purple squares), 

and AFG (beige circles). B) Triplicates of the four pepper sprays of the labels OC 5000 (red squares) and Protect 

Pfeffer-Spray Anti-Dog (yellow circles), from KKS. C) Triplicates of the two pepper sprays of the label Pepperspray 

Dragon RedCap (green circles) and Pepperspray Dragon BlackCap (blue triangles), from SDG. D) Triplicates of the 

two acquired gel-pepper sprays; Walther Pro Secur Pepper gel 360° (blue circles) and First Defence Red Pepper Gel 

MK-3 (orange squares).   
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Figure A13. t-predicted score scatter plot of OPLS-DA model based on batch number of (A) label OC 5000 

from KKS, (B) label Protect Pfeffer-Spray Anti-Dog from KKS, and (C) from ESP (additive class 2). The 

samples of seized defence sprays are represented as white symbols with shapes indicating their classification obtain 

from the prediction.  A) OC 5000 from two different batches (red circles and pink triangles). B) Protect Pfeffer-Spray 

Anti-Dog from two different batches (orange circles and yellow boxes). C) Pepper sprays from ESP originating from 

three different batches (black squares, yellow triangles and purple circles).  
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Table A14. Predicted Y values for the samples of seized CS defence sprays in the OPLS-DA model based on 

producer of tear gas. 

Seized sample # Y pred AFG Y pred KKS Y pred SDG 

126 0.84 -0.05 0.20 

113 0.80 -0.02 0.21 

92 0.70 0.04 0.26 

51 0.70 0.09 0.21 

85 0.62 0.04 0.34 

110 0.59 0.21 0.20 

52 0.56 0.06 0.37 

44 0.56 0.09 0.35 

83 0.56 0.09 0.36 

116 0.55 0.10 0.36 

24 0.55 0.22 0.23 

38 0.53 0.09 0.38 

117 0.53 0.11 0.36 

16 0.52 0.09 0.38 

28 0.52 0.13 0.35 

64 0.52 0.08 0.40 

26 0.52 0.15 0.34 

118 0.51 0.11 0.37 

30 0.51 0.09 0.40 

31 0.51 0.07 0.42 

58 0.50 0.09 0.40 

77 0.50 0.11 0.39 

29 0.50 0.10 0.41 

87 0.50 0.09 0.42 

14 0.48 0.09 0.43 

17 0.46 0.14 0.40 

10 0.46 0.10 0.44 

104 0.46 0.16 0.39 

46 0.45 0.04 0.51 

20 0.38 0.10 0.53 

Ypred is the predicted value of the dummy variables 0 or 1. A predicted value of > 0.65 (white) indicates that the 

observation belongs to the class, a predicted value in the range of 0.35 – 0.65 (light grey) is borderline, and a predicted 

value < 0.35 (dark grey) indicates that the observation does not belong to the class.  

Table A15. Predicted Y values for the samples of seized CS defence sprays, predicted to originate from AFG, 

in the OPLS-DA model based on batch number of tear gas from AFG. 

Seized sample # Y pred batch 15.11.2018 Y pred batch 15.11.2018_2 

113 1.07 -0.07 

92 1.01 -0.01 

51 0.63 0.37 

126 0.49 0.51 

Ypred is the predicted value of the dummy variables 0 or 1. A predicted value of > 0.65 (white) indicates that the 

observation belongs to the class, a predicted value in the range of 0.35 – 0.65 (light grey) is borderline, and a predicted 

value < 0.35 (dark grey) indicates that the observation does not belong to the class.  

Table A16. Predicted Y values for the samples of seized OC defence sprays in the OPLS-DA model based on 

producer within additive class 1. 

Seized sample # Y pred AFG Y pred KKS Y pred SDG 

94 0.05 0.81 0.14 

93 0.07 0.69 0.24 

63 0.24 0.64 0.12 

99 0.11 0.23 0.66 

Ypred is the predicted value of the dummy variables 0 or 1. A predicted value of > 0.65 (white) indicates that the 

observation belongs to the class, a predicted value in the range of 0.35 – 0.65 (light grey) is borderline, and a predicted 

value < 0.35 (dark grey) indicates that the observation does not belong to the class.  
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Table A17. Predicted Y values for the samples of seized OC defence sprays in the OPLS-DA model based on 

label from the producer KKS (within additive class 1). 

Seized sample # 
Y pred label Protect Pfeffer-

Spray Anti-Dog  
Y pred label OC 5000 

94 0.67 0.33 

93 0.40 0.60 

63 0.09 0.91 

Ypred is the predicted value of the dummy variables 0 or 1. A predicted value of > 0.65 (white) indicates that the 

observation belongs to the class, a predicted value in the range of 0.35 – 0.65 (light grey) is borderline, and a predicted 

value < 0.35 (dark grey) indicates that the observation does not belong to the class. 

Table A18. Predicted Y values for the samples of seized OC defence sprays in the OPLS-DA model based on 

batch number of sprays from ESP (within additive class 2). 

Seized sample # 
Y pred  

batch 171121 

Y pred  

batch 160211 

Y pred  

batch 1806XX 

23 0.53 0.12 0.34 

27 0.52 0.41 0.08 

47 0.39 0.04 0.57 

67 0.35 0.52 0.13 

106 0.01 0.51 0.48 

Ypred is the predicted value of the dummy variables 0 or 1. A predicted value of > 0.65 (white) indicates that the 

observation belongs to the class, a predicted value in the range of 0.35 – 0.65 (light grey) is borderline, and a predicted 

value < 0.35 (dark grey) indicates that the observation does not belong to the class.  

 

Table A19. Summary of samples of seized defence sprays with their predicted/presumed identities and 

origins.  

Active 

ingredient 

Seized 

sample 

# 

Additive 

Class 
Predicted/presumed identity Label Comment 

CS 51  Tear gas from AFG Unlabelled Predicted 

CS 92  Tear gas from AFG Unlabelled Predicted 

CS 112  Tear gas from AFG Unlabelled Predicted 

CS 126  Tear gas from AFG "CS Eurogas" Predicted 

OC 63 1 OC 5000 (KKS) Unlabelled Predicted 

OC 93 1 Pepper spray from KKS 
“Pfeffer spray ko jet 

zombie Columbia”* 
Predicted 

OC 94 1 
Protect Pfeffer-Spray Anti-Dog 

(KKS) 

“Pfeffer spray ko jet 

zombie Columbia”* 
Predicted 

OC 99 1 
Pepperspray Dragon RedCap 

(SDG) 

"Defense NATO Red 

pepper" 
Faulty predicted 

OC 23 2 Pepper spray from ESP Unlabelled Based on additives  

OC 27 2 Pepper spray from ESP Unlabelled Based on additives 

OC 47 2 Pepper spray from ESP Unlabelled Based on additives 

OC 67 2 Pepper spray from ESP Unlabelled Based on additives 

OC 106 2 Pepper spray from ESP Unlabelled Based on additives 

OC 91 3 Police RSG Pepper-Spray (KKS) "Pro Secur" Faulty presumed 

OC 125 3 Police RSG Pepper-Spray (KKS) Unlabelled Predicted 

OC 73 4 Nock Out Pfefferspray Jet (SDG) "Pfefferspray" Based on additives 

OC 84 4 Nock Out Pfefferspray Jet (SDG) Unlabelled Based on additives 

OC 128 4 Nock Out Pfefferspray Jet (SDG) Unlabelled Based on additives 

N 76  Walther Pro Secur Pepper gel 360° 
“Walther Pro Secur Pepper 

gel 360°” 
Predicted  

* Probably produced by KKS. N denotes Nonivamide.  
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Table A20. Predicted Y values for the sampled residues of CS Eurogas Trillion (AFG) defence spray in the 

OPLS-DA model based on producer. 

Surface Time Point Y pred AFG Y pred KKS Y pred SDG 

Clinker 

5-6 h 

0.80 0.03 0.18 

0.79 0.14 0.07 

0.79 0.08 0.13 

3 days 

0.71 0.08 0.21 

0.71 0.09 0.20 

0.70 0.08 0.22 

6 days 

0.76 0.04 0.20 

0.72 0.08 0.20 

0.70 0.09 0.21 

Plastic 

carpet 

5-6 h 

0.84 0.05 0.10 

0.82 0.10 0.08 

0.77 0.15 0.08 

3 days 

0.83 0.11 0.06 

0.82 0.08 0.10 

0.79 0.13 0.09 

6 days 

0.81 0.09 0.10 

0.81 0.06 0.14 

0.81 0.04 0.15 

Wooden 

floor 

5-6 h 

0.82 0.08 0.10 

0.82 0.12 0.07 

0.78 0.11 0.11 

3 days 

0.73 0.07 0.20 

0.76 0.06 0.18 

0.82 0.05 0.13 

6 days 

0.82 0.07 0.12 

0.76 0.03 0.20 

0.72 0.07 0.21 

Textile 

material 

(cotton) 

5-6 h 

0.82 0.03 0.15 

0.82 0.14 0.04 

0.81 0.15 0.04 

3 days 

0.85 0.04 0.11 

0.84 0.11 0.05 

0.82 0.08 0.10 

6 days 

0.80 0.11 0.08 

0.80 0.14 0.06 

0.78 0.10 0.12 

Ypred is the predicted value of the dummy variables 0 or 1. A predicted value of > 0.65 (white) indicates that the 

observation belongs to the class, a predicted value in the range of 0.35 – 0.65 (light grey) is borderline, and a predicted 

value < 0.35 (dark grey) indicates that the observation does not belong to the class.  

  



 
  
 

 

49 

Table A21. Predicted Y values for the sampled residues of CS Eurogas Trillion (batch 15.11.2018) defence 

spray in the OPLS-DA model based on batch from AFG. 

Surface Time Point Y pred batch 15.11.2018 Y pred batch 15.11.2018_2 

Clinker 

5-6 h 

0.52 0.48 

0.42 0.58 

0.29 0.71 

3 days 

0.77 0.23 

0.69 0.31 

0.60 0.40 

6 days 

0.72 0.28 

0.72 0.28 

0.71 0.29 

Plastic 

carpet 

5-6 h 

0.48 0.52 

0.35 0.65 

0.34 0.66 

3 days 

0.48 0.52 

0.39 0.61 

0.30 0.70 

6 days 

0.52 0.48 

0.47 0.53 

0.46 0.54 

Wooden 

floor 

5-6 h 

0.51 0.49 

0.40 0.60 

0.29 0.71 

3 days 

0.58 0.42 

0.58 0.42 

0.53 0.47 

6 days 

0.71 0.29 

0.66 0.34 

0.38 0.62 

Textile 

material 

(cotton) 

5-6 h 

0.39 0.61 

0.32 0.68 

0.32 0.68 

3 days 

0.59 0.41 

0.54 0.46 

0.32 0.68 

6 days 

0.47 0.53 

0.45 0.55 

0.29 0.71 

Ypred is the predicted value of the dummy variables 0 or 1. A predicted value of > 0.65 (white) indicates that the 

observation belongs to the class, a predicted value in the range of 0.35 – 0.65 (light grey) is borderline, and a predicted 

value < 0.35 (dark grey) indicates that the observation does not belong to the class.  
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Table A22. Predicted Y values for the sampled residues of OC US Police (AFG) defence spray in the OPLS-DA 

model based on producer within additive class 1. 

Surface Time Point Y pred AFG Y pred KKS Y pred SDG 

Clinker 

5-6 h 

0.56 0.15 0.29 

0.56 0.15 0.28 

0.53 0.17 0.30 

3 days 

0.59 0.19 0.23 

0.55 0.27 0.18 

0.52 0.25 0.23 

6 days 

0.63 0.09 0.27 

0.55 0.17 0.29 

0.40 0.40 0.20 

Plastic 

carpet 

5-6 h 

0.55 0.16 0.29 

0.54 0.15 0.30 

0.53 0.15 0.32 

3 days 

0.60 0.14 0.26 

0.54 0.23 0.23 

0.50 0.21 0.29 

6 days 

0.60 0.06 0.34 

0.55 0.20 0.25 

0.52 0.19 0.29 

Wooden 

floor 

5-6 h 

0.68 0.00 0.32 

0.66 0.08 0.26 

0.64 0.08 0.28 

3 days 

0.61 0.13 0.27 

0.59 0.17 0.25 

0.54 0.25 0.21 

6 days 

0.57 0.16 0.28 

0.55 0.17 0.29 

0.51 0.27 0.22 

Textile 

material 

(cotton) 

5-6 h 

0.65 0.02 0.33 

0.63 0.14 0.24 

0.63 0.10 0.28 

3 days 

0.58 0.10 0.33 

0.55 0.16 0.29 

0.53 0.18 0.29 

6 days 

0.53 0.12 0.34 

0.52 0.24 0.25 

0.42 0.25 0.33 

Ypred is the predicted value of the dummy variables 0 or 1. A predicted value of > 0.65 (white) indicates that the 

observation belongs to the class, a predicted value in the range of 0.35 – 0.65 (light grey) is borderline, and a predicted 

value < 0.35 (dark grey) indicates that the observation does not belong to the class.  
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Table A23. Predicted Y values for the sampled residues of Protect Pfeffer-Spray Anti-Dog (KKS) defence spray 

in the OPLS-DA model based on producer within additive class 1. 

Surface Time Point Y pred AFG Y pred KKS Y pred SDG 

Clinker 

5-6 h 

0.13 0.61 0.26 

0.04 0.60 0.36 

0.09 0.59 0.32 

3 days 

0.13 0.60 0.27 

0.11 0.58 0.31 

0.19 0.56 0.25 

6 days 

0.17 0.59 0.24 

0.18 0.56 0.26 

0.17 0.55 0.29 

Plastic 

carpet 

5-6 h 

0.07 0.59 0.33 

0.13 0.56 0.31 

0.06 0.55 0.38 

3 days 

0.11 0.58 0.31 

0.15 0.51 0.34 

0.17 0.49 0.34 

6 days 

0.12 0.56 0.32 

0.15 0.49 0.36 

0.18 0.49 0.33 

Wooden 

floor 

5-6 h 

0.09 0.57 0.33 

0.11 0.56 0.33 

0.11 0.54 0.35 

3 days 

0.10 0.58 0.32 

0.08 0.56 0.35 

0.12 0.53 0.36 

6 days 

0.03 0.64 0.33 

0.18 0.54 0.28 

0.13 0.52 0.35 

Textile 

material 

(cotton) 

5-6 h 

-0.11 0.69 0.42 

0.02 0.67 0.31 

0.01 0.60 0.39 

3 days 

0.05 0.63 0.32 

0.04 0.62 0.34 

0.07 0.55 0.38 

6 days 

-0.04 0.65 0.39 

0.04 0.60 0.36 

0.11 0.53 0.36 

Ypred is the predicted value of the dummy variables 0 or 1. A predicted value of > 0.65 (white) indicates that the 

observation belongs to the class, a predicted value in the range of 0.35 – 0.65 (light grey) is borderline, and a predicted 

value < 0.35 (dark grey) indicates that the observation does not belong to the class.  
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Table A24. Predicted Y values for the sampled residues of label Protect Pfeffer-Spray Anti-Dog defence spray 

in the OPLS-DA model based on labels from KKS. 

Surface Time Point 
Y pred label Protect 

Pfeffer-Spray Anti-Dog 

Y pred label  

OC 5000 

Clinker 

5-6 h 

0.57 0.43 

0.51 0.49 

0.46 0.54 

3 days 

0.55 0.45 

0.55 0.45 

0.46 0.54 

6 days 

0.61 0.39 

0.50 0.50 

0.41 0.59 

Plastic carpet 

5-6 h 

0.59 0.41 

0.58 0.42 

0.47 0.53 

3 days 

0.63 0.37 

0.59 0.41 

0.53 0.47 

6 days 

0.63 0.37 

0.59 0.41 

0.58 0.42 

Wooden floor 

5-6 h 

0.55 0.45 

0.53 0.47 

0.52 0.48 

3 days 

0.67 0.33 

0.56 0.44 

0.50 0.50 

6 days 

0.54 0.46 

0.52 0.48 

0.49 0.51 

Textile material 

(cotton) 

5-6 h 

0.73 0.27 

0.61 0.39 

0.60 0.40 

3 days 

0.59 0.41 

0.55 0.45 

0.49 0.51 

6 days 

0.66 0.34 

0.54 0.46 

0.48 0.52 

Ypred is the predicted value of the dummy variables 0 or 1. A predicted value of > 0.65 (white) indicates that the 

observation belongs to the class, a predicted value in the range of 0.35 – 0.65 (light grey) is borderline, and a predicted 

value < 0.35 (dark grey) indicates that the observation does not belong to the class.  
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Table A25. Predicted Y values for the sampled residues of label Protect Pfeffer-Spray Anti-Dog defence spray 

(Batch Exp 12/2021 CHB 029998) in the OPLS-DA model based on batch number of that label. 

Surface Time Point 
Y pred batch Exp 

12/2021 CHB 029998 

Y pred batch Exp 

12/2022 CHB 019999 

Clinker 

5-6 h 

0.49 0.51 

0.47 0.53 

0.46 0.54 

3 days 

0.45 0.55 

0.37 0.63 

0.34 0.66 

6 days 

0.44 0.56 

0.25 0.75 

0.23 0.77 

Plastic carpet 

5-6 h 

0.51 0.49 

0.45 0.55 

0.42 0.58 

3 days 

0.43 0.57 

0.40 0.60 

0.38 0.62 

6 days 

0.44 0.56 

0.33 0.67 

0.25 0.75 

Wooden floor 

5-6 h 

0.51 0.49 

0.46 0.54 

0.46 0.54 

3 days 

0.39 0.61 

0.36 0.64 

0.35 0.65 

6 days 

0.42 0.58 

0.25 0.75 

0.25 0.75 

Textile material 

(cotton) 

5-6 h 

0.66 0.34 

0.56 0.44 

0.51 0.49 

3 days 

0.60 0.40 

0.54 0.46 

0.47 0.53 

6 days 

0.63 0.37 

0.60 0.40 

0.51 0.49 

Ypred is the predicted value of the dummy variables 0 or 1. A predicted value of > 0.65 (white) indicates that the 

observation belongs to the class, a predicted value in the range of 0.35 – 0.65 (light grey) is borderline, and a predicted 

value < 0.35 (dark grey) indicates that the observation does not belong to the class.  
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Table A26. Predicted Y values for the sampled residues of OC US Police (batch 15.11.2018) defence spray in 

the OPLS-DA model based on batch number of sprays from AFG. 

Surface Time Point Y pred batch 15.11.2018 Y pred batch 31.5.2018 

Clinker 

5-6 h 

0.77 0.23 

0.72 0.28 

0.41 0.59 

3 days 

1.27 -0.27 

1.19 -0.19 

1.09 -0.09 

6 days 

1.35 -0.35 

1.12 -0.12 

0.83 0.17 

Plastic carpet 

5-6 h 

0.80 0.20 

0.69 0.31 

0.55 0.45 

3 days 

1.15 -0.15 

0.85 0.15 

0.79 0.21 

6 days 

0.99 0.01 

0.94 0.06 

0.94 0.06 

Wooden floor 

5-6 h 

0.63 0.37 

0.50 0.50 

0.47 0.53 

3 days 

1.07 -0.07 

0.69 0.31 

0.61 0.39 

6 days 

1.20 -0.20 

0.84 0.16 

0.84 0.16 

Textile material 

(cotton) 

5-6 h 

0.64 0.36 

0.56 0.44 

0.15 0.85 

3 days 

0.94 0.06 

0.72 0.28 

0.68 0.32 

6 days 

0.79 0.21 

0.68 0.32 

0.55 0.45 

Ypred is the predicted value of the dummy variables 0 or 1. A predicted value of > 0.65 (white) indicates that the 

observation belongs to the class, a predicted value in the range of 0.35 – 0.65 (light grey) is borderline, and a predicted 

value < 0.35 (dark grey) indicates that the observation does not belong to the class.  
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