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Abstract

We are presenting a pattern recognition analysis assessing the class identity recognition efficiency of a
portable laser infrared sensor detecting controlled phenethylamines, i.e. the stimulant and
hallucinogenic amphetamines, as well as ephedrines, which are their main precursors. The training set
consists of laser infrared spectra of the later compounds and of negatives, which are randomly selected
non-amphetamines. The spectra have been recorded in the spectral domain 1405 - 1150 cm,
preprocessed with a wre? Fisher discriminating function, and then subjected to Principal Component
Analysis (PCA).

The PCA scores have been used in order to build several pattern recognition systems designed to
recognize the class identity of the targeted compounds, i.e. Cluster Analysis and Naive Bayesian
Classifier. The detection efficiency obtained for these two systems is presented and discussed in
detail.
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1. INTRODUCTION

Drug abuse is an increasingly problem for the public health systems, which is also incurring
important social and economic costs worldwide [1-3]. Phenetylamines, i.e. amphetamines and their main
precursors — the ephedrines, are some of the most popular designer drugs: the proliferation of clandestine
laboratories has made these synthetic drugs increasingly afordable [4]. Statistics show that the number of
these laboratories has increased especially in Europe [5]. One of the main measures taken during the last
decade by the European Community, in order to fight against narcotraffic, was to encourage the
development of new portable analytical instruments, able to detect efficiently illegal phenetylamines as
well as their main precursors [6].

In this paper we are presenting an artificial intelligence application that was developped in order
to operate a new portable laser GC-IRAS spectrometer, which was developped within the DIRAC EU
project [7, 8]. The application was designed to provide: a) a fast automatic screening for amphetamines
and for ephedrines; b) a way to predict the pharmacological activity of the detected amphetamine
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(stimulant or hallucinogenic); c) a user-friendly human-machine interface, making the instrument easy to
use for law enforcement officers without needing a strong background in analytical chemistry.

2. EXPERIMENTAL PART

The database consists of the infrared spectra of 36 compounds, recorded between 1405 and 1150
cm™, which is the domain where the UT8 quantum cascade laser (QCL) that equipps the portable
spectrometer is emitting. The absorption has been measured every 5 cm™ [9, 10]. The spectral input
consists of 19 positives and 17 negatives (non-phenethylamines, class code N). The positives are 7
stimulant amphetamines (amphetamine, analogues and homologues, class named M), 6 ephedrines
(ephedrine, stereoisomers and diastereomers, class named E), 6 hallucinogenic amphetamines (3,4-
methylenedioxyamphetamines and analogues, class named T) [11-13].

A wre Fisher discriminating function was computed based on the spectra included in the spectral
database [14]. For this purpose, the positives have been divided into two classes: class | includes the
spectra of the T and E drugs of abuse, while class Il consists of the remaining spectra (M and N
compounds) [15-17]. The mean spectra of the original and of the wre? processed spectra included in class
| are presented in Fig. 1, while those included in class Il are illustrated in Fig. 2. We may notice that the
main effect of the wre? spectra processing is the enhancement of the intensity differences of the
absorptions that the targetted compunds have around 1245 and 1190 cm™. More specifically, the positives
(T and E) included in class | are characterised by much (more than 3 times) stronger absorptions at these
wavenumbers than the compounds (M and N) included in class II.
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Fig. 1. Mean spectra of the original and wre? processed spectra of the hallucinogenic
amphetamines (class name T) and of the ephedrines (class hame E) included in the database
used for multivariate analysis

The w+e? processed spectra have been assessed by Principal Component Analysis (PCA) [18], by
using the MATLAB software. The number of principal components (PCs) have been established based on
the cumulated explained variance. The resulting 3D score plot has been used in order to determine the
clusters that may be reliably distinguished and used for the discrimination of the modeled drugs of abuse.
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Fig. 2. Mean spectra of the original and wre? processed spectra of the stimulant amphetamines
(class name M) and of the negatives (class name N) included in the database used for
multivariate analysis

The visual inspection of the 3D score plot has been corroborated with the results of a Hierarchical
Cluster Analysis (HCA) [19, 20]. The first assessed dendrogram has been built with the first two PCs.
The Silhouette index [21] was used to assess the number of clusters that can be reliably detected with this
clustering tree. The results have been compared with those obtained with the first three PCs. Finally, these
results have been compared with those yielded by the Naive Bayes classifier [22].

3. RESULTS AND DISCUSSION

The wre® processed spectra have been evaluated by Principal Component Analysis (PCA), in
order to assess to what extent the targetted classes of designer drugs and precursors are forming clearly
distinguishable clusters. The dynamics of the explained variance is presented in Table 1. It indicates that
the first two PCs are enough to obtain a cumulated explained variance larger than 90%. If the first three
PCs are taken into account, a cumulated explained variance of 95.0589% is obtained.

Table 1. Reducing the dimensionality of the hyperspace formed by the wre? preprocessed
spectra

Principal Component Explained variance (%) Cumulated explained variance (%)
PC1 72.0021 72.0021
PC2 19.9755 91.9776
PC3 3.0813 95.0589

Hence, PCA was performed with the first three PCs. The 3D score plot obtained with these PCs is
presented in Fig. 3. It indicates that all three classes of designer drugs (M, T) and precursors (E) are
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clustering. Among the positives, the hallucinogenic amphetamines are forming the densest cluster and the
ephedrines (E) form the most dispersed cluster. However, the cluster formed by stimulant amphetamines
(M) is closely surrounded by the cloud formed by the negatives, making it difficult to clearly distinguish
the class identity of an unknown whose associated point is located towards the periphery of the M cluster.
Although their number is much smaller than in the case of the M amphetamines, some negatives are also
located rather close to the cluster formed by the ephedrines (E).
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Fig. 3. 3D score plot obtained with the wre? processed spectra based on Principal Component
Analysis (PCA) performed with the first three principal components (PC1, PC2, PC3)

As this qualitative analysis could not provide a clear answer regarding the number of clusters that
may be distinguished reliably, a quantitative assessment was performed based on the HCA of the (PC1,
PC2, PC3) scores obtained for the wre? processed spectra. The Silhouette index has been determined and
its dynamics is presented in Fig. 4. It clearly indicates that a number of 3 clusters may be distinguished
reliably. Hence, two of the modeled classes of compounds cannot be discriminated.
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Fig. 4. Dynamics of the Silhouette index determined based on the (PC1, PC2, PC3) scores
obtained with the wre? processed spectra
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The associated clustering tree, presented in Fig. 5, shows that, in the case of this technique, the
cluster formed by the hallucinogenic amphetamines (T) is affected by (only) one false positive (N28). No
T compound shows in the other clusters, so there are no T false negatives. The ephedrines (E) are forming
an even better defined cluster: There are no false positives, nor E false negatives. On the other hand, there
is a significant overlap between the cluster of the stimulant amphetamines (M) and the cluster formed by
the negatives (N). Hence, the three clusters that may be reliably distinguished based on this dendrogram
are the T, E and (M, N) clusters.
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Fig. 5. Clustering tree determined based on the (PC1, PC2, PC3) scores obtained with the wre?
processed spectra

In these conditions, it was worth testing if the same results may be obtained with the scores of
only the first two PCs, i.e. PC1 and PC2, which are cumulating an explained variance of 91.9776%, i.e.
only 3.0813% less than the 95.0589% explained variance cumulated by the first three PCs.

The dynamics of the Silhouette index determined with the (PC1, PC2) scores is presented in Fig.
6. It indicates that the same number (three) of clusters may be clearly distinguished with only the first two
PCs. It is worth underlining that the value of the Silhouette index determined for 3 clusters with the (PCL1,
PC2) scores is even (slightly) larger than the value obtained for (PC1, PC2, PC3) scores (see Fig. 4 and
Fig. 6). Hence, the three clusters may be even better distinguished with only the first two PCs.

The associated dendrogram, presented in Fig. 7, shows that this clustering tree ensures the same
sensitivity and selectivity than the clustering tree built with the (PC1, PC2, PC3) scores. Hence, using the
(PC1, PC2) dendrogram is the simplest and fastest way of detecting T and E drugs.
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Fig. 6. Dynamics of the Silhouette index determined based on the (PC1, PC2) scores obtained
with the wre? processed spectra
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Fig. 7. Clustering tree determined based on the (PC1, PC2) scores obtained with the wre?
processed spectra

These results have been compared with those yielded by the Naive Bayes classifier. Table 2
presents the misclassifications yielded by this classifier. By comparing these results with the clustering
tree presented in Fig. 7, we may draw the conclusion that both methods misclassify practically the same
compounds. This means that the spectra, recorded in the narrow spectral window of the laser source that
equipps the portable laser GC-IRAS spectrometer (1405 - 1150 cm™) of these compounds does not
contain enough information about the specificity of these molecular structures.
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Table 2. Misclassifications yielded by the Naive Bayes classifier

Tested  Answer Posterior Cost
T E M N T E M N
M74 N 0 0 0.4018 | 0.5981 1 1 0.5981 | 0.4018
N56 M 0 0 0.9102 | 0.0897 1 1 0.0897 | 0.9102
N52 M 0 0 0.7984 | 0.2015 1 1 0.2015 | 0.7984
N126 M 0 0 0.7114 | 0.2885 1 1 0.2885 | 0.7114
N100 M 0 0 0.5040 | 0.4959 1 1 0.4959 | 0.5040
N127 M 0 0 0.8949 | 0.1050 1 1 0.1050 | 0.8949

4. CONCLUSIONS

PCA has allowed a qualitative analysis of the possibility of detecting any new compound with a
molecular structure similar to stimulant and hallucinogenic amphetamines, as well as to ephedrine. The
results have been corroborated with a quantitative analysis based on HCA and the Silhouette index, which
firmly indicated that only hallucinogenic amphetamines and ephedrines may be reliably detected based on
the PCA scores determined with their wre? processed spectra recorded in the 1405 - 1150 cm™ spectral
window. The results have also indicated that the scores of the first two PCs are enough for building a
clustering tree that may reliably detect hallucinogenic amphetamines (T) and ephedrines (M). The use of
the Naive Bayes classifier does not improve significantly the number of misclassifications.
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