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A B S T R A C T

The emergence of new psychoactive substances (NPS) has raised many issues in the context of law enforcement and public drug policies. In this scenario, inter-
disciplinary studies are crucial to the decision-making process in the field of criminal science. Unfortunately, information about how NPS affect people's health is
lacking even though knowledge about the toxic potential of these substances is essential: the more information about these drugs, the greater the possibility of
avoiding damage within the scope of a harm reduction policy. Traditional analytical methods may be inaccessible in the field of forensic science because they are
relatively expensive and time-consuming. In this sense, less costly and faster in silico methodologies can be useful strategies. In this work, we submitted computer-
calculated toxicity values of various amphetamines and cathinones to an unsupervised multivariate analysis, namely Principal Component Analysis (PCA), and to the
supervised techniques Soft Independent Modeling of Class Analogy and Partial Least Square-Discriminant Analysis (SIMCA and PLS-DA) to evaluate how these two
NPS groups behave. We studied how theoretical and experimental values are correlated by PLS regression. Although experimental data was available for a small
amount of molecules, correlation values reproduced literature values. The in silico method efficiently provided information about the drugs. On the basis of our
findings, the technical information presented here can be used in decision-making regarding harm reduction policies and help to fulfill the objectives of criminal
science.

1. Introduction

Criminal science relies on a multidisciplinary approach that seeks to
gather the foundations of social, natural, and applied sciences to find
new ways to prevent or to reduce crime [1]. Scientific data compilation
and interpretation are important for decision-making within the judi-
cial process. Understanding scientific procedures within the legal con-
text may reduce the risk of misinterpretation, thus providing greater
legal certainty [2–4].

The advent of the great wars led to prominent chemistry develop-
ment as compared to other sciences. The synthesis of several substances
and their respective derivatives by new routes became a constant ac-
tivity. Advances in the late twentieth century drove the development of
heroin, ketamines, and GHB substances, which later started being used
for recreational purposes [5].

From a historical viewpoint, traditional drugs, such as opium,
heroin, cocaine, and Cannabis, have been consumed on a large scale,

which has caused us to associate drug abuse with problematic societies.
The ban on traditional psychotropic substances in various countries has
culminated in a new phenomenon: around 2010, new classes of com-
pounds known as new psychoactive substances (NPS) emerged as an
alternative to forbidden drugs. These new compounds were designed
and formulated to escape the legal coverage of controlled substances
and received diverse nomenclatures: bath salts [6], legal highs [7], and
research chemicals [8], among others. In the vast majority of cases, these
substances have labels stating that they are contraindicated for human
consumption, which is an attempt to circumvent existing drug laws [5].
The illusory idea that these substances are safe comes from the fact that
they end up achieving the legality status in many countries, which has
contributed to increasing their popularity, especially among adoles-
cents and young adults [9].

The speed at which these new drugs have been marketed has cre-
ated numerous technical difficulties to the development of analytical
procedures and risk assessment in a timely manner. From 2009 to 2016,
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a total of 739 different NPS were registered and reported in 106
countries and territories [10]. Growing NPS variety has resulted in little
information being available to examine their short- and long-term ef-
fects and risks to consumers [5]. In addition, information about NPS
composition and purity is still scarce in the scientific literature [9].

Motivations for NPS consumption are often based on various factors,
including consumer's preference for stimulant or psychedelic effects,
NPS superior quality and purity as compared to traditional psychotropic
substances, NPS low probability of short- and long-term damage, and
NPS positive peer or internet ratings [11]. Within a homogeneous group
of drugs, the monetary value is the main reason why users choose to
consume NPS [12].

Regular consumers take NPS on the grounds that these substances
allow them to circumvent legal sanctions while still obtaining the same
effects they would achieve with prohibited drugs. Furthermore, users
who are under supervision or probation can circumvent drug tests. NPS
also satisfy consumers in search for new altered states and help them to
bypass drug providers that potentiate or adulterate controlled sub-
stances [5].

Many countries have a system that bans NPS analogous or generic
structures instead of offering a list of individual drugs with their usual
chemical names. This measure was adopted in an attempt to reduce the
speed at which NPS enter these countries and to accelerate decision-
making [5].

Governments and their respective regulatory agencies have sought
strategies to respond to NPS emergence. Most have taken emergency
precautionary measures and chosen to ban similar and/or generic
structures of some known NPS [13].

Maximum information on psychoactive substances must be known.
This information can be used to support consumption restriction po-
licies and to implement harm reduction projects. Several harm reduc-
tion agencies are exploring mechanisms to study the effects of illicit
drugs by allowing their users to make informed decisions [5,14,15].

By definition, harm reduction works to prevent risks and possible
harmful effects rather than specifically prevent drug use in general
[16]. Historically, harm reduction specifically geared to psychoactive
substances consumption has been related to the Rolleston Report of
1926. This document concluded that doctors could prescribe opiates for
users who were in a situation of dependency as a means to stabilize
their lives. Although the first harm reduction records date back to the
late 1920s, this practice was only recognized as a health strategy for
drug users in the 1980s. After this recognition, the strategy was im-
plemented in a number of prevention programs [17].

On the basis of the Rolleston Report, developing and planning NPS
could bring two main potential gains. First, NPS cause the recreational
effects sought by users, which is what really drives the market for
psychoactive drugs but is not generally considered by policymakers.
Second, substitution of traditional psychoactive drugs for NPS could be
less harmful or have minor side effects. However, this type of sub-
stitution relationship entails a long and delicate process [5]. Under-
standing why individuals use NPS helps to tailor harm reduction pro-
posals to each target group more effectively. The different motivations
for drug use seem to match usage trends over time. The demand for NPS
that started being consumed for reasons like availability or legality
decreased over time, whereas the demand for NPS that started being
taken due to cash value, effect duration, or greater/better purity in-
creased over time [12].

Bioactive compounds can have their potency and/or toxicity esti-
mated by biological assays. Such assays help to select new chemical
compounds for therapeutic purposes and to evaluate and to reassess
their efficacies. Toxicity is defined as any predicted or identified ad-
verse effects of compounds of interest. These adverse effects are ex-
pressed by means of limits indicated by parameters. There may be
quantitative parameters, such as LD50 (lethal dose for 50% of the tested
subjects), and qualitative parameters that indicate whether a substance
is toxic or not. Parameters that point to low, moderate, or high toxicity

also exist. All these parameters have the same objective: to characterize
the harmful effects of substances on different species (humans, animals,
and plants) or the environment [18–21].

Monoamine transporters absorb neurotransmitter molecules re-
leased into the extracellular space. They represent established targets
for many pharmacological agents that affect the brain function, in-
cluding psychostimulants, antidepressants, and neurotoxins [22,23].
Three main transporters exist: DAT, NET, and SERT. Dopamine (DA),
noradrenaline (or norepinephrine, NT), and serotonin (SER) are the
endogenous ligands after which the transporters are named, respec-
tively. Although they are substrates of their cognate transporter, both
DAT and NET can carry DA and noradrenaline [23–25]. Drug interac-
tion with DAT, NET, and SERT can be classified as transporter blocker
reuptake and high presynaptic release [26]. Amphetamines and cath-
inones disrupt the transporter function and increase extracellular
monoamine concentrations, inducing endogenous ligand extravasation
and governing dopamine signaling strength during drug abuse and
therapeutic treatments [27–29].

This work aims to study amphetamine- and cathinone-derived NPS
toxicity by comparing the homologous structures of amphetamines and
cathinones. In the literature, IC50NET, IC50DAT, and IC50SERT values
were obtained by using the same experimental method [30–33]; i.e., by
evaluating the responses of human embryonic kidney 293 cells (HEK
293). This technique expresses values obtained in human NET, SERT,
and DAT with similar tendency to the tendency verified for brain
transporters [30,34].

Given that information about NPS toxicity is scarce and spread, we
will evaluate how useful in silico methods are to obtain information
about the toxicological behavior of these drugs. The idea is to address
how harm reduction policies can benefit from the important informa-
tion these methods provide regarding the NPS toxicological potential.

NPS sold in the non-regulated market do not follow the same
manufacturing process, so each tablet will have a distinct formulation.
Experimental trials conducted and reported in the literature have de-
monstrated different lethality values for the same substance.
Experimental trials sometimes have large error margin. Theoretical
prediction could indicate the potentiality of each of these substances,
for which few data are available. Moreover, each way the problem is
experimentally approached can give a different answer. The limit of
detection varies between devices, so their responses and composition
determination fluctuate significantly.

The popularity of these substances poses a risk to the health of in-
dividuals who consume them and challenges clinical and forensic la-
boratories. Most NPS are easy to access, and lack of knowledge about
their risks contributes to their popularity and dangerousness. The effect
of long-term NPS consumption remains unknown. Establishing toxic
and lethal concentrations is difficult, and concentrations found in living
and dead individuals overlap. In many cases, very low NPS con-
centrations can culminate in intoxication and death [35].

Drug toxicity assessment has evolved so as to dismiss the need for
tests in animal tests, which has consequently led to the search for more
ethical and less expensive alternatives. Alternative approaches can help
to reduce experiments in animals and are defined as complementary
methods [36]. Experimentally, LD50 determinations have mainly been
substituted for acute toxicity correlation with basal cytotoxicity
[22,23].

Determining cytotoxicity in cell cultures may be an important
complementary method to obtain more information about the general
basal toxicity of a substance to an organism during the course of an
acute toxicity experiment [36].

The ACuteTox program is an example of these efforts. This program
targets the use of tests that do not involve animals, like in vitro cyto-
toxicity studies, to estimate acute toxicities. Because effective con-
centrations in vitro are irrelevant for concentrations that may cause
toxicity at the target site in target organs in vivo, deviations from a
simple linear relationship between effective concentrations in vitro and
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Table 1
Amphetamines and cathinones with similar structures.

a01 c01

Amphetamine cathinone

a02 c02

Methamphetamine methcathinone or 2-methylamino-
1-phenyl-1-propanone

a03 c03

1-(4-bromophenyl) propan-2-amine 4-bromocathinone or 2-amino-1-(4-
bromophenyl)-propanone

a04 c04

4-fluoroamphetamine or 1-(4-
fluorophenyl) propan-2-amine

4-fluorocathinone or 2-amino-1-(4-
fluorophenyl)-propanone

a05 c05

N-methyl-1-phenylpentan-2-amine pentedrone or 2-(methylamino)-1-
phenylbutan-1-one

a06 c06

N-methyl-1-(4-methylphenyl) 
propan-2-amine

mephedrone or 2-(methylamino)-1-
(4-methylphenyl) propan-1-one

a07 c07

1-(4-ethylphenyl)-N-methylpropan-
2-amine

4-EMC or 1-(4-ethylphenyl)-2-
(methylamino) propan-1-one

a08 c08

1-(4-methoxyphenyl)-N-
methylpropan-2-amine

methedrone or 1-(4-
methoxyphenyl)-2-(methylamino) 

propan-1-one

a09 c09

3,4-
methylenedioxymethamphetamine 

(MDMA)

methylone or 1-(1,3-benzodioxol-5-
yl)-2-(methylamino)propan-1-one

a10 c10

MDBD or 1-(2H-1,3-benzodioxol-5-
yl)-N-methylbutan-2-amine

butylone or 1-(1,3-benzodioxol-5-
yl)-2-(methylamino) butan-1-one

a11 c11

4-FMA or 1-(4-fluorophenyl)-N-
methylpropan-2-amine

flephedrone or 1-(4-fluorophenyl)-
2-methylaminopropan-1-one

(continued on next page)
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Table 1 (continued)

a12 c12

N-ethyl-1-phenylpropan-2-amine ethcathinone or 2-(ethylamino)-1-
phenylpropan-1-one

a13 c13

N-ethyl-1-(4-methylphenyl) propan-
2-amine

4-MEC or 2-(ethylamino)-1-(4-
methylphenyl) propan-1-one

a14 c14

1-(2H-1,3-benzodioxol-5-yl)-N-
ethylpropan-2-amine

ethylone or 1-(1,3-benzodioxol-5-
yl)-2-(ethylamino) propan-1-one

a15 c15

1-(2H-1,3-benzodioxol-5-yl) -N-
ethylbutan-2-amine

1-(1,3-benzodioxol-5-yl)-2-
(ethylamino) butan-1-one

a16 c16

1-(1-phenylpentan-2-yl) pyrrolidine alpha-pyrrolidinopentiophenone

a17 c17

1-[1-(4-methylphenyl) pentan-2-yl] 
pyrrolidine

pyrovalerone or 1-(4-
methylphenyl)-2-(pyrrolidin-1-yl) 

pentan-1-one

a18 c18

1-[1-(2H-1,3-benzodioxol-5-yl) 
propan-2-yl] pyrrolidine

MDPPP or 1-(1,3-benzodioxol-5-
yl)-2-(pyrrolidin-1-yl) propan-1-

one

a19 c19

1-[1-(2H-1,3-benzodioxol-5-yl) 
butan-2-yl] pyrrolidine

MDPBP or 1-(1,3-benzodioxol-5-
yl)-2-(1-pyrrolidinyl)-1-butanone

a20 c20

1-[1-(2H-1,3-benzodioxol-5-yl) 
pentan-2-yl] pyrrolidine

MDPV or 1-(1,3-benzodioxol-5-
yl)-2-(pyrrolidin-1-yl) pentan-1-one

a21 c21

1-[1-(naphthalen-2-yl) pentan-2-yl] 
pyrrolidine

naphyrone or 1-(naphthalen-2-yl)-
2-(pyrrolidin-1-yl) pentan-1-one

C.H.P. Rodrigues, A.T. Bruni Science & Justice 59 (2019) 234–247

237



toxic doses in vivo can arise [37–39]. Some papers have used lethality
indexes (LI= IC50/LD50) to predict how LD50 and IC50 are correlated
[36,40]. There are many literature reports on the use of cytotoxicity
values to estimate acute toxicity [36,40–58].

In vitro and in vivo research may require costly and time-consuming
techniques. Therefore, the search for faster and less costly study alter-
natives to obtain reliable results about the effect of unknown substances
is necessary. The study of new medicines is an example of the long time
that a complete experimental study demands. Several medicines have
had to be withdrawn from the market because pre- and post-clinical
trials have failed to predict their toxicity. According to the literature, it
typically takes about 10 to 12 years for a drug to be developed, tried,
and made commercially available, and costs involved in this process
reach values of up to US$ 500 million [5]. Therefore, determining
possible toxicities as soon as possible would be very convenient and
useful and would be of the greatest interest to pharmaceutical compa-
nies. In this context, methods based on computer simulations, also
called in silico methods, have been employed to obtain a reliable esti-
mate of toxicity even before a new drug is synthesized [12].

In silico methods aim to complement existing in vitro and in vivo
toxicity tests, thereby minimizing the need for animal testing (which is
one of the main discussions in ethics committees), reducing the cost and
time of relevant toxicity tests, and improving toxicity prediction and
safety assessments. Moreover, computational methods can estimate
whether not yet synthesized chemicals are toxic [21].

In silico methods encompass a vast amount of computational tools
such as shared databases on chemicals, toxicity, and chemical proper-
ties, software to generate molecular descriptors, tools to simulate bio-
logical systems and molecular dynamics, and statistical packages to
create forecasting models, among others. However, there are problems
in using these methods. First, toxic effects cover a large quantity of
adverse effects that may not be mimicked in computers. Second, data
on these drugs and on how they affect humans are scarce. Finally,
available in silico methods may not be sufficiently accurate [59,60].

Despite these limitations, we believe that in silico methods are good
enough to provide more information about undetected or unknown
substances. These data can be used to enforce law and to implement
harm reduction policies. In both cases, these procedures are intimately
linked to the assurance of human rights. The more information avail-
able, the more reliable the analysis. Considering the rate at which NPS
proliferate, obtaining information about their risks to public health is
essential because little knowledge about NPS chemical and tox-
icological behavior exists, which is a challenge for drug policymakers
due to uncertainties about use-case damage. Toxicity information in a
more expeditious way can help us to compile data and to give feedback
that can aid us in meeting criminal science goals [61,62].

2. Studied system

Table 1 lists the molecules we have studied. More specifically,
Table 1 lists 42 molecules corresponding to 21 pairs of amphetamines
and cathinones with homologous structures. We compiled these mole-
cules and some experimental values from the literature [9,33,63,64].
On the basis of the original molecules, we extended the group by
considering the homologous structure in each case. Our intention was
to encompass a structurally similar group. We have already studied the
same system in terms of IR detection [65]. The idea is to obtain in-
formation about the detection and toxicological behavior of these
drugs. However, this study can be extended to new molecules because
they are in silico studies.

3. Methodology

3.1. Computational procedure

The computational procedure was divided into three parts:

3.1.1. In silico values calculation
Toxicity values were calculated with the software Advanced

Chemistry Development ACD/I-Lab1 2.0 [66,67], SwissADME [68],
Way2Drug GUSAR Online [69], ProToxII [70], and Toxicity Estimation
Software Tool (TEST) [71].

The main proposal of the ACD/I-Lab Software is to reduce intensive
experimental testing and literature searches. Concerning functional-
ities, it can predict ADME toxicities among other physicochemical
properties [66,67].

The following variables were calculated:
LogP (ACD/I-Lab) – Hydrophobicity is very important in different

scientific areas and indicates membrane permeability, interaction with
biological receptors and enzymes, toxicity, and biological potency. If
reliable hydrophobicity values are available for a number of com-
pounds, it is possible to estimate many drug properties [72]. Swis-
sADME [68] predicts LogP by different methods:

• LogP by iLOGP: it is a method based on the free energies of solvation
in n-octanol and water, calculated by the Generalized-Born and
solvent accessible surface area (GB/SA) model. Its performance has
been validated for external sets of drugs or drugs [68,73].
• LogP by XLOGP3: it is an atomistic method that includes corrective
factors and knowledge-based library [74].
• LogP by WLOGP: it uses the fragmentary system of Wildman and
Crippenis to compose the purely atomistic method [75].
• LogP by MLOGP: it is based on a topological model containing a
linear relation with 13 molecular descriptors [76].
• LogP by SILICOS-IT: it is a hybrid method that consists of mixing
information from 27 fragments and seven topological descriptors
[77].

LD50 – LD50 expresses the degree of acute toxicity of chemicals. It
corresponds to doses that are likely to kill 50% of the animals in a batch
used for experimentation [78]. Here, LogLD50 was used for Mice (ACD/
I-Lab 2.0 [66,67]) and Rats.

Rat values were calculated by:

- Way2Drug GUSAR Online: this software uses the OECD
(Organization for Economic Co-operation and Development) prin-
ciples and QSAR (Quantitative Structure Activity Relationships)
modeling achievements, consensus prediction, applicability domain
assessment, internal and external model validation, and clear in-
terpretation of the obtained results. Around ~10,000 chemical
structures that cause acute toxicity in rats compose the training sets
[69].

- Toxicity Estimation Software Tool (TEST): this tool uses QSARs
methodologies to foresee the toxicity of a chemical. The trading set
is around 7413 chemicals [71].

Finally, ProTox II is used as a training set with rodent values; there
are approximately 40,000 compounds with LD50 values for mouse or
rat experiments. There are cases in which several experiments or values
in different species are used to compose LD50 [70].

The following quantities were calculated and are represented ac-
cording to the legend:

• LogLD50 in mice after oral administration (LogLD50M-O)
• LogLD50 in mice after intravenous administration (LogLD50M-IV)
• LogLD50 in mice after intraperitoneal administration (LogLD50M-
IP)
• LogLD50 in mice after subcutaneous administration (LogLD50M-SC)
• LogLD50 calculated by ProTox, which corresponds to oral values in

1When these values were obtained, software ACD/I-Lab was available for
free.
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rodents (LogLD50-Protox)
• LogLD50 in rats after oral administration (LogLD50R-O)
• LogLD50 in rats after intraperitoneal administration (LogLD50R-IP)
• LogLD50 in rats after intravenous administration (LogLD50R-IV)
• LogLD50 in rats after subcutaneous administration (LogLD50R-SC)
• LogLD50 calculated by Test: LogLD50R-OTest

LogD – The Distribution Coefficient describes the lipophilicity of a
given substance since most of the drugs are not in their neutral state.
This measure corresponds to the partition coefficient for all the possible
species in octanol and all the possible species in water [72,79]. The
following values were calculated by ACD/I-Lab 2.0 [66,67]:

• LogD, pH=1.7 – Stomach: LogDS
• LogD, pH=4.6 – Duoden: LogDD
• LogD, pH=6.5 – Jejunum: LogDJ
• LogD, pH=7.4 – Blood: LogDB
• LogD, pH=8 – Colon: LogDC

3.1.2. Multivariate classification
To analyze results, multivariate classification was employed.

Principal Component Analysis (PCA) was used as an unsupervised
classification technique. In this case, the objective was to verify struc-
tural similarities between the studied molecules. To verify whether
there were classes that could be previously assigned according to the
group of studied molecules, the supervised classification techniques
Soft Independent Modeling of Class Analogy (SIMCA) and Partial Least
Square-Discriminant Analysis (PLS-DA) were applied [80–82]. In this
case, the objective was to verify whether the classification of the stu-
died groups was suitable according to the toxicity data.

3.1.3. Correspondence with experimental data
To evaluate how calculated variables fit with experimental values,

Partial Least Square (PLS) regression was conducted for calculated in
silico LD50 values against experimental values. All multivariate tech-
niques were performed with Pirouette® Software, which is a tool that
was designed to organize and to understand complex data. The software
presents algorithmic requirements for organization, classification, vi-
sualization, regression models, and other functionalities [83].

Fig. 1 shows the scheme used for the computational procedure. All
in silico values calculated for the studied system were used for both
supervised and unsupervised classification; they were also compared
with experimental data by means of multivariate tools implemented in
Pirouette software [82–84].

4. Results

4.1. In silico values calculation

Tables 2–5 summarize values simulated with the software used in
this work (ACD/I-Lab 2.0 [66,67] for Mice, Way2Drug GUSAR Online
[69] for Rats, ProToxII [70], and Toxicity Estimation Software Tool
(TEST) [71]). Letters a and c indicate amphetamines and cathinones,
respectively. The first column corresponds to the number of each pair of
amphetamines and cathinones listed in Table 1. The idea was to com-
pare the values calculated for each pair of molecules, which differed
only by the presence of a carbonyl. Blue values for each pair indicate
the lower value for each variable.

Tables 2and3 present values for LogLD50 calculated with different
software and for different species. We basically observed the same
tendency, except for the intravenous values for Rats calculated by
Way2Drug GUSAR Online [69].

Tables 4and5 show the values regarding lipophilicity. In all cases,
amphetamines had higher LogP values and smaller LogD values, which
meant that they are more lipophilic than cathinones.

4.2. Multivariate classification

In all classification methods, amphetamines and cathinones are
shown in black and red, respectively. Fig. 2 corresponds to PCA analysis
and shows the three-dimensional view. Three principal components
described around 99.62% of the whole information. Two well-defined
classes existed.

Fig. 3(a) and 3(b) illustrate the two-dimensional projection for the
combination of factors and depict the diagrams for Scores and Loadings,
respectively. Separation occurred in the third factor. Table 6 lists Scores
numeric values for each Factor. Loadings numerical values are shown in
Table 7. All LogP, LogDD, and LogDS values had major negative con-
tributions to Factor 3, whereas LogDJ, LogDB, LogDC, all LogLD50 for
Mice (ACDI-labs), and LogLD50-Pro-Tox had positive contributions.
LogLD50R-IV, LogLD50R-IP, and LogLD50R-SC had slightly negative
contributions, while LogLD50R-O had slightly positive contribution.
(See Table 7.)

Fig. 4 displays projections for SIMCA evaluation in (a) three di-
mensions with the hypersurface represented as dots and (b) two di-
mensions. Three principal components modeled the classes, which were
well separated.

Table 8 contains results obtained by SIMCA. There was no mis-
classification between classes. Besides, interclass residuals and

Fig. 1. Scheme of the computational procedure.

Table 2
In silico LogLD50 values in Mice (ACD/I-Lab 2.0 [66,67]).

Pair#
LogLD50M-IP LogLD50M -

O
LogLD50M -

IV
LogLD50M–

SC
a c a c a c a c

01 1.69 2.43 2.11 2.71 1.45 2.04 1.11 2.54
02 1.86 2.49 2.00 2.62 1.38 2.08 1.89 2.45
03 2.18 2.30 2.2 2.76 1.61 2.00 1.69 2.46
04 1.54 2.38 2.32 2.88 2.06 2.04 1.74 2.56
05 1.52 2.36 2.3 2.88 1.18 2.00 1.85 2.53
06 1.6 2.36 2.26 2.87 1.23 2.04 1.85 2.53
07 1.53 2.36 2.32 2.88 1.18 2.00 2.08 2.52
08 1.91 2.38 2.26 2.80 1.23 2.04 1.85 2.53
09 2.08 2.41 2.53 2.79 1.66 2.00 2.46 2.48
10 2.00 2.40 2.56 2.82 1.63 1.96 2.45 2.45
11 1.83 2.43 2.46 2.74 1.60 2.04 2.83 2.53
12 1.54 2.36 2.34 2.89 1.18 2.04 1.72 2.54
13 1.53 2.36 2.32 2.88 1.18 2.00 2.08 2.52
14 2.00 2.40 2.56 2.82 1.63 1.96 2.45 2.45
15 2.04 2.40 2.63 2.84 1.60 1.93 2.43 2.43
16 1.96 2.26 2.57 2.95 1.46 1.68 2.11 2.38
17 1.92 2.26 2.58 2.89 1.45 1.67 2.11 2.34
18 2.18 2.48 2.48 2.92 1.73 1.76 2.45 2.58
19 2.11 2.46 2.65 2.94 1.71 1.73 2.43 2.57
20 2.04 2.46 2.45 2.95 1.62 1.70 2.40 2.54
21 2.20 2.20 2.64 2.86 1.56 1.49 2.49 2.53
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distances corroborated two well-defined classes: the residual of one
class was lower than the residual of the other class, and the distance
within the same class was null.

Fig. 5 shows PLS-DA results. Both classes were well separated. We
used three principal components with 99.62% whole information to
perform regression, and we evaluated the following characteristics:

• Q2: internal correlation coefficient model cross validation= 0.88
• R2: correlation coefficient for calibration=0.90
• RMSEV: Root Mean Square Error of Validation =0.35
• RMSEC: Root Mean Square Error of Calibration =0.33

To ensure modeling quality, R2 > Q2 and RMSEC<RMSEV
[85,86].

Table 9 lists the modeling power for SIMCA and the regression
vector for PLS-DA. Values agreed for both supervised techniques: values
were higher for most Partition Coefficients. The PLS-DA regression
vector confirmed the behavior indicated by Loadings from unsupervised
PCA classification: LogP, LogDD, and LogDS were related to the am-
phetamine group because these variables presented positive values. In
all cases, they indicated the lipophilic character of these drugs. All
LogLD50 values were around zero and had lower discrimination power.
LogLD50-O was slightly negative in this case, around zero.

4.3. Correspondence with experimental data

Table 10 summarizes some literature values in which IC50NET,
IC50DAT, and IC50SERT responses were evaluated from human

Table 3
In silico LogLD50 values obtained with different software (ProToxII [70], Way2Drug GUSAR Online [69], and TEST [71])

Pair# LogLD50-
Protox

LogLD50R-
IP

LogLD50R-
IV

LogLD50R-
SC

LogLD50R-
O

LogLD50R-
OTest

a c a c a c a c a c a c
1 1.00 2.60 2.57 2.48 1.78 1.66 2.19 2.84 2.38 2.62 2.72 3.25
2 1.40 2.45 2.59 2.46 1.64 1.67 2.44 2.66 2.32 2.47 2.50 2.93
3 1.32 2.70 2.50 2.56 1.79 1.75 2.28 3.00 2.39 2.71 2.84 3.01
4 1.18 2.20 2.06 2.15 1.39 1.34 2.41 2.73 2.23 2.48 2.63 3.11
5 2.21 2.20 2.14 2.31 1.57 1.50 2.69 2.91 2.44 2.73 2.80 3.30
6 1.88 2.60 2.11 2.12 1.43 1.38 2.58 2.78 2.37 2.54 2.70 3.44
7 1.88 2.60 2.09 2.08 1.47 1.40 2.52 2.76 2.45 2.51 2.45 2.74
8 2.45 2.45 2.20 2.41 1.28 1.53 2.65 2.95 2.52 2.66 2.91 3.06
9 2.65 2.65 2.03 2.51 1.34 1.33 2.62 2.46 2.23 2.48 2.73 2.71
10 2.27 3.33 2.19 2.55 1.48 1.44 2.88 2.89 2.42 2.75 2.86 2.44
11 2.48 2.20 2.00 1.76 1.53 1.47 2.16 2.24 2.10 2.38 2.77 2.38
12 1.76 2.20 2.10 2.20 1.48 1.41 2.90 2.94 2.26 2.49 2.56 3.01
13 1.76 2.35 2.25 2.34 1.50 1.45 2.91 2.90 2.36 2.60 2.66 3.19
14 2.65 2.65 2.23 2.44 1.42 1.33 2.83 3.02 2.24 2.54 2.83 2.77
15 2.27 3.33 2.32 2.49 1.43 1.36 2.85 3.10 2.46 2.61 2.96 2.76
16 2.20 2.54 2.02 2.15 1.44 1.33 2.54 2.72 2.50 2.58 2.53 2.80
17 2.20 2.54 2.06 2.04 1.48 1.41 2.54 2.57 2.80 2.59 2.59 2.99
18 2.65 2.65 2.11 2.24 1.18 1.17 2.67 2.76 2.41 2.51 2.59 3.25
19 2.07 3.33 2.18 2.20 1.17 1.13 2.80 2.85 2.41 2.55 2.85 2.93
20 2.27 2.65 2.15 2.24 1.17 1.16 2.74 2.89 2.48 2.54 2.67 2.98
21 2.20 2.54 2.26 2.36 1.49 1.43 2.50 2.49 2.66 2.69 2.60 2.97

Table 4
In silico LogD values in different situations (ACD/I-Lab 2.0 [66,67])

Pair# LogDS LogDD LogDJ LogDB LogDC
a c a c a c a c a c

01 -1.28 -2.63 -1.28 -2.48 -1.10 -1.13 -0.58 -0.31 -0.06 0.12
02 -1.46 -2.66 -1.45 -2.51 -1.04 -1.14 -0.31 -0.32 0.25 0.10
03 -0.95 -2.04 -0.94 -1.87 -0.49 -0.45 0.26 0.36 0.82 0.75
04 -0.85 -1.86 -0.85 -1.80 -0.77 -0.73 -0.44 0.11 0.01 1.79
05 0.03 -1.16 0.03 -1.10 0.11 -0.03 0.44 0.81 0.89 1.32
06 -0.65 -1.33 -0.64 -1.26 -0.57 -0.20 -0.23 0.64 0.22 1.15
07 -0.17 -1.00 -0.17 -0.94 -0.09 0.13 0.24 0.97 0.69 1.48
08 -0.79 -1.86 -0.79 -1.81 -0.62 -0.82 -0.10 0.02 0.43 0.55
09 -1.21 -2.06 -1.2 -2.01 -1.01 -0.99 -0.47 -0.14 0.06 0.38
10 -1.12 -1.51 -1.12 -1.45 -0.93 -0.43 -0.39 0.41 0.14 0.93
11 -0.91 -1.81 -0.9 -1.75 -0.68 -0.66 -0.11 0.18 0.43 0.69
12 -0.47 -1.41 -0.47 -1.35 -0.39 -0.28 -0.06 0.56 0.39 1.07
13 -0.17 -1 -0.17 -0.94 -0.09 0.13 0.24 0.97 0.69 1.48
14 -1.12 -1.51 -1.12 -1.45 -0.93 -0.43 -0.39 0.41 0.14 0.93
15 -0.95 -1.33 -0.95 -1.27 -0.76 -0.25 -0.22 0.59 0.31 1.11
16 1.01 0.12 1.01 0.33 1.26 1.81 1.87 2.6 2.42 2.97
17 1.67 0.51 1.68 0.72 1.93 2.2 2.53 2.99 3.08 3.36
18 -0.56 -1.26 -0.54 -1.07 -0.05 0.37 0.71 1.17 1.27 1.56
19 -0.05 -0.94 -0.04 -0.75 0.45 0.7 1.21 1.5 1.77 1.88
20 0.42 -0.59 0.43 -0.4 0.92 1.05 1.68 1.85 2.24 2.23
21 2.28 1.55 2.29 1.76 2.82 3.24 3.59 4.03 4.16 4.4
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embryonic 293 cells (HEK 293). The drugs had high purity (> 98.5%),
and a racemic mixture was used, except for D-methamphetamine
[30–33]. This technique expresses values obtained in human NET,
SERT, and DAT with similar tendency to the tendency verified for brain
transporters [30,34].

As in Tables 2–5, letters a and c indicate amphetamines and cath-
inones, respectively. The first column corresponds to pairs listed in
Table 1. In this case, IC50 was related to the minimum compound
concentration required to reduce the organism population growth by
50% in in vitro conditions [21].

All values presented in Table 10 were obtained through the same
experimental method [30–33]. Some compounds were reported in more
than one reference, and values shown herein are within the experi-
mental error range. Therefore, even if values were not equal in some of
the references, they were within the range of values of the method.
Values in blue are related to lower values.

To evaluate how calculated values corresponded with experimental

vales, we performed a PLS. Table 11 shows results for each model
considering LogIC50 for NET, DAT, and SERT as dependent variables.
The cathinone c21 presented outlier behavior, so we removed it from
the modeling, which was performed with 26 molecules (nine amphe-
tamines and 17 cathinones;). In all models, we selected four principal
components with> 99% cumulative information. We obeyed require-
ments for modeling in all cases since R2 > Q2 and RMSEC<RMSEV
[85,86].

Table 12 presents the regression vector for all models, and it shows
the importance of each in silico variable in describing each LogIC50
(dependent variables). Variables with major contribution are in bold.
These contributions are different for each dependent variable, in-
dicating that they exert distinct influence depending on a specific
transporter.

5. Discussion

The therapeutic or recreational action of drugs results from their
several interactions in the biological system. Depending on their
structure and physicochemical properties, drugs produce different ef-
fects on each individual. These chemical factors influence drug inter-
action in the body. Two structurally similar drugs bearing only one
atom occupying a different position in the molecules might present
different physicochemical properties and, consequently, distinct biolo-
gical activities from both quantitative and qualitative viewpoints [20].

As for in silico values calculations, amphetamines and cathinones
behave differently in terms of toxicity. Amphetamines have higher LogP
values: these molecules do not display the carbonyl group, so they are
less ionizable than cathinones and therefore have greater lipophilic
character. LogDS and LogDD values corroborate this observation.
Because pH is acid in the stomach and duoden, cathinones can be
protonated at the carbonyl group, which increases their hydrophilicity
and decreases LogD values. As a consequence, these values are larger
for amphetamines, confirming their higher lipophilicity.

On average, LogLD50 values agree with experimental values.
Although these values do not influence group separation, they follow a
similar trend: in general, amphetamines are more toxic than cathinones.
LD50 intravenous data for rats and mice are the only exception for in
silico data: cathinones have lower values than amphetamines in rats; the

Table 5
In silico LogP values (ACD/I-Lab 2.0 [66,67], SwissADME [68])

Pair#
LogP
(ACD/I-
Lab)

LogP
(iLOGP)

LogP
(XLOGP3)

Log
(WLOGP)

LogP
(MLOGP)

LogP
(MLOGP)

a c a c a c a c a c a c
01 1.81 1.16 2.08 1.33 1.76 1.10 1.58 1.22 2.19 1.17 1.94 1.47
02 1.86 1.22 2.20 1.55 1.90 1.20 2.14 1.78 2.61 1.59 2.35 1.89
03 2.58 1.93 2.36 1.83 2.49 1.79 2.34 1.98 2.91 1.89 2.60 2.15
04 1.94 1.40 2.49 2.07 2.07 1.61 1.84 1.48 2.49 1.47 2.35 1.89
05 3.01 2.46 2.75 2.54 3.30 2.49 2.62 2.26 3.06 2.05 3.08 2.63
06 2.40 1.86 2.73 2.41 2.43 1.97 2.15 1.79 2.78 1.76 2.84 2.39
07 2.94 2.39 2.84 2.27 2.87 2.41 2.40 2.04 3.06 2.05 3.21 2.77
08 1.86 1.47 2.62 2.24 2.28 1.58 1.85 1.49 2.12 1.15 2.38 1.94
09 1.81 0.81 2.59 2.36 2.15 0.64 1.57 1.21 1.53 0.58 2.38 1.92
10 2.34 1.34 2.75 2.62 2.68 1.95 1.96 1.60 1.81 0.86 2.74 2.28
11 2.00 1.45 2.46 1.95 2.17 1.71 2.40 2.04 2.91 1.89 2.77 2.32
12 2.48 1.93 2.55 2.02 2.48 1.98 2.23 1.87 2.78 1.76 2.71 2.26
13 2.94 2.39 2.92 2.41 2.92 2.34 2.54 2.18 3.06 2.05 3.21 2.77
14 2.34 1.34 2.93 2.67 2.52 1.79 1.96 1.60 1.81 0.86 2.74 2.28
15 2.87 1.87 3.06 2.86 3.04 2.32 2.35 1.99 2.08 1.14 3.11 2.65
16 4.12 3.65 3.20 3.12 4.02 3.45 3.11 2.75 3.46 2.45 3.90 3.43
17 4.58 4.11 3.48 3.35 4.39 3.81 3.42 3.06 3.71 2.69 4.40 3.94
18 2.92 2.00 3.17 2.91 3.11 2.38 2.06 1.70 2.34 1.40 3.10 2.62
19 3.45 2.53 3.31 2.79 3.63 2.90 2.45 2.09 2.60 1.66 3.45 2.98
20 3.98 3.06 3.52 3.38 3.99 3.26 2.84 2.48 2.85 1.91 3.82 3.35
21 5.35 4.88 3.59 3.53 5.27 4.70 4.27 3.91 4.21 3.20 4.99 4.52

Fig. 2. Three-dimensional view for PCA.
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opposite trend is observed in mice. Rats and mice differ widely, and
factors such as animal mass and body surface, among others, may re-
quire different dosages. Additionally, receptors and behavior vary

depending on the species. Therefore, extrapolating drug behavior be-
tween rats and mice is impossible [87–89].

Multivariate classification can separate amphetamines and

Fig. 3. Two-dimensional view for the combination of factors for (a) Scores and (b) Loadings.
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cathinones according to their in silico toxicity references. Both su-
pervised and unsupervised classification techniques provide informa-
tion about how these molecules behave: results are similar, and

techniques agree, indicating that these values are robust enough to be
reproducible regardless of the statistical approach.

Finally, with respect to correspondence between in silico and ex-
perimental data, PLS regression affords different results – theoretical
and experimental LogIC50DAT values correlate well (0.71), but
LogIC50SERT (0.55) and LogIC50NET (0.45) values are lower. Table 13
displays literature values for the correlation (R2) between IC50 and
LD50 for different sets of compounds. Here, we used 26 molecules for
PLS (obtained from Table 10); correlations could be improved when
more experimental data are available. Even though this number is low,
the values we found in this work are within the literature range. An

Table 6
Scores: sample coordinates for each principal component

Factor 1 (91.3%) Factor 2 (6.9%) Factor 3 (1.1%)

a01 7.563217 −2.139141 −1.557328
a02 8.330724 −1.954409 −1.379920
a03 9.149360 −0.619033 −1.235453
a04 8.160300 −1.414766 −1.557923
a05 9.797864 0.943938 −1.508407
a06 8.915643 −0.715517 −1.687759
a07 9.468674 0.547626 −1.645497
a08 8.719831 −1.273201 −0.748531
a09 8.642337 −2.275245 −0.467382
a10 9.344657 −1.765589 −0.962186
a11 9.169171 −1.193822 −1.038495
a12 8.863600 −0.362363 −1.597110
a13 9.694367 0.497094 −1.718316
a14 9.373034 −1.808980 −0.851142
a15 10.024313 −1.113308 −1.209710
a16 11.202198 3.778037 −0.668758
a17 11.948937 5.324472 −0.480030
a18 10.088233 0.190297 −0.248979
a19 10.726814 1.509507 −0.364311
a20 11.230069 2.794828 −0.342600
a21 13.265943 7.415195 −0.051629
c01 8.253957 −4.389836 0.821793
c02 8.461538 −4.079805 0.381602
c03 9.410534 −2.549109 0.572152
c04 8.801560 −2.500181 1.155127
c05 10.107600 −0.879304 0.398052
c06 9.497741 −1.602768 0.811898
c07 9.764121 −0.525048 0.716087
c08 8.835814 −3.062866 0.700807
c09 7.970514 −3.774025 1.183059
c10 9.144510 −2.291923 1.264639
c11 8.542624 −2.293779 0.360219
c12 9.231749 −1.687373 0.656944
c13 10.014571 −0.617367 0.623162
c14 8.987629 −2.272696 1.123315
c15 9.816061 −1.628126 1.023039
c16 11.203341 2.989287 1.318569
c17 11.776567 4.079403 1.265263
c18 9.788733 −0.816540 1.390017
c19 10.410496 0.136336 1.466762
c20 10.971437 1.227926 1.156484
c21 12.937274 6.643055 1.440926

Table 7
Variables contribution to loadings

Variable Factor 1 (91.3%) Factor 2 (6.9%) Factor 3 (1.1%)

LogLD50M-IP 0.215731 −0.11452 0.192327
LogLD50M-O 0.267141 −0.11129 0.137293
LogLD50M-IV 0.171827 −0.12326 0.13086
LogLD50M-SC 0.235167 −0.10569 0.141995
LogDS −0.06797 0.414943 −0.16033
LogDD −0.06169 0.415108 −0.11132
LogDJ 0.013565 0.372687 0.310766
LogDB 0.083498 0.337157 0.432679
LogDC 0.135547 0.303629 0.425273
LogLD50-Protox 0.236964 −0.11197 0.265828
LogLD50R-IP 0.22685 −0.12226 −0.03698
LogLD50R-IV 0.144251 −0.07686 −0.09713
LogLD50R-SC 0.2733 −0.13468 −0.00306
LogLD50R-O 0.253003 −0.09387 0.011816
LogLD50R-OTest 0.286685 −0.14338 0.01852
LogP (ACD/I-Lab) 0.265496 0.262975 −0.18065
LogP (iLOGP) 0.275379 0.043759 −0.10252
LogP (XLOGP3) 0.274344 0.22787 −0.16774
LogP (WLOGP) 0.230909 0.126867 −0.13342
LogP (MLOGP) 0.227982 0.134141 −0.46441
LogP (MLOGP) 0.29516 0.144563 −0.13199

Fig. 4. SIMCA results for class projections in (a) three dimensions with hy-
persurface represented as dots and (b) two dimensions.

Table 8
SIMCA results

Misclassification

Class 1 (Predicted) Class 2 (Predicted) No match
Class 1 (original) 21 0 0
Class 2 (original) 0 21 0
Interclass residuals

Class 1 Class 2
Class 1 0.16 0.48
Class 2 0.47 0.14
Interclass Distances

Class 1 Class 2
Class 1 0 2.12
Class 2 2.12 0
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important observation is that, here, we conducted multivariate regres-
sion with all studied in silico variables; i.e., we performed regression
with 21 variables. Regression vectors in Table 12 indicate that this
correlation could be improved if variables are selected to model
LogIC50 values first. This means that each transporter can be described
by different in silico values according to its characteristics. In this sense,
different approaches can be adopted for calculated values to correlate
them with the experimental ones. However, herein, our main objective
was to verify how variables contribute to LogIC50 values.

Table 14 presents data collected from DRUGBANK [90–94]. We
found only five of the molecules discussed in this study. An experi-
mental value for toxicity is only available for amphethamine; all other
LD50 values were calculated with AdmetSAR, a free tool to evaluate
chemical ADMET [95]. This corroborates the lack of information about
these drugs in the literature.

6. Conclusion

We have evaluated how in silico toxicity can provide information
about new psychoactive substances. The idea is having an alternative
way to increase our knowledge about these drugs given that traditional
methods can be expensive and time-consuming [96]. Considering the

speed at which these new drugs appear in the market, a faster metho-
dology could provide useful information and reduce the lack of data on
how these substances behave.

In silico methodologies may also be a strategy to meet the demand
for generic bans on these drugs and to circumvent bureaucracies related
to the scientific study of their effects because tests are conducted on the
computer and not on living organisms.

In addition, planning harm reduction programs and adequate public
policies for drug users can benefit from increased information. Early
determination of these substances can be used to carry out harm

Fig. 5. PLS-DA classes for amphetamines and cathinones.

Table 9
SIMCA and PLS-DA results

Variable Total modeling power for
SIMCA

Regression vector for PLS-
DA

LogLD50M-IP 0.374116 −0.165835
LogLD50M-O 0.480503 −0.138561
LogLD50M-IV 0.337094 −0.126914
LogLD50M-SC 0.562939 −0.113279
LogDS 0.892326 0.194470
LogDD 0.909880 0.146768
LogDJ 0.941084 −0.258734
LogDB 0.908130 −0.361297
LogDC 0.842108 −0.342864
LogLD50-Protox 0.608970 −0.191774
LogLD50R-IP 0.376904 0.016836
LogLD50R-IV 0.491034 0.049272
LogLD50R-SC 0.383068 −0.016189
LogLD50R-O 0.370953 −0.031900
LogLD50R-OTest 0.334192 −0.044400
LogP (ACD/I-Lab) 0.896749 0.177386
LogP (iLOGP) 0.779644 0.139819
LogP (XLOGP3) 0.873983 0.191957
LogP (WLOGP) 0.811796 0.095686
LogP (MLOGP) 0.812273 0.364293
LogP (MLOGP) 0.875778 0.135244

Table 10
Experimental values for inhibition compiled from the literature [30–33]

IC50NET LogIC50DAT LogIC50SERT
a c a c a c

01 -1.15 -0.7 0.11 1.14 1.65 2
02 -0.85 -0.92 0.041 0.38 1.26 1.6
03
04 -0.7 0.57 1.28
05 -0.21 0.4 2.13
06 -0.55 0.76 0.34
07 0.4 1.49 0.63
08 0.08 0.35 1.69 1.54 0.25 0.67
09 -0.44 -0.27 1.49 0.68 0.3 1.2
10 0.45 0.31 1.34 0.46 0.31 0.79
11 -0.66 -0.44 0.89 1.15 0.94 1.69
12 -0.7 -0.01 0.77 0.135 0.67 0.92
13 0.35 0.63 0.9
14 0.01 0.4 0.97 0.75 0.1 0.65
15
16 -1.7 -1.4 2
17 -1.3 -1.15 1.36
18 -0.01 -0.28 1.88
19 -0.8 -0.96 1.18
20 -1.4 -1.3 0.98
21 -0.96 -0.66 -0.1

Table 11
PLS parameters for multivariate regression models for each IC50

#PCs Cumulative SEV Q2 SEC R2

LogIC50NET 4 99.46 0.55 0.20 0.49 0.45
LogIC50DAT 4 99.42 0.60 0.53 0.52 0.71
LogIC50SERT 4 99.50 0.48 0.34 0.43 0.55

Table 12
Regression vector for each dependent variable

Variable LogIC50NET LogIC50DAT LogIC50SERT

1 LogLD50M-IP −0.023319 −0.027099 0.107325
2 LogLD50M-O 0.045185 0.103662 0.061588
3 LogLD50M-IV 0.018625 0.069431 0.140775
4 LogLD50M-SC 0.166522 0.312459 −0.095349
5 LogDS 0.219994 0.286916 −0.304039
6 LogDD 0.130658 0.162157 −0.232673
7 LogDJ −0.167114 −0.361534 0.173099
8 LogDB −0.168169 −0.410995 0.244504
9 LogDC −0.098365 −0.294842 0.198998
10 LogLD50-Protox 0.200552 0.394050 −0.368371
11 LogLD50R-IP −0.146554 −0.384602 0.169780
12 LogLD50R-IV −0.144449 −0.040315 0.174624
13 LogLD50R-SC 0.224414 0.170348 −0.142853
14 LogLD50R-O −0.004070 0.031562 0.134571
15 LogLD50R-OTest −0.042147 0.063160 0.098556
16 LogP (ACD/I-Lab) −0.152804 −0.098730 0.054909
17 LogP (iLOGP) 0.108595 −0.051508 −0.225728
18 LogP (XLOGP3) 0.098352 0.037371 −0.137835
19 LogP (WLOGP) −0.164067 −0.103403 0.128970
20 LogP (MLOGP) −0.342527 −0.018991 0.267175
21 LogP (MLOGP) 0.002127 0.012653 −0.086261
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reduction practices in several countries.
This study has shown that computational methodologies may be

useful to understand the toxicological behavior of amphetamines and
cathinones. Multivariate statistics can provide information on these
groups of drugs.

Prediction of LogLD50, LogP, and LogD values with the aid of dif-
ferent software reveals the same trends, and PLS regression indicates
that they are correlated with in vitro cytotoxicity. An important ob-
servation is that many in silico values from different tools should be
used to verify how the drugs behave. Experimental data are also com-
monly obtained by different methodologies, which prevent tox-
icological values from being reproducible. Although we have employed
different methodologies for in silico calculations, values are re-
producible and point out trends according to the chemical structure.
Furthermore, these methodologies accelerate analysis and are an al-
ternative approach to toxicity tests, dismissing the need for experiments
on animals.

We believe that this study may be useful in drug harm reduction
policies, meeting the multidisciplinary required by criminal science.
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