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Abstract

When discussing similarity of compounds two different types of

it should be mentioned: Molecular Similarity and Chemical Simi-

larity. The former is based solely on structural features while the

latter on the physicochemical properties of compounds. The present

study has been set towards a fresh approach on the calculation of

the Chemical Similarity. For this reason a set of molecules ranging

from opium alcaloids and their synthetic analogues, to sugar, nico-

tine and caffeine, has been formed as to study their connections. The

study emerged from the available clinical studies, in small samples

though, that revealed that analgesic drugs and short term pleasure

factors exhibit the same psychokinetic or psychomimetic effect. To

perform a rigorous classification we have implemented two indepen-

dent approaches with solid mathematical grounds: thus we relied on

the information theory and string matching tools ( Tanimoto coeffi-

cient (Tc) and Tversky index (Tv)). The former accounts for chem-

ical similarity (cs) whereas the latter for molecular similarity (ms).

Both indices led to the formation of clusters of compounds similar

as: Ams=(morphine, heroine, codeine), of Bms=(fentanyl, carfen-

tanil, furanylfentanyl) and of Cms=(endomorphine-1, endomorphine-

2 ), in great agreement to the Tv’s. The information theory approach

not only predicted these clusters but also brought forth further ones

such as Acs=(caffeine, serotonin, adrenaline), Bcs=(endomorphine-

1, endomorphine-2 ), Ccs=(THC, fentanyl, cocaine, ecstasy, carfen-

tanil, furanylfentanyl, codeine, heroine, morphine, LSD, methadone)

in agreement to clinical observations. The Ccs cluster that describes

the strong connections of the active substance of marijuana (namely

THC) to cocaine, morphine, methadone and fentanyl is an evidence

that offers another break on the wall between ”soft” and ”hard” drugs.

We also note that sucrose seemed to be quite dissimilar to all other

compounds.

keywords Metric Space, Structural Similarity, Chemical Similarity, Chem-

informatics
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1 Introduction

It is well known that the question of similarity in nature rarely can be an-

swered in one and only one way [1]. On the other hand, there is a relentless

effort in science on the finding of the best alternative as to replace one object

with another (or a process with another), thus special effort has been put

into making the endeavour both accurate and effective and at the same time

as source reserving as it can be. To this extend, tools as to, in a first step,

screening a set of candidates, and after some cycles, finding the one that best

matches a certain pattern or shows similar behaviour led to the formation

of the Quantitave or Qualitative Structure Activity Relationship field, that

covers chemistry, biology and engineering [2].

There is an ongoing discusion on the possible resemblance of the proce-

dures that accelerated in the brain when someone consumes compounds that

are on the top of the nutrition list of humans, e.g. sugar and caffeine as well

as nicotine, and those known as narcotics that are either opioids or hallucino-

gens. In parallel the debate on ”soft” and ”hard” drugs is also quite active.

Given the importance of the subject we have formed a set of nineteen (19)

compounds ranging from opium alcaloids and their synthetic analogues, to

sugar, caffeine and nicotine as to study their connections. What is intriguing

is the fact that clinical findings have shown that there are compounds that

share little or no structural similarity, they are accelerating more or less the

same psychokinetic or psychomimetic effect. Therefore, it is expected that a

theoretical study could shed some light on the subject. Thus, we followed two

independent paths, which are the metric space approach, as to account for

chemical similarity of them, and the other one, the calculation of Tanimoto

and Tversky indices, that both classify similarity through chemical structure

screening. What we do expect from the present study is on the one hand

to validate the metric space approach, by being able to at least predict the

same results as the indices do, and on the other hand to support the clininal

observations and to initiate further studies on the subject.

Details of both theoretical approaches will be given in the Theory section.

Our findins along with the discussion of them could be found in the Results
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and Discussion section. Finally, we conclude with the take home messages

in the Conclusion.

2 Theory

2.1 Metric Space Approach

To apply the metric space approach we should set the space, that is formed

by the theoretical descriptions and in particular physicochemical properties

of compounds of interest. Every single object of this space turned into a

vector, with the linear independent properties (meaning that there is not

a direct relation from one property to the other) of the object playing the

role of the coordinates of the vector. Thus an n−dimensional vector space is

constructed. The major difficulty is that for n > 3 neither the presentation

nor the searching for distances among the objects could be characterized as

an easy task. At this point it is the use of a metric, that is a function that

satisfies the minimal properties we might expect of a distance [3], that allows

for a direct comparison between vectors. In this study the Minkowski metric

[4] d(i, j) : Rn ×Rn → R (n equals to the dimensions of the space) has been

implemented

d(i, j) =

(∑
α

(Qi,α −Qj,α)p

(maxi,j (Qi,α −Qj,α))p

) 1
p

(1)

Let Ic be a set that contains the studied compounds and Ip a set that

contains the properties used to describe the compounds. In this equation Q

stands for the value of the property α ∈ Ip that compounds i and j ∈ Ic

have. For example: Let α be e.g. polar surface then i would be compound

A and j compound B (it is obvious that at some point i = j, therefore their

distance is zero).

Since Minkowski metric is a generalization of different distances, in this

study the Euclidean distance, thus p=2, has been employed as to calculate

the point to point distances. The indices i, j refer to two different vectors

(here compounds), whereas α corresponds to the property. Thus, the de-
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nominator max
i,j

(Qi,α −Qj,α) is the maximum difference between values of

the same property and its role is to normalize di,j, respectively. In the con-

text of the present article we might also use the Si,j that could be easily

derived from di,j as:

Si,j = 1− di,j
dmaxi,j

, 0 ≤ Sij ≤ 1 (2)

This methodology has been introduced in the pioneering papers by Maroulis

et. al [5, 6, 7] and has been succesfully applied in numerous studies since

then (see for example [8, 9, 10, 11, 12]).

2.2 Structural Similarity Indices (Tanimoto coefficient

(Tc) and Tversky index Tv).

In order to quantify the structural similarity of the compounds we have

implemented three different indices or coefficients. The procedure starts

with the transformation of every single 2D structured chemical formula into

a vector that is called fingerprint. To form this vector a mathematical trick

has been used as to make it binary: the presence, takes ”1”, and the absence

takes ”0” of a specific fragment. The fingerprints of compounds have been

used as to find common features of A and B (f(A ∩ B)), features that are

present in A and not in B (f(A− B)) and in B and not in A (f(B −A)).

SA,B =
f(A ∩ B)

f(A ∩ B) + αf(A− B) + βf(B −A)
(3)

The coefficients α and β obey the rule α + β = 1. However, by setting

α = β = 1 the Tv=Tc that is the Tanimoto coefficient [13], which is based on

the Jaccard index [14] a well known tool in the field of data mining. For this

reason the input is the SMILE structure of the compound and by using FP2

fingerprint we have calculated TC similarities by performing computations via

the opensource package Open Babel [16] (more information on the calculation

of the index can be found in [15]). Given that Tc’s index counts for similiraty

between compounds a value of 1, should be interpeted as a perfect match,

while lower values are a sign of dissimilarity. A further similarity analysis
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based on the SkelSpheres descriptor, as it is described in Datawarrior [17], has

also been performed and the respective Tc’s have been calculated. Two other

indices that measure the structural similarity of compounds are the Tversky

index (Tv) [1] and Dice coefficient TD [18], respectively. Both of them have

been computed with an evaluation copy of Schrödinger suite [19]. The values

of α varied as 0.1, 0.2, 0.3, 0.5, 0.7, 0.8, 0.9 (and the β’s respectively) and

we note that when α = β = 0.5 the Tv corresponds to TD.

2.3 Minimum Spanning Tree

By using the calculated distances one can draw an acyclic graph (a graph

where there is a unique connection between two vertices) that connects ver-

tices (in the present study compounds). The total cost, that is the sum of

all the distances, of the path that is formed is the minimum, thus the com-

pounds that are the most similar (i.e. less distant) form neighbourhoods.

This evaluation has been done by using the Prim’s Algorithm [20]: In brief,

given the distance matrix that contains the distances between all pairs of i

and j, it starts from an arbitrary compound (vertex A) and finds the com-

pound (vertex B) with the least distance. At this point, it starts by either

A or B as to find the next closest compound (vertex C) without creating

a closed path. The procedure, continues till the summation over all paths

(that is distances) is the minimum of all other possible ones.

2.3.1 Computational protocol

A target set of nineteen compounds, all related to pain relief, pleasure and

euphoric effects as well as psychokinetic and psychomimetic activity, used

in this study as to form the set Ic =(cocaine, codeine, heroine,methadone,

ecstasy, mescaline, caffeine, serotonin, adrenaline, morphine, lysergide acid

(LSD), nicotine, marijuana (THC),sugar, endorphine-1, endorphine-2, fen-

tanyl, carfentanil, furanylfentanyl) (see Fig. 1). When properties are: Ip =(

polarizability, polar surface, density, flash point, boiling point, molecular weight)

and have been tabulated in Table 1 (all values have been taken from www.chemspider.com).

These properties have been chosen (for their validity see Ref. [21]) as to con-
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struct the space of the theoretical descriptions (TD) on the basis that they

describe both electronic structure as well as structural features of compounds.
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Figure 1: Chemical Structures of the Studied Compounds
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It is worth noting at this point that Tc and Tv indices assign similarity

only to common structural resemblance, while metric space approach takes

into account overall characteristics of a certain object. Thus, it might be

of some importance to check the relative performance, by evaluating their

findings on the basis of how rational are the formed neighbourhoods (i.e.

clusters of compounds that are the most similar) given what is known in the

literature. To picture the value of the calculated similarities or distances we

have constructed a minimum spanning tree (MST) that clusters compounds

that are the less distant.

3 Results and Discussion

Every member of the group of compounds that has been formed does respect

the saying that ”the dose makes the poison” [22]. However nicotine, sugar,

and caffeine are legally available, whereas for the vast majority of the others

they are reachable only after a medical prescription. Therefore, a large part

of the following discussion will be devoted to the interconnections between

members of these two groups.

3.1 Similarities Based on Structural Patterns

The results of the calculated similarities using Tanimoto index (based on

two different fingerprints, namely FP2 and Skelspheres), Tversky index (by

varying the weight of the importance of f(A − B) by setting α values to

0.1, 0,2, 0.3, 0,7, 0.8 and 0.9 (β = 1 − α)) and Dice coefficient when α =

0.5, are listed in Table 2. Only values that equal or greater of 0.80 are

significant, however when available we have included lower values as to show

the differences between the values of different indices.

Since the similarity of other compounds to sucrose or of sucrose to other

compounds are well below the 0.80 threshold it is fair to assume that is

the less simililar to all other compounds used in the study. Nevertheless,

clinical findings suggest that there is a kind of addiction to sugar [23, 24].

Furthermore it is interesting the fact that it is not only causing the same
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rewarding effect as some of the common drugs but it is more intense in the

case of sugar consumption [23, 24], though not by using the same pathways

[25, 26].

On that side, of the less structural similarity, are the results of both nico-

tine and caffeine. Nevertheless, it has been observed that nicotine exhibits

an antistress activity [29, 30, 31], is causing illusions [32] as well as it causes

or it could cause addiction [33], and is widely known that the vast majority

of the studied compounds are causing similar effects. When the discussion

comes to caffeine, that causes dopamine release in specific regions of the brain

[33, 34], a matching to cocaine that acts similar in the brain, or due to its

calm down effect [35, 36, 37, 38], connection to serotonin and endomorphines

could have been observed, as well.

Another interesting group of compounds can be formed from those known

as analgesics. The very well known morphine has an almost identical struc-

ture with both codeine and heroine. Thus, Tc values should be, and they

are, rather high: in particular FP2 based calculations gave S10,2 = 0.99 and

S10,3 = 0.90, whereas SkelSpheres result is S10,2 = 0.92 and not above the

threshold for S10,3. It is noted that that both morphine and codeine are

opium extracts. On the other hand it is well known that heroine is a syn-

thetic analogue of morphine which was introduced as to fight morphine abuse

[39].

The chemical offsprings of the morphine to heroine parents are the com-

pounds that form the fentanyl group. It has been found that fentanyl is as

60-80 times more potent that morphine [40]. For this group of molecules

FP2 based Si,j’s are beyond the threshold (however the largest in the spe-

cific columns of Table 2). On the other hand the SkelSpheres results are

S17,18 = 0.84 and S17,19 = 0.89.

The last set of similar compounds is the one that contains Endomorphines-

1 and 2, with the FP2 value S15,16 = 0.70 being below the 0.80 threshold,

whereas SkelSpheres is S15,16 = 0.94, which is more rational. In this place it

should be mentioned that none of the indices has proven any kind of similarity

between endomorphine’s and morphine or any of their chemical realtives.
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3.2 Euclidean distances/similarities

The similarities obtained from the other leg of the present study have been

tabulated in Table 3. What is profound after reading these values is that

many more connections-similarities have been predicted and will be discussed

in the following paragraphs.

The validity of this approach could be assumed by the fact that the molec-

ular similarity discussed in the previous section is also present in this place

where chemical similarity is discussed. Another evidence is the fact that the

results are in accord with the findings of clinical studies showing that there

are connections among compounds that are not characterized by molecular

similarity. To procceed with the discussion it is fair to set a threshold of 0.70

as to filter out important (when Si,j ≥ 0.70) to the less important (when

Si,j¡0.70) connections, since there two distinct regions of values in almost

every column.

We will start the discussion of the values of Table 3 with the compounds

that are of high consumption on a daily basis. Nicotine’s matching to mesca-

line, a natural compound known for its elucidative and mood altering effects

has been long known [47]. The resemblance to MDMA (ecstasy), though the

marginal value of S12,5 = 0.79, well supported from a study [48] that shows

that hallucinogens might be used to assist tobacco cessation, while another

review suggests that they exhibit quite the same psychobiological effects [49].

The value of S12,8 = 0.76 to serotonin has been the subject of some studies

(see [29, 30, 31] and refs therin) and it has been shown that nicotine acts as

an antagonist to serotonin, in more than one ways.

Then, the discussion comes to caffeine that better matches to serotonin

S7,8 = 0.89, a relation that has been studied [50] and found that caffeine

alters the serotonin receptors. It has also been found proximal to adrenaline

[51, 52] (S7,9 = 0.88) where caffeine induces adrenaline secretion, and to

morphine [53, 54, 55] (S7,10 = 0.85) since it has been found that supports the

analgesic effect of morphine.

Of all the compounds with medical uses it is the morphine that shows an

extremely high matching to codeine and heroine, which is expected since they
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are chemical relatives, and to cocaine that has also been observed [56, 57]

since they are both inducing same receptors while not via the same mecha-

nisms.

The widely known and abused marijuana, contains the psycoactive tetrahy-

drocannabinol (THC), very well matches to methadone (S13,4 = 0.96), and

this has been the subject of previous clinical studies [58, 59], a chemical

compound that has been introduced as to help heroine addicts to rehab.

Some further matching to fentanyl (S13,17 = 0.91) and the other two mem-

bers of this family (S13,18 = 0.82, S13,19 = 0.81) has not been examined

yet. It is worth noting that (THC) shows a high matching to both cocaine

(S13,1 = 0.85) and MDMA (S13,5 = 0.85) that has been well depicted in a re-

cent study on the dopamine release and the reward effect caused by cannabis

[60, 61].

The first round of this discussion ends with the fentanyl group of com-

pounds; While the matching to each other seems reasonable it is worth noting

the one between fentanyl and both THC and methadone. Concerning the

similarity to the latter lots of studies have shown that methadone and fen-

tanyl might be the best alternative to morphine when the question comes to

pain relief without the undesired side effects [62, 63].

Then we formed a set of molecules containing only drugs (nicotine, caf-

feine and sucrose excluded) and we performed again the calculation of their

similarities (see Table 4).

After a careful reading of the values listed in Table 4, where nicotine,

caffeine and sucrose have been left out of the computations, one can easily

see the proximity among morphine, codeine and heroine (S10,2 = 0.87 and

S10,3 = 0.87). The matchings that are also of interest are these of morphine to

serotonin S10,7 = 0.80 and to adrenaline S10,8 = 0.79, which have been studied

in the frame of the opioids association with serotonin syndrome ([68, 69]).

Speaking about serotonin its proximity to adrenaline (S7,8 = 0.96) seems

fair due to the fact that are both neurotransmitters that contribute to how

exercise affects brain function [70].

The case of cocaine also deserves some discussion since it is quite similar

to codeine (S1,2 = 0.86), a connection that has been studied [71], to LSD
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S1,11 = 0.85 while it is known that they are following similar ways of toxiticity

in the central nervous system [72], Fentanyl S1,17 = 0.81 and Furanylfentanyl

S1,2 = 0.81, while the literature on Fentanyls are not so rich since they have

been recently introduced in the class of abused drugs.

To provide a more effective way on reading the findings listed in Tables

3 and 4 we procceed with the construction of the minimum spanning trees.

The outcome of this analysis has been depicted in Figs. 2 and 3. In brief, we

used the distance values between the full set of compounds and then these of

the one that produced after nicotine, caffeine and sugar having being left out

and by applying the Prim’s algorithm we found the (acyclic) path that joins

the most relevant compounds. What follows the construction of the trees

is the pruning of these branches that are above a threshold. It is obvious

that the lower the threshold the tighter the survived connections (branches)

thus the higher the chemical similarity of the compounds. In both figures 2,

3 clusters have been formed after having prune all distances that are above

0.30 (DT=0.30).

In Fig. 2 where the full set of molecules is being presented all the abused

drugs are forming a neighbourhood. The nicotine, serotonin and adrenaline

are grouped together, when the two types of endomorphine form an another

cluster.

In the filtered set of compounds, see Fig. 3, cocaine, morphine, codeine

and heroine are forming a group with tight connections. Another cluster

with the same property has been formed from LSD, fentanyl, carfentanil,

furanylfentanil, THC, methadone. While nicotine is not presented serotonin

and adrenaline are still together. What is also happens for endomorphines.

17



Figure 2: Minimum Spanning Tree Based on Euclidean Distances (full set of nineteen compounds).
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Figure 3: Minimum Spanning Tree Based on Euclidean Distances (nicotine, caffeine and sugar not included).
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4 Conclusion

The present study reports on the findings of two independent approaches:

one leg is based solely on the structural resemblance see molecular similarity

via different indices i.e. Tanimoto, Tversky and Dice as well as different

descriptors i.e. FP2 and Skelspheres, and the other leg that is Metric Space

Approach assigns similarities after performing calculations that are based on

an number of linear independent characteristics (here physicochemical prop-

erties, thus chemical similarity ) of the objects (here compounds). These two

different types of analyses brought fourth relations that have been observed

in clinical experiments that are in most cases based on small samples.

The findings of the molecular similarity apporach suggest that compounds

could be clustered as AT=(morphine, heroine, codeine), of BT=(fentanyl,

carfentanil, furanylfentanyl) and of CT=(endomorphine1, endomorphine2),

in great agreement to the Tv’s. On the other hand the results of the chem-

ical similarity endeavour not only led to the formation of these clusters

but also predicted further connections as: AE=(caffeine, codeine, serotonin,

adrenaline and morphine), BE=( nicotine, mescaline), CE=(THC, methadone,

fentanyl, cocaine, ecstasy, carfentanil, furanylfentanyl) and quite similar re-

sults for MDMA, and LSD, that are in agreement to clinical observations.

The CE cluster that describes the strong connections of marijuana (THC) to

cocaine, morphine, methadone and fentanyl is an evidence that offers another

break on the artificial wall between ”soft” and ”hard” drugs. To conclude,

sucrose though included in the present study has not been found similar to

the other compounds by none of the two approaches.

5 References

References

[1] A. Tversky, Features of Similarity, Psychol. Rev. 84, 327 (1977).

20



[2] C. D. Selassie, Burger’s Medicinal Chemistry and Drug Discovery 6th

Edition vol. 1, Drug Discovery, Ed. D. J. Abraham (2003).

[3] W. P. Ziemer, Modern Real Analysis, Department of Mathematics,

Indiana University, Bloomington.

[4] E. Deza, M. M. Deza, Encyclopedia of Distances. Springer, p. 94,

(2009).

[5] G. Maroulis, M. Sana, G. Leroy, Molecular Properties and Basis Set

Quality: An Approach Based on Information Theory, Inter. J. Quant.

Chem. 19, 43-60 (1981).

[6] G. Maroulis, M. Sana, G. Leroy, Information Theory and Basis Set

Quality: Automatic Classification and Systematic Improvement of Ap-

proximate Molecular Wavefunctions; A Study on OH Radical, J. Molec.

Struct. (THEOCHEM) 110, 107-122 (1985).

[7] G. Maroulis, M. Sana, G. Leroy, Information theory and basis set qual-

ity, Automatic Classification and Systematic Improvement of Approx-

imate Wavefunctions.: III. A Study on H2O (1 a2
1 2 a2

1 1 b2
2 3 a2

1 1 b2
1,

1A1), J. Molec. Struct. (THEOCHEM) 121, 69-78 (1985).

[8] G. Maroulis, A Systematic Study of Basis Set, Electron Correlation,

and Geometry Effects on the Electric Multipole Moments, Polarizabil-

ity, and Hyperpolarizability of HCl, J. of Chem. Phys. 108, 5432-5448

(1998).

[9] G. Maroulis, Applying Conventional Ab Initio and Density Functional

Theory Approaches to Electric Property Calculations. Quantitative As-

pects and Perspectives, Struct. Bond 149, 95-130, (2012).

[10] G. Maroulis, D. Xenides, On the Performance of DFT Methods on Elec-

tric Polarizability and Hyperpolarizability Calculations for the Lithium

Tetramer, Comput. Lett. 1, 246-252 (2005).

21



[11] D. Xenides, On the Performance of DFT Methods in (hy-

per)polarizability Calculations: N4 (Td) as a Test Case, J. Molec.

Struct. (THEOCHEM) 804, 41-46 (2007).

[12] C. Christodouleas, D. Xenides, T. E. Simos, Trends of the Bonding

Effect on the Performance of DFT Methods in Electric Properties Cal-

culations: A Pattern Recognition and Metric Space Approach on Some

XY2 (X = O, S and Y = H, O, F, S, Cl) Molecules, J. Comput. Chem.

31, 412-420 (2010).

[13] T.T. Tanimoto, 1957, IBM Internal Report 17th Nov; D. J. Rogers and

T. T. Tanimoto, Science 132, 1115-1118 (1960).

[14] P. Jaccard, Distribution de la flore alpine dans le bassin des Dranses

et dans quelques régions voisines, Bulletin del la Société Vaudoise des
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ing mechanisms mediate morphine- and cocaine-induced generation of

silent synapses, Nat. Neurosci. 19, 915-925 (2016).

[58] J. L. Scavone, R. C. Sterling, S. P. Weinstein, and E. J. Van Bock-

staele, Impact of Cannabis Use During Stabilization on Methadone

Maintenance Treatment, J. Am. Addict. 22, 344-351 (2013).

[59] D.H. Epstein and K.L. Preston, Does Cannabis Use Predict Poor Out-

come for Heroin-Dependent Patients on Maintenance Treatment? A

Review of Past Findings, and More Evidence Against, Addiction 98,

269-279 (2003).

[60] B. K. Madras, Dopamine Challenge Reveals Neuroadaptive Changes in

Marijuana Abusers, PNAS 111, 11915-11916, (2014).

[61] E. van de Giessen, J. J. Weinstein, C. M. Cassidy, M. Haney, Z.

Dong, R. Ghazzaoui, N. Ojeil, L. S. Kegeles, X. Xu, N. P. Vadhan,

N. D. Volkow, M. Slifstein and A. Abi-Dargham, Deficits in Striatal

Dopamine Release in Cannabis Dependence, Molecular Psychiatry 22,

68-75 (2017).

27
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