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Introduction
In recent years, a new group of drugs has emerged, the so-called 
new psychoactive substances (NPS), which mimic the effects of 
traditional drugs of abuse while intentionally circumventing reg-
ulations (Baumann et al., 2017). NPS have proliferated uncon-
trollably, reaching 3% of the total drug consumption worldwide 
(United Nations Office on Drugs and Crime, 2017). Some of 
these, such as synthetic cathinone mephedrone and synthetic 
cannabinoid JWH-018 (1-pentyl-3-(1-naphthoyl) indole), have 

been banned after a detailed pharmacological evaluation 
(Baumann et al., 2014; Miliano et al., 2016) revealed the risks 
associated with their consumption (Fattore, 2016; Papaseit et al., 
2017). Nevertheless, such assessment studies are lacking for 
most NPS (Madras, 2017).

Traditional pharmacological evaluation of all these sub-
stances seems unfeasible, in terms of time-consuming and 
labour-intensive resources, leading to a delay in public health 
prevention programmes and law enforcement. Thus, alternative 
strategies are required to face this challenging phenomenon. 
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Current in silico screening approaches designed to mimic the 
interaction of drug–receptor could be proposed as an approach to 
describe a drug’s mechanism of action (Kroeze et al., 2015; 
Strachan et al., 2006). However, the lack of information on the 
drug kinetics and metabolic disposition could bias the output 
obtained. In this context, we propose targeted metabolomics as a 
novel experimental approach for the high-throughput evaluation 
of emerging drugs. Nowadays, metabolomics is already applied 
as a tool to characterize the behaviour of diseases (Meinhardt 
et al., 2015) or used to discover pathology biomarkers (Näsström 
et al., 2014), among other applications (Wishart, 2016).

We hypothesized that exposure to NPS and classical drugs 
could produce drug-specific quantifiable changes in the target-
metabolomics profile formed by both monoamine neurotransmit-
ters and steroid pathways, according to their mechanism of 
action. Indeed, by applying machine learning algorithms to the 
metabolomics fingerprints of traditional reference drugs (cocaine, 
methamphetamine, 3,4-methylenedioxyamphetamine (MDMA), 
Δ9-tetrahydrocannabinol (Δ9-THC), and heroin) we could cor-
rectly predict the pharmacological profile of mephedrone and 
JWH-018 - assayed as models of NPS – with our constructed 
model.

Materials and methods

Animals

Male Wistar (Charles Rivers) rats aged 6 weeks and weighing 
200–250 g were used in this study. They were housed in pairs in 
a room with controlled temperature (22 ± 1ºC) and humidity (55 
± 10%) under a 12 h light/dark cycle (on at 8:00 and off at 
20:00). Food and water were available ad libitum. Animals were 
handled and habituated to the experimental room 1 week prior to 
testing. All animal procedures were conducted in accordance 
with the standard ethical guidelines (European Communities 
Directive 86/60-EEC) and approved by the local ethical commit-
tee (Comitè Ètic d’Experimentació Animal of the Barcelona 
Biomedical Research Park; CEEA-PRBB).

Drugs

MDMA and 4-methylmethcathinone (mephedrone) were 
obtained through the Division of Narcotic Drugs and Psychotropic 
Substances of the Spanish Medicines Agency (AEMPS). 
Methamphetamine, heroin and cocaine were obtained from 
Sigma-Aldrich (Saint Louis, MO, USA). Δ9-Tetrahydrocannabinol 
(Δ9-THC) was obtained from THC Pharm GmbH (Frankfurt, 
Germany). JWH-018 was purchased from LGC Standards 
(Lancashire, UK). MDMA (15 mg/kg), cocaine (20 mg/kg), 
methamphetamine (15 mg/kg), heroin (30 mg/kg) and mephed-
rone (30 mg/kg) were diluted in saline (0.9% bacteriostatic 
sodium chloride). Δ9-THC (15 mg/kg) and JWH-018 (10 mg/kg) 
were diluted in vehicle (5% ethanol, 5% cremophor, 90% saline). 
All drugs were administered intraperitoneally at a volume of 
1 ml/kg, except for the ethanol-chremophor vehicle, Δ9-THC and 
JWH-018, which was administered at 5 mL/kg.

Tryptophan (Trp), 5-hydroxytryptamine, serotonin (5-HT), 
5-hydroxyindole acetic acid (5-HIAA), phenylalanine (Phe), 
tyrosine (Tyr), dopamine (DA), 3-methoxytyramine (3-MT), 

3,4-dihydroxyphenylacetic acid (Dopac), homovanillic acid 
(HVA), norepinephrine (NE), epinephrine (E), metanephrine 
(ME) and normetanephrine (NME) were obtained from  
Sigma-Aldrich (Saint Louis, MO, USA). Progesterone (Prog), 
deoxycorticosterone (DOC), corticosterone (B), 11-dehydrocor-
ticosterone (A), androstenedione (AED) and testosterone (T) 
were also purchased from Sigma-Aldrich (Saint Louis, MO, 
USA). Trp-d5, 5-HIAA-d4, Tyr-d4, 3-MT-d4, Dopac-d3, 
13C-HVA-d3, NE-d3 and MN-d3 were purchased from Alsachim 
(Illkirch-Graffenstaden, France). 5-HT-d4, Phe-d5, DA-d4 and 
Cortisone-d8 were obtained from Toronto Research Chemicals 
(Toronto, Canada). Cortisol-d4 and testosterone-d3 were obtained 
from Sigma-Aldrich (St Louis, MO, USA) and NMI (Pymble, 
Australia), respectively. Methanol, acetonitrile, acetone, ethyl 
acetate and sodium chloride were purchased from Merck 
(Darmstadt, Germany). Ultra-pure water was obtained with a 
Milli-Q system. Dansyl chloride was obtained from Sigma-
Aldrich (Missouri, USA). The β-glucuronidase preparation (type 
K12 from Escherichia coli) was purchased from Roche 
Diagnostics GmbH (Mannheim, Germany).

Experimental procedure

Two different experimental designs were followed. First, to 
determine rapid metabolomics changes in brain tissue, in experi-
ment 1 (Supplementary Figure 1(a)) rats were habituated to the 
metabolic cages for 2 h. The next day they received a single 
administration of drug (n=6) or vehicle (n=6) and were placed in 
the metabolic cages for 1 h. Subsequently, rats were anaesthe-
tised (with isoflurane) to collect blood samples by intra-cardiac 
puncture, followed by euthanasia and brain extraction. The pre-
frontal cortex (PFC), the cerebellum (Cer), the hippocampus 
(HC) and the striatum (St) were dissected, placed in liquid nitro-
gen and later stored at −80ºC until processing. Second, to deter-
mine sustained metabolomics changes in plasma, urine and brain 
tissue, in experiment 2 (Supplementary Figure 1(b)) rats were 
habituated to the metabolic cages for 2 h. The next day they were 
placed in the metabolic cages for 4 h, and urine was collected for 
basal measurements. The following day, they received a single 
administration of the vehicle and were again placed in the meta-
bolic cages for 4 h. Urine was collected once more, which served 
as a control for the intraperitoneal injection. On day 4, rats 
received a single administration of drug (n=6) or vehicle (n=6) 
and were placed in the metabolic cages for 4 h. Then, urine was 
collected and rats were anaesthetised to collect blood samples by 
intra-cardiac puncture, followed by brain extraction and harvest-
ing of brain areas, as described above. The circadian rhythms 
variations were minimized by collecting all the samples at the 
same time-period in all treated groups (with drugs or saline) in all 
conditions (1 h and 4 h post drug/ vehicle administration).

Sample preparation

The brain areas were homogenized with 1 mL tissue grinder 
dounce (Wheaton, USA). The tissue was processed in 400 µL of 
formic acid at 0.1%, and protein precipitation was obtained with 
800 µL of acetonitrile. The mixture was centrifuged (10 min, 
13.000 rpm, 4ºC) and the supernatant was kept at −20ºC until 
analysis. Blood was preserved at 4ºC during the experimental 
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collection, and plasma was separated by centrifugation at 4ºC 
and 1700 g for 15 min.

Monoamine neurotransmitter quantification

For the proper multi-compound quantification of the endogenous 
monoamine metabolic pathway, a validated LC-MS/MS method 
was used (Marcos et al., 2016) with a dansyl chloride derivatiza-
tion-validated methodology (Cai et al., 2010; Lu et al., 2016). 
Monoamines were quantified in different brain areas and in urine 
(Supplementary Figure 1(c) to (e)). For brain areas, calibration 
range varied from 10 to 1000 ng/mL and from 50 to 5000 ng/mL 
in urine.

Steroid hormone quantification

Steroid hormones were quantified in brain areas and plasma 
through a validated methodology (Marcos et al., 2014). Steroid 
hormones were quantified in brain areas and in plasma (see 
Supplementary Figure 1(f)). For brain areas and plasma, the cali-
bration range varied from 2 to 1000 ng/mL.

Instrumentation

An Acquity UPLC instrument (Waters Associates, Milford, MA, 
USA) was used for the liquid chromatographic (LC) separation. 
The system was supplied with an Acquity BEH C18 column 
(100 mm, 2.1 mm i.d., 1.7 µm) (Waters Associates), at 55ºC and 
with a constant flow rate of 300 µL/min. Methanol and water, 
both containing formic acid (0.01% v/v) and ammonium formate 
(1 mM) were used as mobile phase solvents.

The chromatographic system was coupled to a triple quadru-
pole (Quattro Premier Waters) mass spectrometer coupled with 
an orthogonal Z-spray-electrospray interface (ESI). The nebuliz-
ing gas used was nitrogen. The nitrogen desolvation temperature 
was set to 450ºC, and the source temperature was 120ºC. The 
cone gas flow was set to 50 L/min, and the desolvation gas flow 
was set to approximately 1200 L/h. The ionization was in posi-
tive mode with a capillary voltage of 3 kV. Argon was used as a 
collision gas with a constant flow of 0.21 mL/min.

The multi-analytes studied were determined by Selected 
Reaction Monitoring. For each analyte, at least two transitions, 
optimized in cone voltage and collision energy, were acquired. 
The most specific transition with the lowest noise ratio signal 
was selected for quantitative purposes. MassLynx software 
(Waters Associates) was used for peak integration and data 
management.

Metabolomics data analysis

Through the MassLynx software we obtained the concentrations 
for each sample analyzed (with calibration curves). In brain 
areas, concentration was corrected with the weighting area. In 
urine samples, the correction was normalized by the excreted 
volume.

A heatmap was drawn to show the dynamics of the metabo-
lites (Figure 1). It permitted the representation of a visual 
increase/decrease of non-altered marker relation. For the con-
struction of the heatmap, ratio values were calculated in 

all biological matrices. Ratios were obtained by dividing the 
metabolite marker concentration after drug/vehicle administra-
tion by the median values of the vehicle administration for each 
sample. These ratios were calculated in plasma and brain areas 
(PFC, Cer, HC and St). In urine, the ratio was calculated by 
dividing metabolites recovered 0–4 h after drug administration 
with metabolites recovered from the median of vehicle adminis-
tration. All ratios were represented in the heatmap, and the fol-
lowing code was applied to the ratio values: 0.2 (blue), 1 (yellow) 
and 5 (red), in a gradual manner. Intense red had a closer ratio 
value to 5 and thus a greater increment of the marker in compari-
son with the vehicle administration. In contrast, intense blue 
reflected the decrease of a marker in comparison with its vehicle. 
Yellow values showed no-change against the vehicle administra-
tion. In the heat maps for the three neurotransmitter pathways 
there are four columns corresponding to the four brain areas 
evaluated and an additional column only filled at 4 h correspond-
ing to metabolomics changes in urine (0–4 h). Regarding ster-
oids, the additional column for brain results corresponds to 
plasma concentrations (1 h and 4 h post drug administration).

The metabolomics fingerprints in urine were determined by 
calculating the ratio between basal and drug administration val-
ues within subjects, and in plasma and brain tissue by calculating 
the ratio between vehicle and drug administration values between 
subjects. The data were analyzed with the non-parametric Mann–
Whitney test, since it was not normally distributed according to 
the Kolmogorov–Smirnov test. Significant differences were con-
sidered when p-values were <0.05.

Data preparation and principal component 
analysis (PCA)

Before performing the PCA, missing values were imputed using 
the missMDA R package. Then testing from 0 to 15 numbers of 
components (using the estim_ncpPCA function) we estimated the 
number of dimensions for the PCA by cross validation. The num-
ber of components that led to the smallest mean square error of 
prediction was then used to predict the missing entries by using 
the imputePCA function with a regularized iterative PCA algo-
rithm. The negative imputed values were replaced by 0 and a 
pseudo-value of 0.001 was added to each cell to be able to take 
the logarithm for those variables whose normality improved 
upon the log-transformation (as measured by a higher p-value 
from the Shapiro–Wilk test of normality upon transformation). 
For the PCA, we used R prcomp function, scaling and centring 
the variables to have the unit variance and zero centred mean 
before the analysis.

Classification model: random forest

The classification model was built using the random forest algo-
rithm (method “rf” in the train function in the caret R package) 
using the targeted metabolomics data of the canonical drugs. For 
accuracy estimation we used the leave-one-out cross validation 
(LOOCV). In the LOOCV method, we built a new model leaving 
one of the samples out. This new model was used to predict the 
left-out instance. This was repeated for all data instances. 
Accuracy was the fraction of correct predictions. Then, variable 
importance was calculated with the varImp function of the caret 
package.
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The metabolomics data from rats treated with NPS were 
given as an input to the predict function that calculated for each 
sample the votes of the trees in the ensemble. Results were 
shown by heatmap plotted with the gplot package. The code is 
available on Bitbucket (https://bitbucket.org/ilario_de_toma/
NPSs).

To check for overfitting, we built 168 different models adding 
a metabolite one by one, from the most important to the least 
important. We therefore plotted the accuracy as calculated by the 
LOOCV in function of the number of variables included. In a 
similar manner, for each of these 168 models we calculated their 
ability to correctly predict NPS. Three scores were employed:

−− Score calculated by adding 1/3 point for each well-pre-
dicted NPS

−− Sum of the probabilities of prediction for mephedrone as 
MDMA, and JWH-018 as THC

−− The sum of the differences, in the case of correct predic-
tion, between the first prediction and the second (the 
higher the value, the greater the certainty and reproduci-
bility of the prediction)

We also quantile normalized these scores to obtain a single one.

Results

Identification of drug-specific metabolomics 
fingerprints

We classified a number of traditional drugs of abuse (cocaine, 
methamphetamine, MDMA, heroin, and Δ9-tetrahydrocannabinol 
(Δ9-THC)) and two NPS (mephedrone and JWH-018) according 
to their metabolomics profile. Our metabolomics study included 
168 markers: 18 metabolites from the serotonergic, dopaminergic 

Figure 1. Heat map of the targeted metabolomics alterations of different classical and NPS drugs in comparison with the vehicle administration 
and principal component analysis representation with all the metabolomics data. (a) Changes in the metabolomics profile monitored in four brain 
areas (PFC, Cer, HC and St) and plasma (only steroids) at 1 and 4 h after drug administration and in urine (0–4 h urine, only monoamines). For every 
pathway evaluated, rows display mean ratio values (n = 6). For the construction of the heatmap, the following code was applied to the ratio values: 
0.2 (blue, decrease of a marker), 1 (yellow) and 5 (red, increase of a marker in comparison with vehicle), in a gradual manner. The yellow values 
show no-change against the vehicle administration. (b) The bi-plot shows the principal component 1 on the x-axis and the principal component 2 
on the y-axis. The percentage of variance explained by the two components is indicated in brackets. Each dot corresponds to an individual sample.

https://bitbucket.org/ilario_de_toma/NPSs
https://bitbucket.org/ilario_de_toma/NPSs
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and noradrenergic pathways, corticosteroids, and sexual hor-
mones that were tested at two different time points in six biologi-
cal matrices (hippocampus, prefrontal cortex, cerebellum, 
striatum, plasma and urine) (Supplementary Figure 1). The 
metabolomics fingerprint was obtained for all drugs evaluated by 
determining the changes in concentrations of selected precursors 
and metabolites of neurotransmitters and steroids in brain tissue, 
urine and plasma at 1 and 4 h following drug administration 
(Supplementary Tables 1–7). These fingerprints are represented 
in Figure 1(a) as a heatmap of increases or decreases of the mark-
ers observed for each drug versus vehicle.

The metabolomics fingerprints of psychostimulant drugs, 
such as MDMA, mephedrone and methamphetamine, showed 
a depleting effect on serotonin brain concentrations 1 h post 
administration. Of these, MDMA induced the most general-
ized effect on the serotonergic system, as changes were 
observed in all brain regions for serotonin and its main metab-
olite, 5-HIAA. Effects were maintained 4 h later, particularly 
in the striatum.

All drugs boosted to some extent the turnover of the dopamin-
ergic system, although such effects were more pronounced for 
methamphetamine, heroin and particularly JWH-018. In contrast, 
Δ9-THC and JWH-018 presented lower recovery of 3-methoxy-
tyramine (Bloomfield et al., 2016). No major effects were 
observed for heroin, THC and JWH-018 on norepinephrine 
release in the brain, while psychostimulant drugs increased nor-
epinephrine levels and the turnover of its metabolites in all brain 
areas in the first hour post administration. Additionally, the 
recovery of normetanephrine and metanephrine, two additional 
COMT metabolites of norepinephrine and adrenaline, respec-
tively, was much lower for Δ9-THC and JWH-018 than for the 
other drugs of abuse.

In general, psychostimulant drugs such as cocaine, metham-
phetamine, MDMA, and mephedrone – considered chemical 
stressors – boosted, with different degrees of intensity, the release 
of progesterone and corticosteroids in the first hour, and this 
effect was observed in androgens at 4 h post administration. In 
the case of heroin, the metabolomics profile was quite similar, 
while for THC and JWH-018 we observed only minor changes in 
testosterone concentrations.

Changes in plasma metabolomics of steroid compounds mim-
icked those observed in the brain in our experimental conditions. 
In contrast, metabolomics in rat urine was a poor predictor of the 
changes occurring in the brain for all neurotransmitter systems 
and steroids.

PCA of metabolomics fingerprints (Figure 1(b)) showed that 
rats treated with the same substance clustered together, while 
those that received different drugs were clearly separated when 
plotting the first two principal components. Moreover, the vari-
ance in the target metabolome was maximal among drugs with 
different pharmacological profile and minimal among those with 
a similar profile. Interestingly, mephedrone clustered close to 
MDMA, while JWH-018 was near THC.

A predictive classification of NPS according 
to its metabolomics fingerprint

As our PCA showed that rats treated with drugs clustered together 
(Figure 1(b)), our next goal was to build a predictive model that 
correctly classified each classical drug according to its targeted 

metabolic profile. For this purpose, we trained a model using the 
machine learning random forest approach (Breiman, 2001) with 
the individual data of each rat receiving a classical drug (n=6 per 
group). This model had an accuracy of 100% as assessed by 
LOOCV (see Methods).

We then tested our model with metabolomics data from rats 
that were treated with mephedrone and JWH-018 in order to 
investigate their similarity with classical drugs. As expected, our 
model predicted mephedrone as being comparable to MDMA in 
all samples. Indeed, both psychostimulants share pharmacologi-
cal properties: mephedrone interacts with 5-HT and DA trans-
porters in a similar manner to MDMA (Baumann et al., 2012; 
Martínez-Clemente et al., 2012; Simmler et al., 2013). Our model 
also correctly predicted JWH-018 to be a Δ9-THC-like com-
pound based on its metabolomics profile, which is in accordance 
with its equivalent interaction with the cannabinoid receptors 
(Maldonado et al., 2011). Such results demonstrate that targeted 
metabolomics can be used to predict the pharmacological profile 
of our two test NPS (Figure 2(a)). Furthermore, in order to opti-
mize the cost-effectiveness of our methodology we constructed 
the prediction model only with data from the six animals eutha-
nized at 1 h post drug administration, and the result was again 
successfully achieved (Figure 2(b)).

In order to avoid possible issues of overfitting, we subse-
quently investigated whether the number of relevant variables 
could be reduced without losing accuracy. Several reduced mod-
els were constructed adding one by one the most relevant metab-
olites (in order of their importance in the random forest model). 
A stable 100% accuracy was reached when the 20 major metabo-
lites were included. In addition, by incorporating the first 66 
major metabolites, we correctly predicted all mephedrone- and 
JWH-018-treated samples as being similar to MDMA and THC, 
respectively (Supplementary Figure 2). When evaluating these 
66 metabolites, they belonged to serotonin (15 metabolites), 
dopamine (21), norepinephrine (15), and steroid (15) pathways, 
thus being almost equally as important for prediction. Brain 
metabolites were the most important, so that metabolites from 
the hippocampus (17 metabolites), the prefrontal cortex (11) and 
the striatum (17) accounted for around 70% of the 66 “predic-
tive” metabolites. Finally, we observed that metabolites meas-
ured at 1 h (39 metabolites) and also at 4 h (27 metabolites) post 
drug administration were equally relevant for model fitting 
(Supplementary Figure 2, Supplementary Figure 3, and 
Supplementary Table 8).

Discussion
We have developed a new pharmacological profiling model that 
employs drug-specific metabolomics fingerprints based on the 
quantification of monoamine neurotransmitters and steroid hor-
mones in rats to predict the similarity of NPS with specific drug 
categories.

The model was trained only with data from the brains of 
rats administered with classical drugs since novel NPS are 
intended to mimic their effects. Our findings are consistent 
with previous work (Fleckenstein et al., 1997; Stone et al., 
1986) as it was observed that drugs such as methamphetamine 
and MDMA, described as decreasing the enzymatic activity of 
tryptophan hydroxylase, increased its precursor (Trp) and 
decreased its product (5-HT) 1 h post drug administration 
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compared with the vehicle (Figure 1(a), Supplementary Table 
1, and Supplementary Table 6). Moreover, MDMA, a drug 
known to induce an acute depletion of serotonin in the brain, 
produced a relevant reduction of serotonin and its main metab-
olite, 5-HIAA, in all the investigated brain areas (Figure 1(a) 
and Supplementary Figure 1).

As proof of concept, we assayed mephedrone and JWH-018, 
two known NPS. These substances were selected because both had 
been recently included in the controlled substances schedule 
(Anon, 2010; Drug Enforcement Administration, 2013a, 2013b) 
given their similar pharmacological behaviour with illicit drugs of 
abuse (Papaseit et al., 2016; Theunissen et al., 2017; Toennes et al., 

Figure 2. A machine learning algorithm model that predicts NPS as the closest traditional drugs (used to train the model). (a) The random forest 
classifier was trained with individual data (n = 6) for each classical drug. Each row corresponds to a sample administered with NPS on which the 
classification algorithm has been applied; each column is one of the possible classes to be predicted that had been used to train the model. The 
colour code goes from white (low probability of prediction) to red (high probability) in a gradual manner. The probability value, printed in cyan, 
corresponds to the fraction of votes of the trees in the ensemble. (b) Same as for part (a) but including only biomarkers from brain and plasma 1 h 
post administration.
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2003). Furthermore, these substances were extensively studied in 
the literature, and their pharmacology was previously known 
(Papaseit et al., 2016; Theunissen et al., 2017), facilitating the con-
firmation of the prediction. The doses administered (30 mg/kg for 
MEPH and 10 mg/kg for JWH-018) were selected from the litera-
ture (Marshell et al., 2014; Martínez-Clemente et al., 2013), and 
they were high and equivalent to the ones used for classical drugs 
of abuse. As expected from the literature, mephedrone was pre-
dicted to be an MDMA-like drug (Figure 2). In fact, both drugs 
presented a similar metabolomics fingerprint and were close in the 
PCA (Figure 1), concurring with the model prediction (Figure 2). 
The slight differences observed on the metabolomics fingerprint 
between MDMA and mephedrone (Figure 1) could be explained 
by the pharmacokinetic behaviour of mephedrone, which is 
described to have a shorter half-life when compared to MDMA 
(Martínez-Clemente et al., 2013; Papaseit et al., 2016). The predic-
tion was correct in accordance to the mechanism of action of both 
drugs described in vitro (Baumann et al., 2012; Martínez-Clemente 
et al., 2012), the subjective effects described by users (Freeman 
et al., 2012) and their cardiovascular effects in humans (de la Torre 
et al., 2004; Papaseit et al., 2016). Actually, in 2009, mephedrone 
was consumed as a legal substitute to MDMA (Brunt et al., 2011). 
In a similar manner, JWH-018 was predicted to be a Δ9-THC-like 
compound, as demonstrated by comparable metabolomics finger-
prints and their closeness in the PCA (Figures 1 and 2). This con-
curs with the drug’s pharmacology that is primarily related to 
stimulation of the endocannabinoids receptors CB1 and CB2 
(Atwood et al., 2010; Fattore and Fratta 2011; Maldonado et al., 
2011). Moreover, many drug users prefer JWH-018 as a legal sub-
stitute for marijuana because of its marijuana-like effects (Baumann 
et al., 2014; Winstock and Barratt, 2013).

We further optimized the model by building a reduced one, 
without any substantial loss in accuracy or power in predicting 
NPS. Several combinations of metabolite blocks of variables were 
tested. It was observed that including only variables from 1 h drug 
treatment led to 100% accuracy and predicted all mephedrone- 
and JWH-018-treated samples as MDMA and THC, respectively 
(Figure 2(b)). This simplified model could significantly reduce 
costs in the classification of new NPS. In parallel, we checked 
whether there were any overfitting problems due to the consider-
able number of metabolites used. If this were certain, it would be 
observed that while accuracy increased by including more varia-
bles as assessed by the LOOCV, the ability to predict NPS would 
decrease. To test this, we built 168 different models adding metab-
olites one by one. Again, a stable 100% accuracy was achieved by 
including 20 (or more) metabolites from all the targeted ones. As 
regards the ability to correctly predict NPS, using the 66 best pre-
dictors was enough to get a good prediction, with no sign of over-
fitting-related issues (Supplementary Figure 1 and Supplementary 
Table 8).

Certainly the addition of new metabolomics pathways (such 
as endocannabinoids and polar neurotransmitters) and the clini-
cal monitoring of the rats (e.g. hear-rate, activity levels, tempera-
ture, etc.) would improve the precision of the model and its 
prediction between similar substances. We used a limited number 
of drugs as proof-of-principle to demonstrate the feasibility of 
the approach. Futures studies need to be performed using more 
drugs in order to correctly classify a wider range of NPS. For 
instance, the inclusion of other drug types such as LSD or keta-
mine would be required for expanding the model to the predic-
tion of dissociative and hallucinogenic NPS. The success of our 

approach relies partly on ample knowledge of the pharmacology 
of classical drugs and selected NPS. Thus we could ensure that 
the doses assayed were pharmacologically active and equivalent. 
In the case of a completely unknown NPS entering the market, a 
dose–response study would be required to characterize its metab-
olomics fingerprint to allow pharmacological prediction through 
the model. In all, further studies targeting more drugs, more met-
abolic pathways and more administration times would be essen-
tial for the full development of the model. Additionally, future 
studies should take into consideration for the evaluation of the 
combination of different drugs.

The study of the drug mechanism of action (with in vitro 
approaches) and the drug-type characterization (with in silico strate-
gies) are powerful techniques used in many scientific fields (i.e. drug 
discovery). However, missing gaps in the drugs’ effects onset and the 
formation of bioactive metabolites could bias the pharmacology out-
put. Our model combines experimental data (in vivo) and machine 
learning algorithms (in silico), which presents a step forward in the 
drug-pharmacological evaluation of novel substances, as this combi-
nation permitted the prediction of the pharmacological effects.

In summary, we developed a metabolomics model that classi-
fies new drugs according to their pharmacological similarity with 
classical drugs of abuse. Our work is proposed as a fast and cost-
effective pharmacological tool, capable of evaluating the phar-
macological profile of NPS. Our method has the potential to 
benefit risk evaluation policies by facilitating a rapid drug-type 
classification while reducing possible harm for the public related 
to the abuse of these emerging drugs.
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