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Abstract

We are presenting a chemometrical system designed to detect controlled phenetylamines and
classify them according to their pharmacological activity. The system detects these recreational
drugs based on their spectra, recorded with a new portable GC - IRAS spectrometer, between 1405
and 1150 cm?, specific its quantum cascade laser source of infrared radiation (UT8). A wre feature
weight, defined by using the Fisher function, was first determined. A training set formed with the
wre preprocessed spectra of the targeted compounds have then been subjected to Principal
Component Analysis (PCA). The scores plots indicate that amphetamines and their main
precursors, the ephedrines, are naturally clustering and may be successfully distinguished despite
the high similarity of their molecular structures. The remarkable discrimination power of this
computerized application recommends its use for forensic purposes and for establishing structure-
activity correlations.
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1. INTRODUCTION

Amphetamine, a methyl homologue of the mammalian neurotransmitter phenethylamine, and
many of its analogues are increasingly abused as recreational drugs [1, 2]. Unfortunately, there are
currently no effective drugs for treating amphetamine addiction, and drug tolerance develops rapidly
in amphetamine abuse [3]. During the last decades, overdose on amphetamine, methamphetamine, and
other substituted amphetamines resulted in thousands of deaths worldwide [1]. Therefore, important
efforts have been made in the recent past in order to develop analytical instrumentation and data
procesing methods that will allow a fast detection of amphetamines [4].

Amphetamine is the parent compound of a large structural class, which includes many
psychoactive derivatives: stimulants like amphetamine itself and methamphetamine [5-7],
hallucinogens / serotonergic empathogens like 3,4-methylenedioxymethamphetamine (MDMA) [8]
and decongestants like ephedrine [9-11], among other subgroups.

As clandestine laboratories are frequently preparing amphetamines as solid salts [1-3], the
portable analytical instruments that have been most recently built for in-situ scanning for
amphetamines are infrared laser spectrometers [12]. We are presenting an artificial intelligence
application designed to be embedded on a GC — IRAS portable scanner.
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2. EXPERIMENTAL PART

The spectra have been recorded with a UT8 quantum cascade laser (QCL) source of infrared
radiation, which emits between 1405 and 1150 cm® [13, 14]. The absorption has been measured with a
resolution of 5 cm™. The input database consists of the spectra of 36 substances, i.e. 7 illicit stimulant
amphetamines (class code M), 6 ephedrines (class code E), 6 hallucinogenic amphetamines (class
code T) and 17 negatives (class code N) representing randomly selected chemicals of forensic interest
[15-17]. Class M includes amphetamine and its main analogues (e.g. methamphetamine), class E
contains ephedrine and its main analogues and isomers (e.g. pseudoephedrine and norephedrine),
while class T is formed by 3,4-methylenedioxyamphetamines and its main analogues.

A wre feature weight has been calculated, based on the Fisher function, in order to identify the
variables having the highest modeling and discrimination power [18-20]. For this purpose, the spectra
of the hallucinogenic amphetamines (T) and of the ephedrines (E) included in the database have been
included in class | and the spectra of the stimulant amphetamines (M) and of the negatives (N) in class
Il.

A new database, created by preprocessing the spectra with the wre function, was subjected to
Principal Component Analysis (PCA) [21], which was performed with the MATLAB software
package. The analysis of the cumulated explained variance has indicated that the three principal
components (PCs) are enough for obtaining relevant score and loading plots.

The score plots have been analyzed in order to assess which clusters may be clearly
distinguished [22]. The loading plots have been analyzed in order to identify which absorption bands
are crucial for the recognition of each class identity.

The PCA scores obtained for the first three PCs and kernel density estimations have been then
used in order to evaluate the potential overlap of the clusters identified in the score plots.

3. RESULTS AND DISCUSSION

The wre feature weight obtained as mentioned above is presented in Fig. 1. Its effect of the
original spectra of the modeled compounds is illustrated in Fig.2. Corroborating these figures, we may
conclude that the main effect of spectra preprocessing with the wre function is the enhancement of the
intensity of the absorption bands found at 1245 and 1190-1195 cm™ in the spectra of the
hallucinogenic amphetamines. Indeed, these bands are very specific, as they are very stable in both
position and shape [13-17]. Secondly, we should notice that the wre preprocessed spectra of
hallucinogens and of ephedrines display much stronger bands in the 1405 - 1150 cm? spectral domain
than their M and N counterparts.

T
1195\ <« 190

WTE

1 Il 1 1 Il 1
1400 1350 1300 1250 1200 1150
Wavenumber (cm-1)

Figure 1. wre feature weight used for preprocessing the infrared spectra.
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Figure 2. Mean spectra of: a) hallucinogenic amphetamines (class T); b) ephedrines (class E; ¢)
stimulant amphetamines (class M); negatives (class N)
unprocessed (- - -) and preprocessed with the wre selective amplifier (__ ).

The number of principal components (PCs) needed for obtaining good quality clustering has
been established based on the explained variance characterizing the first PCs. As shown in Fig. 3, the
first three PCs are cumulating most of the explained variance. Hence, the score plots have been

determined for the first three PCs.
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Figure 3. Explained variance obtained with the wre preprocessed spectra.

The resulting score and loading plots obtained for PC1 and PC2 are presented in Fig. 4. The
score plot (see Fig. 4a) indicates that the hallucinogens (T) form a dense cluster in quadrant I. The
loading plot indicates that the most important absorptions that are generating this cluster are those
around 1245 cm. Taking into account that all the wavenumbers between 1260 and 1235 cm™ are
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contributing to this cluster, we may conclude that the class identity is assigned not based on the
presence of the 1245 cm™ peak, but also by taking into account the shape (envelope) of this absorption

band.

The cluster formed by the ephedrines (E) may also be easily distinguished. Found in quadrant
IV, ephedrines are the only compounds characterized by small positive PC1 scores and large negative
PC2 scores (see Fig. 4a). Their discrimination is ensured by the presence of the 1190 — 1195 cm™*
peak and the lack of the absorption band specific to the hallucinogens, i.e. 1245 cm™ (see Fig 4b, Fig.

2b and Fig. 2a).

On the other hand, the cluster formed by the stimulant amphetamines (M), found at the border
between the quadrants Il and 11, is closely surrounded by a cloud of negatives (N). Hence, these two
classes of compounds may not be easily distinguished based on their (PC1, PC2) scores.
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Figure 4. Principal Component Analysis for the first two principal components characterizing
stimulant amphetamines (M), hallucinogenic amphetamines (T) and negatives (N): a) score plot; b)

loading plot.
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The PC1 vs. PC3 score and loading plots are presented in Figure 5. The T and E clusters are
still well defined, although they are now both located in quadrant IV and closer one to each other than
in the PC1 vs. PC2 score plot. The third PC does not improve the discrimination of the M and N
clusters (see Fig. 5 and 6).
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Figure 5. Principal Component Analysis for the first and third principal components characterizing
stimulant amphetamines (M), hallucinogenic amphetamines (T) and negatives (N): a) score plot; b)

loading plot.
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Figure 6. Principal Component Analysis for the second and third principal components
characterizing stimulant amphetamines (M), hallucinogenic amphetamines (T) and negatives (N): a)
score plot; b) loading plot.

The potential overlap of the clusters, evaluated by using kernel density estimations, is
presented in Fig. 5. We may notice that, due to the fact that the negatives have very different
molecular structures and thus very different spectra, their associated points present in the score plots
cover the whole range of PC1, PC2 and PC3 scores. However, the probability of misclassifying
negatives as (false) hallucinogenic amphetamines (T) or as (false) ephedrines (E) is very low. These
plots confirm that the highest probability of misclassification appears for the negatives (N) and
stimulant amphetamines (M).
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Figure 5. Estimated density associated to the PC scores of stimulant amphetamines (M), ephedrines
(E), hallucinogenic amphetamines (T) and negatives (N): a) PC1; b) PC2; c) PC3.

4. CONCLUSION

The broad range of chemicals that cause the “amphetamine use disorder” contains
amphetamine as a backbone and derivatives that are formed by replacing one or more hydrogen atoms
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in the amphetamine core structure with small chemical groups. The results presented in this study
indicate that PCA is a useful tool for distinguishing hallucinogenic amphetamines and ephedrines
from other types of compounds, as well as among themselves. With this system, once a compound is
classified as a negative, it may as well be a compound belonging to the class of stimulant
amphetamines (M). Therefore, further analysis is necessary in order to distinguish the latter controlled
substances.
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