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Abstract

Background: New psychoactive substances are very diverse; hundreds exist today. Several schemes exist to
categorise them; NPS can be classified into Cannabinoids and Cannabimimetics (1), Phenethylamines (2),
Cathinones (3), Tryptamines (4), Piperazines (5), Pipradrol derivatives (6), and miscellaneous substances (7)

Materials and Methods: Observational analyses via multiple internet snapshots will be carried out on the surface
web and the deep web. The analyses will be hierarchical and integrative to infer the most popular categories of
NPS based on the attentiveness (interest) of web users.

Results: Analysis of Google Trends from 2012 to the end of 2016, shows that interest in cannabinoids was the
highest (98%), while all other chemical categories of NPS summed up to a tiny fragment (2%). The trends were
highly oscillating over the years and shooting up during holiday seasons. Geo-mapping and localisation of the
Middle East were not possible (not allowed) via Google Trends, while trends were attributed to four major leading
countries of the developed world; US (35%), UK (17%), Canada (26%), and Australia (22%). Cannabinoids and
stimulants were also found to be the most popular on the darknet.

Conclusion: A novel method is proposed in this study; it has been carried out to provide an updated extrapolation
on the most favoured chemical categories of NPS. This method is based on a combinatory examination at multiple
levels of the surface web and the deep web. Furthermore, this method when potentially combined with data mining
tools should provide unprecedented real-time analyses of high quality.

Keywords: NPS classification, geographic mapping, cannabis, cannabinoids, cannabimimetic, phenethylamines,
cathinones, tryptamines, piperazines, pipradrol

1. Background

Novel (new) psychoactive drugs (NPS), also known as designer drugs, represent an extraordinary neuro-chemical

phenomenon of the 21% century; the escalating rise in the NPS spectacle seems to be unparalleled by efforts of
researchers, governmental agencies, and regulating bodies combined (Al-Imam et al., 2016; Al-Imam et al., 2017,

Rolles et al., 2014; Saniotis, 2010; Tracy et al., 2017). There were numerous attempts to restrict the spread of
designer drugs and research chemicals (NPS). However, most of these attempts were somehow limited; it can be

deducted that NPS global “industry” is not only driven by money, human desire, greed, and sometimes terrorism

and extremism, but also by the booming progress in the field of information and communication technologies (ICT)
(Burchardt et al., 2014; Fettweis, 2014; Webster, 2014). All those factors have led to a shift of the NPS commerce

towards NPS e-commerce (e-trade) on virtual space of the internet. Later, the advent of the anonymity and the

Bitcoin payment system on the deep web, led to a more aggressive and unrestrained spread of these illicit

substances (Jha et al., 2014; Lee and Wei, 2016; Reid & Harrigan, 2013; Van Hout et al., 2013; Van Hout et al.,

2014). To this exact moment, the NPS researchers do merely observe rather than being equally effective in

intervening to limit this disastrous threat to public health and the global economy.
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Despite all these encountered difficulties, there are still some bright expectations in the horizon; this study will
explore the implementation of advanced (inferential) statistics, extra-large databases, data crunching, and the
concept of data mining; the latter is also known as knowledge discovery in databases (KDD) (Fan & Bifet, 2013;
Larose, 2014; Wu et al., 2014). To provide an oversimplification of the NPS phenomenon, one must understand the
classification (based on chemical categorization or others) for these illicit (or dysregulated) substances. Designer
drugs can be categorised based into; Cannabinoids and Cannabimimetics (1), Phenethylamines (2), Cathinones (3),
Tryptamines (4), Piperazines (5), Pipradrol derivatives (6), and a miscellaneous category (7); this classification
system has been proposed by the European Monitoring Centre for Drugs and Drug Addiction (EMCDDA) in 2012,
it was based on 252 reported substances from 1997 to 2012 (Dargan and Wood, 2013; EMCDDA, 2013; Griffiths
et al.,, 2014). In 2012, the EMCDDA estimated that the NPS prevalences were; cannabinoids (26%)
phenethylamines (20%), cathinones (16%), tryptamines (11%), piperazines (5%), pipradol derivatives (2%), and
miscellaneous (20%) (Dargan & Wood, 2013).

The best way to understand the general trend for a phenomenon is to study large or extra-large databases; Google
Trends database fits this purpose perfectly. This database permits the use of specific keywords in addition to the
application of specific filters for time and geographic location. The keywords to be used (in this study) are the
same keywords from the classification system of NPS (EMCDDA, 2012); these keywords will be used to derive
statistical inferences. The potentials of this technique are very promising; it can also be used as a template for data
mining algorithms; the aim is to apprehend the overall trends on the surface web, the popularity of NPS in specific
regions of the world, and to test if these trends are compatible with the patterns existing on the deep web,
specifically on the e-markets of the darknet (Miranda, 2014; Lederman, 2016; Rudesill et al., 2015).

2. Materials and Methods

This study has been ethically approved by the institutional review board (IRB) of the College of Medicine at the
University of Baghdad (IRB meeting number 8, on the 20" of December 2016). This study will analyse the web
(surface web) contents in relation to the most popular categories of NPS on the chemical characterizations; the
analysis will form the basis for more advanced inferences on the surface web via medical literature databases
mainly PubMed/Medline, drug fora, deep web, and the darknet e-marketplace. The aim of this approach to
intertwine the interest (or the attentiveness) of web users on the surface web in parallel to the most famous
categories of NPS on the deep web. The attentiveness of surface web users have been analyzed via Google Trends
databases by a series of snapshots (Internet snapshots); these were taken from the 14™ to the 18" of February 2017
(Google Trends, 2017). Six keywords representative for each category of NPS were used across Google Trends;
these are; Cannabinoids, Phenethylamines, Cathinones, Tryptamines, Piperazines, and Pipradrol.

The analysis, via Google Trends, was done for the period from the exact beginning of 2012 to the definite end of
2016, a whole duration of five (5) years. Hence, this study is observational and longitudinal (retrospective). Filters
were used for the purpose of geographic mapping (geo-mapping) in; worldwide (Global), United States (US),
United Kingdom (UK), Australia, and Canada. Data from the Middle East or Arabic country were not retrievable
due to limitations of the database itself. However, these data were sought after during the global (worldwide)
analysis using specific filters and whenever the database allowed it. Similarly, data were not attainable from
regions of high population density including China and India. In fact, it seems that China does not permit the use of
Google and its related applications (O'Rourke et al., 2007; Stevens, 2015; Thompson, 2006). Therefore, this
analytic study was limited to some of the developed western countries. In fact, the “Interest by region” shown by
default on Google Trends permitted the data access to four countries only, namely; the US, UK, Canada, and
Australia.

The implemented statistical analyses were both descriptive and inferential; statistical tests included the analysis of
variance (ANOVA), Student s t-test (paired and independent), and the chi-square test. Significance was considered
at an alpha (o) value of 0.05 and a confidence interval of 95% (95% CI). Testing for significance was done; in
between the different categories of NPS (1), within the same NPS category over the years for the period 2012-2016
(2), and in between the various geolocations (3).

3. Results and Discussion

Google Trends database represents one of the major resources of data from the surface web; the trends database
will always be approached first which will be followed by analyses of other components of the surface web
including literature databases, then to be followed by reviewing the deep web and the darknet e-marketplace
(Figure 1). In relation to Google Trends, there were no data accessible in connection with the Middle East or
Arabic countries; Google Trends database enabled an option for geographic mapping (geo-mapping) which
allowed a restricted access to data from four countries only; the US, UK, Canada, and Australia (Figure 2). Top
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related queries by surface web users in these countries were; phenethylamine, “tryptamines I have known and
loved”, synthetic cathinones, and bath salts. Geo-mapping has shown that the US is in the lead (Figure 2) in
relation to the attentiveness of surface web users towards categories of NPS; these countries contributed as follows;
US (35%), UK (17%), Canada (26%), and Australia (22%). Interest in cannabinoids was the highest (98%), while
all other categories of NPS summed up to a tiny fragment (2%); the majority of the latter fell into the chemical
category of cathinones (Figure 3). In the global analysis, despite that synthetic cannabinoids seem to hold a high
leverage against other NPS, descriptive statistics are usually inconclusive for the purpose of inference. Hence, a
statistical inference was established using ANOVA test was used and it confirmed the existence of a statistically
significant difference (p-value<0.001), at an average (mean value) attentiveness of web users in; Cannabinoids
(62.96), Phenethylamines (2.44), Cathinones (3.79), Tryptamines (2.93), Piperazines (1.91), and Pipradrol (1.12).
The temporal change (2012-2016) in the trends was not conclusive (highly oscillating), though the highest
attentiveness to cannabinoids was recorded on the March 2014 and April 2015 (Figure 4), while the highest
interests in cathinones were recorded in May 2012, November 2012, and January 2013.
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Figure 1. The Hierarchical Analytic Approach for Studying the NPS trends on the Web
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Figure 2. Google Trends Analyses of the Major Chemical Categories of NPS (2012-2016)
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Figure 3. Google Trends Analyses of the Major Chemical Categories of NPS (2012-2016)
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Figure 4. Google Trends (2012-2016): Major Chemical Categories of NPS (worldwide)

The temporal change (year by year) in the trends for each of the category of NPS, appeared to be highly erratic and
unsettled for the period 2012-2016 (Figure 5). Synthetic cannabinoids appeared highly oscillating (saw-tooth
patterns) with an exception for the transition from; 2012 to 2013 (p-value=0.254), 2013 to 2014 (p=0.265), and
2015 to 2016 (p=0.624). The trends for phenethylamines were also unstable except for the transition from; 2013 to
2014 (p=0.293), and 2015 to 2016 (p=0.241). On the other hand, both cathinones and tryptamines had more steady
trends. Piperazine appeared to have oscillating trends for the period 2012 to 2015 with a subsequent steadiness till
the end of 2016. Similarly, Pipradol oscillated up and down with an exception for the transition from; 2013 to 2014
(p=0.083), 2013 to0 2016 (p=0.412), and 2015 to 2016 (p=0.155).
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Figure 5. Change in Trends (2012-2016) of the Major Chemical Categories of NPS (worldwide)

The cannabinoids have been more popular than all other categories of NPS (Figure 6) for each year for the period

from the beginning of 2012 to the definite end of 2016. Similarly, there were significant differences in between

phenethylamines and the other chemical categories of NPS (Figure 7) with an exception for; Phenethylamines

versus Cathinones in 2012 (p-value=0.260), Phenethylamines versus Tryptamines in 2012 (p=0129) and 2013

(p=0.060), and Phenethylamines versus Piperazines in 2015 (p=0.098) and 2016 (p=0.279). Cathinones were also

more popular than each of piperazine and pipradol groups for all the years (Figure 8) except for Cathinones versus
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Tryptamines in 2014 (p=0.283). The trends of all the remaining three categories of NPS, specifically tryptamines,
piperazines, and pipradol were all significantly different from each other (2012-2016).
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Figure 6. Inferential Statistics: Cannabinoids vs. Other Chemical Categories of NPS (worldwide)
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Figure 7. Inferential Statistics: Phenethylamines vs. Other Chemical Categories of NPS (worldwide)
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Figure 8. Inferential Statistics: Cathinones vs. Other Chemical Categories of NPS (worldwide)

Trends in the United States (Figure 9) appeared to be consistent with the oscillating global patterns. Top related
queries by web users included; synthetic cathinones, cannabinoids breast milk, cannabinoids in breast milk, cbd,
cannabinoids and cancer, synthetic marijuana, what is cannabis, what are cannabinoids, synthetic cannabinoids
for sale, cannabinoids cancer, what is cannabinoids, and cannabis. Interest in cannabinoids peaked in May 2012
and March 2014, while the highest interest in cathinones was recorded on; June 2012, April 2015, February 2016,
and October 2016. Other patterns (inferential) were concordant to a high degree (Figure 10) with the global trends.
ANOVA test confirmed that cannabis and cannabinoids are in the lead (p-value<0.001) over all other chemical
categories of NPS.
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Figure 9. Google Trends (2012-2016): Major Chemical Categories of NPS (United States)
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Figure 10. Inferential Statistics: Change in Trends (2012-2016) (United States)

In the United Kingdom (Figures 11), the temporal patterns seem to be distinct from that in the US. However,
cannabinoids persist to be the most popular (p-value<0.001) while other categories of NPS were in close
competition with each other. Interest in cannabinoids reached a maximum in December 2014 (different from the
US patterns), while cathinones achieved the highest peaks in December 2013, and August 2015 (also distinct from
the US). The only related query by web users was the term synthetic cannabinoids. Results of inferential statistics
are visualised in Figure 12.
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Figure 11. Google Trends (2012-2016): Interest in Chemical Categories of NPS (United Kingdom)
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Figure 12. Inferential Statistics for Change in Trends (2012-2016) (United Kingdom)

In Canada, the patterns (trends) were also novel from those seen in the US or the UK. However, both cannabinoids
(rank 1%) and cathinones (rank 2") persisted to be the most popular. Top related queries were not accessible from
the database. Interest in cannabinoids peaked in April-May 2012, January 2015, March 2015, and July 2016
(Figure 13), while interest in cathinones reached highest levels in May-June 2012, and June 2014. Furthermore, it
seems that the Canadian citizens were not interested in other forms of NPS including phenethylamines,
tryptamines, piperazines, and pipradrol. The inferential statistics also confirmed that cannabis and cannabinoids
were more popular than cathinones for the entire period 2012-2016 (p-value<0.001).
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Figure 13. Google Trends (2012-2016): Interest in Chemical Categories of NPS (Canada)

In Australia, the trends of surface web users’ interest seem to be somehow comparable to that of Canada,
Australian citizens were highly interested in cannabinoids (rank 1) and cathinones (rank 2"%), and they appear to
be not interested in other categories (Figure 14). Attentiveness towards cannabinoids was maximum in February
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2012, while cathinones peaked in April 2015. Top related queries on that database included only “synthetic
cannabinoids”. Inferential statistics revealed that cannabis and cannabinoids were also the most popular (p<0.001).
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Figure 14. Google Trends (2012-2016): Interest in Chemical Categories of NPS (Australia)

The repeated pattern in which cannabis and cannabinoids were ahead in the competition over all other types of
NPS, was consistent with trending pattern on the representative darknet e-marketplace of the deep web (Figure 15).
Based on cross-sectional and longitudinal analyses from prior studies, cannabinoids and cannabimimetic were also
of high prevalence in Iraq (Al-Hemiary et al., 2014; Al-Hemiary et al., 2017). However, Middle Eastern and
Arabic Countries did not contribute, by any means, to the e-trends on the surface web as observed via Google
Trends database. Furthermore, geolocation confirmed the presence of only four countries; all of which are from the
developed western world. This pattern was also in harmony in relation to the minor contribution of the Middle
Eastern and Arabic countries on the deep web.
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Figure 15. Most Popular Chemical Categories of NPS on the e-markets of the Darknet

To re-encapsulate, the phenomenon of NPS seems to be affecting the developed world to a greater extent; the
threats are not limited to jeopardizing the public health, but also the economy and even the security of nations and
societies in connection with extremism and terrorism (Al-Imam et al., 2016; Al-Imam, 2017; Al-Imam et al., 2017).
The high attentiveness of residents of the US towards cannabis and cannabimimetic substances can be partially
explained by the fact that marijuana (cannabis) is considered legal in several states in the US.

Within the discipline of NPS research, upgrades and enhancements should be deployed at these front lines;
augmenting the quality and quantity of studies in developed as well as the poorly-mapped developing countries
including Middle Eastern and Arabic countries in the North of Africa (1), incorporation of efficient use of data
science and advanced web analytics (2), compulsory training in information science, biostatistics, and basic
neuroscience for all NPS researchers, chemists, and toxicologists (3), integration of social science methodologies
(4), validation and incorporation of data mining technologies and real-time analyses (5), inclusion of the
rarely-used experimental studies including quasi-experiments, randomized controlled trials (RCTs), pragmatic
RCTs, and animal modelling (6), enhancement and potentiation of internet snapshot techniques (7),
implementation of comparative chemical analyses and characterization of the trending NPS (8), and the full
exploitation of trends databases of the surface web (9). Perhaps, the integration of real-time data mining and data
crunching will represent the climax armament to antagonise the alarming e-trade phenomenon.

5. Conclusion

Data describing the attentiveness (interest) of surface web users towards a particular category of NPS appears to be
restrictively originating from four countries; the US, the UK, Canada, Australia. In each of these developed
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countries, the user attentiveness is highly oscillating for the period from 2012 to 2016. However, there are some
fixed norms; cannabinoids seem to be the most popular category of NPS, while cathinones are ranked 2™,
particularly in the US. Meanwhile, other NPS are in fierce competition with each other. In Canada and Australia,
the pattern is indistinguishable with the exception that nothing can be inferred about categories of NPS other than
cannabinoids (rank 1%) and cathinones (rank 2™). It has been concluded that the trends in the US are steering the
global NPS trends. The trends were found to be in disharmony as an observer goes from the US to the UK, and
from the UK to each of Australia and Canada. Data from Google Trends database gave a predictive inference to the
expected analogue patterns on the deep web. One limitation of this study is the absence of data from other regions
of the world including the developing countries, Arabic countries, or the densely populated parts of the world. A
critical application of an excellent value is the use of data mining techniques to generate real-time inferences in
connection with the trends databases.
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