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Abstract
The associations of OPRM1 gene variants with opioid dependence have been demonstrated. This study investigated the asso-
ciation of rs495491, rs1799971 (A118G), rs589046, and rs10457090 variants of OPRM1 gene with opium dependence and their
haplotypes among addicted individuals undergoing methadone treatment. Moreover, we investigated whether any of these
variants were associated with libido dysfunction or insomnia among addicted people. A total of 404 individuals were genotyped
by amplification refractory mutation system (ARMS) PCR. In silico studies were designed through homology modeling of
A118G structures (N40 and D40) and docked with 41 FDA-approved drugs of OPRM1 protein by SWISS-MODEL, COACH,
MolProbity, ProSA, Errat, Glide XP, and Autodock 4. Results revealed that rs495491, A118G, rs589046, and rs10457090 were
significantly associated with opium dependence under recessive (P = 6.66E-10), dominant (P = 0.017), co-dominant (P = 0.001),
and recessive (P = 9.28E-6) models of inheritance, respectively. Further analyses indicated three significant haplotypes including
A-A-A-C (P-permutation < 1E-9), G-G-A-C (P-permutation = 0.04), and G-A-G-C (P-permutation = 8.69E-4). Genotype-
phenotype associations of OPRM1 variants with insomnia and libido dysfunction showed no significant association. Docking
showed the higher binding affinity of N40 rather than D40 model; however, methadone and morphine were bonded with D40
structure more powerful. Consequently, rs495491, A118G, rs589046, and rs10457090 were associated with opioid dependence
among Iranians; also, A118G might be the most remarkable marker of OPRM1 owing to its vital structural roles.
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Introduction

As a chronic and recurrent disease, drug addiction is affected
by the community, family, and individuals (Savage et al.
2008). Over the past 20 years, drug abuse has been grown
by an average of 8%. Given the mean rate of population
growth as 2.63%, drug abuse exceeds population growth by
more than 3 times (RahimiMovaghar et al. 2002). Opiates and
opioids, which are, respectively, the natural and synthetic set
of opium-like analgesics which bind to neural receptors, act
on three groups of opioid receptors including mu, kappa, and

delta (Shippenberg et al. 2009). Maintenance treatment refers
to substituting drugs with other long half-life opioid agonists,
along with reducing the withdrawal symptoms severity
(Amato et al. 2003; Gowing et al. 2009).

Methadone as a synthetic opioid is commonly used for the
maintenance treatment of opium-addicted individuals
(Mattick et al. 2009). In fact, methadone maintenance treat-
ment (MMT) is the first step in drug dependence treatment
(Dole and Nyswander 1965). Like other synthetic drugs,
methadone is also associated with some side effects that re-
duce its clinical use and sometimes lead to cessation of treat-
ment. Libido dysfunction and insomnia are the major reasons
for leaving maintenance treatment in many patients (Eap et al.
2002; Kreek 1973). Our previous works on OPRD1 and
OPRK1 genes and another study on OPRM1 gene have indi-
cated that methadone-consuming patients have libido dys-
function and insomnia problems (Albonaim et al. 2017;
Sharafshah et al. 2017; Wang et al. 2012).

Methadone is a complete agonist of the mu-receptor that
can create cross-tolerance with heroin and other opioids in
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binding to the receptor. As a result, it can reduce withdrawal
symptoms such that the patient can stop consuming opioid
and continue daily works (Athanasos et al. 2006; Bond et al.
1998; Donny et al. 2005; Wolff et al. 1991). Mu-opioid recep-
tors (MORs) have been distributed in many human tissues
such as the brain, spinal cord, sensory neurons, and intestinal
tract (Johnson et al. 2008b). In human, the mu-opioid recep-
tor-encoding gene is located at 6q24-q25 cytogenetic position
(Bart et al. 2005).

Genetic factors are associated with the degree of drug-
induced vulnerability as well as the diversity of individuals in
responding to drug dependence treatment. It has been shown
that in a different population, single nucleotide polymorphisms
(SNPs) of several genes, including those encoding the opioid
receptors and ligands (mu, kappa, and delta), are associated
with drug addiction (Albonaim et al. 2017; Kreek et al. 2012;
Sharafshah et al. 2017). Some studies have reported the associ-
ation ofOPRM1 SNPs with methadone treatment; for instance,
A118G (N40D). It has been demonstrated that OPRM1 SNPs
are related to various types of pain and risk of addiction to
heroin, alcohol dependence, and nicotine enhancement (Deb
et al. 2010; Nishizawa et al. 2006; Oertel et al. 2009; Ray
et al. 2006; Shi et al. 2002). Moreover, specific variants of the
CYP2B6 and OPRM1 (A118G) have been determined in DNA
extracted from people who were died of methadone consump-
tion (Bunten et al. 2010; Bunten et al. 2011).

Since addiction is an important global problem specifi-
cally in Iran, given its increasing consequences in the so-
ciety and family, and considering the high cost of drug
abuse imposed on countries, it is necessary to find better
solutions for this problem. In this regard, screening for
main SNP markers prior to administration of methadone
may help reduce its serious side effects. Libido dysfunction
and insomnia are important determinants of quitting treat-
ment with methadone and are effective factors in the dis-
integration of the family. Thus, the present study aimed to
investigate the association of rs495491, A118G, rs589046,
and rs10457090 with opioid dependence and their haplo-
types, calculate the linkage disequilibrium between these
variants, and determine the association of these SNPs with
libido dysfunction and insomnia among addicted individ-
uals undergoing methadone treatment.

Materials and Methods

Subjects

The sample size of the present study was calculated by PS
software, which is a power and sample-size genetic program
(http://www.mc.vanderbilt.edu/prevmed/ps). All the
participants consented to participate within a process that
was approved by the Ethics Committee for Human Genome/

Gene Research [No. 1930400417]. After matching gender and
age, a total of 202 opium-addicted males undergoing MMT
were selected. Inclusion criteria for the addicted people who
consumed methadone were as follows: age over 18 years,
MMT treatment period of at least 3 months with regular at-
tendance of patients in the last 7 days before sampling (Wang
et al. 2012), lack of concurrent use of other drugs, and lack of
ongoing substance abuse beyond opium. A total of 202
healthy males were chosen from people with no addiction
history by the time of the sampling process. Inclusion criteria
for controls included age over 18 years (to be consistent with
the studied group), no history of drug abuse and any other
types of opioids, no history of drinking alcohol, being male
(to be consistent with the experimental group), no use of drugs
that can affect their sleep and libido, and lack of psychotic
problems. Urine toxicology screens were taken to confirm
the absence of opiates or any other licit drugs. The samples,
who had 18 years old or more, were selected randomly.
Addicted and healthy people submitted written informed con-
sent before blood sampling. Ethnicity is inferred from the
study design. Genomic DNA was extracted from peripheral
blood leukocytes by salting out standard protocol (Miller et al.
1988); and then analyzed using electrophoresis in 1% agarose
gel stained with ethidium bromide. DNA concentrations were
specified using NanoDrop (ND-1000).

Genotyping of OPRM1 Variants

Genotyping of each four studied SNPs ((rs495491, A118G,
rs589046, and rs10457090) was performed by ARMS-PCR
standard procedure (95 °C for 5 min, 95 °C for 30 s, annealing
time (58 °C for rs495491, 56 °C for A118G, 57 °C for
rs589046, and 55.9 °C for rs10457090) for 30 s, 72 °C for
40 se, and 4 °C for 5 min as holding time in 30 total cycles).

Linkage Disequilibrium (LD) Analyses

Pairwise LD coefficients of |D'| and r2 were assessed using
SNPAlyze software version 8.1 (DYNACOM, Japan). LD
analyses were done based on Hardy-Weinberg equilibrium
model.

Haplotype Analysis

To evaluate the association of OPRM1 gene variants with
addiction vulnerability, haplotype analyses were done using
rs495491, A118G, rs589046, and rs10457090 variants for all
study samples. Haplotype analyses among case and control
groups were done according to the maximum-likelihood
method with an expectation–maximization algorithm.
Permutation P values were assumed by comparing haplotype
frequencies between case and control subjects based on
10,000 replications.
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Statistical Analysis

All statistical analyses were done using both SNPAlyze
software (ver.8.1, Dynacom, Japan) and SPSS (ver. 20,
http://www.spss.com/). Allele and genotype frequencies
of the OPRM1 SNPs among control and case groups
were compared and checked using Pearson χ2 statistic.
Moreover, deviations from Hardy–Weinberg equilibrium
(HWE) were tested using a χ2 goodness-of-fit test.
Analyses were also performed assuming recessive, codom-
inant, and dominant models of inheritance and crude odds
ratio (OR), their 95% CI ranges. Furthermore, their corre-
sponding P values were computed by both SNPAlyze and
the Web-Assotest program (http://www.ekstroem.com/).
The analysis of variance (ANOVA) and the unpaired two-
tailed student’s test was done in order to compare clinical
data among study groups or genotypes, quantitatively. The
significance level of the statistical tests was selected to be
less than 0.05. The present study with a total sample size of
404 individuals had a statistical power of more than 90% to
determine an association with P = 0.05 for alleles with
higher than 10% frequency. The IIEF test (to determine
libido dysfunction level) and Insomnia Severity Index
(PSQI, to identify both quality and inability to sleep) were
performed on addicts undergoing methadone treatment.

Homology Modeling, Superimposition,
and Validation of N40D (Asn40Asp)

Considering the significant association of rs1799971
(A118G) with opioid dependence among Iranians, the
mu-type opioid receptor was modeled at A118G (N40D)
missense SNP, and further analyses such as molecular
docking were carried out for both wild-type (N40) and mu-
tant (D40) alleles. Human OPRM1 gene is located on 6q24-
q25A which contains 17 exons (https://www.ncbi.nlm.nih.
gov/). A118G is located in exon 1 of the OPRM1 gene
which causes the normal amino acid at residue number
40, asparagine (Asn), to be changed by aspartic acid
(Asp) (https://www.snpedia.com/index.php/Rs1799971).
In the literature, this SNP is also known as A118G,
N40D, or Asn40Asp. A sequence of the mu-type opioid
receptor with 400 amino acids as the canonical sequence
opted from UniProt (UniProtKB: P35372). Using Blastp,
the best template that had a high degree of sequence simi-
larity (93%) and query cover of 88% with mu-type opioid
receptor was selected (PDB ID: 6DDE) (https://blast.ncbi.
nlm.nih.gov/Blast.cgi). The tertiary structures of human
mu-type opioid receptor in both wild-type and mutant al-
leles (N40D) were modeled by Swiss-Model (Kelley et al.
2015). In the next step, N40 and D40 models were built
after energy minimization through Swiss-PdbViewer
DeepView ver. 4.1.0 software (Guex and Peitsch 1997).

The validation process of modeled structures was done by
MolProbity (Chen et al. 2010), ProSA (Sippl 1993;
Wiederstein and Sippl 2007), and ERRAT (Colovos and
Yeates 1993). For further investigations, superimposition
of N40 and D40 models was performed using PyMol ver-
sion 2.2 (The PyMol Molecular Graphics System, Version
2.2 Schrödinger, LLC).

Molecular Docking

Protein-ligand analysis was performed for structural SNP of
Mu-type opioid receptor (N40D), which showed a remarkable
association with opioid addiction among addicted Iranians.
Docking analysis was done for predicting the plausible alter-
ations considering binding states of 41 FDA-approved drugs
withmu-type opioid receptor includingmethadone, morphine,
buprenorphine, alfentanil, alvimopan, anileridine,
bu torphanol , cannabid io l , ca r fen tan i l , code ine ,
dextropropoxyphene, dezocine, diamorphine, diphenoxylate,
diprenorphine, eluxadoline, ethylmorphine, etorphine, fenta-
nyl, hydrocodone, hydromorphone, levallorphan,
levallorphan, levorphanol, loperamide, methylnaltrexone,
nalbuphine, naldemedine, nalmefene, naloxone, naltrexone,
oxycodone, oxymorphone, pentazocine, pentoxyverine,
pholcodine, pholcodine, sufentanil, tapentadol, tramadol, and
trimebutine. To prepare the ligands for the docking process,
the energy minimization of ligands was performed using
Hyperchem professional tool ver. 8.0.8. The active site of
the mu-opioid receptor was predicted by COACH and
checked with a previous study (Serohijos et al. 2011; Yang
et al. 2012, 2013). The final PDB structure was optimized
to its lowest energy conformation by protein preparation
wizard through removing all water molecules during pre-
processing and missing side chains of residues were
added by a prime. Also, hydrogen atoms were added to
both wild-type and mutant structures according to the
physiological pH (7.4). After allocating charge and pro-
tonation state for optimized potentials for liquid simula-
tions force field (OPLS-2005), energy minimization with
root-mean-square deviation (RMSD) value of 0.30 Å was
performed. The energy minimization of 41 FDA-
approved ligands which specifically bind to Mu-type opi-
oid receptor was performed by the Schrodinger LigPrep
utility. Grid box was designed for predicted active site of
the mu-opioid receptor and generated before Extra-
precision glide docking (Glide XP) (Schrodinger, LLC,
USA). The results of docking with Glide XP were double
checked with Autodock 4 (Morris et al. 2009) for meth-
adone and morphine. Finally, wild-type and mutant com-
plexes with the same ligand were compared to each other
based on their total binding energy and hydrogen bond
(H-b) formation.
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Results

Comparison of OPRM1 Gene Variants in MMT Patients
and Control Group

In the present study, the DNA of 202 addicted male
individuals undergoing MMT and 202 healthy male con-
trols was analyzed to perform the association of OPRM1
gene variants with vulnerability to addiction. Four SNPs
of the OPRM1 were analyzed in 404 study samples.
Allele and genotype distribution frequencies of every
four SNPs in the case and control groups are shown in
Table 1.

The genotype frequencies of rs10457090 in addicted un-
dergoing methadone treatment and healthy people were as
follows: AA 42.5 and 54.5%, AG 27.2 and 39.1%, and GG
30.3 and 6.4, respectively. The analysis results showed that
there was a significant difference in genotype frequencies of
the two groups under a recessive hereditary model (P = 6.66E-
10, OR (95%CI) = 0.16 (0.09–0.30)). The genotype frequen-
cies of A118G in the MMT patients and healthy controls were
as follows: AA 64.4 and 75.2%, AG 28.7 and 16.3%, and GG
6.9 and 8.5%, respectively. The frequency of this missense
variant represented a significant difference between the case
and the control groups in the dominant hereditary model (P =
0.02; OR (95%CI) = 0.59 (0.39–0.91)).
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Table 3 Haplotype analysis of OPRM1 gene polymorphisms between
healthy and MMT individuals

Haplotype overall Case Control P Permutation P

1 A-A-A-C 0.39 0.27 0.50 1.612E-11 1E-10

2 G-A-A-C 0.20 0.23 0.18 0.10 0.17

3 A-A-G-C 0.09 0.11 0.09 0.32 0.39

4 A-G-A-C 0.07 0.07 0.08 0.78 0.80

5 G-G-A-C 0.05 0.07 0.04 0.03 0.04

6 G-A-G-C 0.05 0.08 0.03 8.69E-4 4E-3

Four SNPs (including rs10457090, A118G, rs495491, and rs589046)
used to analyze haplotypes. Six haplotypes with a frequency of more than
0.05% was found. P refer to P value

Table 2 Linkage disequilibrium (LD grid) of OPRM1 gene variants
among healthy individuals

SNP1 SNP2 SNP3 SNP4

SNP1 0.000906 0.007676 0.001621

SNP2 − 0.1139 0.0105 0.003113

SNP3 − 0.3506 0.1084 0.0102

SNP4 0.0994 0.1037 − 1

The upper right triangle is r-square and the lower left triangle is D’-value.
|D'-value| > =1
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For the other two studied SNPs, the genotype frequencies
of rs495491 in the two study groups, MMT patients (AA
57.9%, AG 34.7%, and GG 7.4%), and healthy individuals
(AA 71.8%, AG 26.2%, and GG 2%), indicated a significant
difference under a codominant hereditary model (P = 0.001;
OR (95%CI) = 1.82 (1.28–2.59)). Finally, the genotype fre-
quencies of rs589046 in the two study groups, MMT patients
(CC 65.8%, CT 18.3%, and TT 15.9%) and healthy individ-
uals (CC 89.6%, CT 9.9%, and TT 0.5%) showed a significant
difference under a dominant hereditary model (P = 9.28E-6;
OR (95%CI) = 0.30 (0.18–0.52)).

Linkage Disequilibrium (LD) Data

SNPs that were at a Hardy–Weinberg equilibrium and
had a minor allele frequency higher than 5% were ana-
lyzed using D’ and r2 tests. Among the four studied
SNPs, rs495491 and rs589046 were in an LD block (|D'
value| = 1) in control group, but none of the other SNPs
were in a linkage disequilibrium either in case or control
groups (Table 2). When LD was computed by the more
stringent measure of r2, which also accounts for differ-
ences in allele frequencies, none of the LD structures of
OPRM1 gene SNPs indicated a higher degree of LD
(Table is not shown).

Comparison of Haplotype Frequencies in Case
and Control Group

Haplotype analyses were done with SNPAlyze software.
Among the haplotypes including four SNPs (rs10457090,
A118G, rs495491, and rs589046), there were six haplotypes
with frequencies higher than 5%. Among these haplotypes,
three haplotypes showed significant differences between
MMT patients and healthy controls including haplotypes A-
A-A-C (permutation P < E-12), G-G-A-C (permutation P =
0.04), and allele G-A-G-C (permutation P = 4E-3) (Table 3).

Phenotype–Genotype Sub-analysis Association
ofOPRM1 SNPswith Insomnia and Libido Dysfunction
Among MMT Individuals

Among the 202 addicted subjects, only 82 fully and properly
replied to insomnia and libido dysfunction questionnaires.
The average daily methadone intake in these addicted individ-
uals was 93.05 ± 35.92. Before performing the ANOVA test to
assess the main effects of OPRM1 SNPs on the independent
variables of insomnia and libido dysfunction, by calculating
Pearson’s correlation coefficient, it was found that the demo-
graphic variables of age and the daily dosage of methadone
were not significantly associatedwith the dependent variables.

Table 4 Clinical characteristics of opioid-addicted individuals undergoing methadone treatment according to rs10457090 and A118G genotypings

rs10457090 A118G

AA AG GG P AA AG GG P

Age (years) 47.32 ± 15.63 47.39 ± 17.16 43.83 ± 13.92 0.66 47.19 ± 14.26 43.15 ± 17.32 59.33 ± 13.58 0.18

Age of Onset (years) 30.66 ± 11.47 30.33 ± 13.66 27.78 ± 10.90 0.63 30.09 ± 11.00 27.96 ± 12.21 40.00 ± 19.47 0.23

Methadone Dosage (mg/day) 90.00 ± 31.42 93.89 ± 31.42 97.83 ± 34.11 0.71 91.79 ± 36.47 96.35 ± 37.19 86.67 ± 11.55 0.83

Insomnia 14.18 ± 6.72 16.17 ± 5.32 15.39 ± 6.16 0.50 14.48 ± 6.11 15.69 ± 6.61 17.00 ± 7.00 0.62

Libido dysfunction 25.49 ± 14.73 24.44 ± 9.60 28.09 ± 17.92 0.70 25.89 ± 14.23 24.81 ± 13.52 38.00 ± 30.81 0.34

Data are presented as means ± SD, P values are from independent t-test

FBS fasting blood sugar, SBP systolic blood pressure, DBP diastolic blood pressure

Table 5 Clinical characteristics of opioid-addicted individuals undergoing methadone treatment according to rs495491and rs589046 genotypings

rs495491 rs589046

AA AG GG P CC CT TT P

Age (years) 46.86 ± 16.29 47.11 ± 14.39 30.00 ± 1.73 0.17 43.47 ± 12.47 50.38 ± 16.25 52.60 ± 23.64 0.09

Age of Onset (years) 29.40 ± 12.23 30.94 ± 11.46 21.33 ± 4.04 0.38 27.59 ± 9.38 32.81 ± 12.73 34.60 ± 17.84 0.09

Methadone Dosage (mg/day) 94.07 ± 37.80 92.36 ± 35.14 86.67 ± 23.09 0.93 90.78 ± 38.29 100.0 ± 24.30 90.00 ± 44.72 0.59

Insomnia 16.16 ± 6.41 13.69 ± 6.08 12.67 ± 2.52 0.18 15.73 ± 6.86 13.95 ± 5.26 13.00 ± 4.18 0.34

Libido dysfunction 26.28 ± 14.60 26.31 ± 15.42 18.00 ± 1.00 0.64 27.57 ± 16.74 21.19 ± 9.76 28.00 ± 10.00 0.22

Data are presented as means ± SD, P values refer to independent t-test

FBS fasting blood sugar, SBP systolic blood pressure, DBP diastolic blood pressure
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Based on this result, and to omit their falsifying impacts, the
single-variable analysis of covariance (ANCOVA) was not
utilized. The data considering the main effects of allele and
genotypic levels of the OPRM1 SNPs according to insomnia
and libido dysfunction scores are given in ANOVA reports
shown in Tables 4 and 5. As can be found in these tables,
the one-way ANOVA results revealed that among allelic and
genotypic levels of the four studied SNPs of theOPRM1, none
of them had a significant impact on insomnia or libido dys-
function scores. Accordingly, studied SNPs of the OPRM1
had no impacts on the status of insomnia and libido dysfunc-
tion among addicted males.

Homology Modeling and Superimposition of N40D

Wild-type and mutant alignments of Mu-type opioid receptor
were modeled using SWISS-MODEL. Next, energy minimiza-
tion was performed for both structures by Swiss-PDB viewer
version 4.1.0. The final models of OPRM1 protein at N40 and
D40 were analyzed using ProSA (Z-score: − 3.17 and − 3.62,
respectively) (figures are not shown). Ramachandran plots were
checked for the validation analysis of Mu-type opioid receptor
models by MolProbity, which revealed that 91.96% (N40) and
91.71% (D40) of Mu-type opioid receptor amino acids were in
the desired region (figures are not shown). Also, ERRAT values
were 97.44 and 96.41 for N40 and D40, respectively.
Superimposed structures of both models indicated a significant
difference in their folding (with an RMSD of 5.336 Å between
the two structures). Folding of the initial part of OPRM1 struc-
ture displayed a slightly more tendency to create an alpha-
helical structure in the N40 (beginning from Thr14 and ending
with Ala18 compared with beginning from Cys13 and ending
with Ala16 in D40). Moreover, a short antiparallel beta-sheet
structure (beginning from Lys211 and ending with Asp218)
seemed to be completely distorted in D40 model. Many other
subtle differences can also be observed by precisely comparing
these two structures. These structural deviations from the nor-
mal structure support the idea of dysfunctional behavior of D40
model of OPRM1 (Fig. 1).

Docking Results of N40 and D40 in Complex with 41
FDA-Approved Crugs

According to the DrugBank (https://www.drugbank.ca/), there
were 41 FDA-approved drugs with known pharmacological
action that are characteristically bound to OPRM1 protein.
They were obtained from NCBI PubChem and stabilized
based on their lowest energy by Hyperchem software. Final
docking results of 41 molecules with wild-type and mutant
models of Mu-type opioid receptor were assessed regarding
docking score (DS) (more negative values mean better bind-
ing affinity) and Hb formations (more Hb bonds refer to better
binding status). The best complex of N40 with an agonist

(eluxadoline) indicated stronger binding status (DS = − 7.68,
Hb = 4) compared to the best complex of D40 with an agonist
(Morphine, DS = − 5.95, Hb = 3) (Fig. 2). Also, methadone as
a well-known and key drug in opioid maintenance had a
higher affinity to bind with SNP allele (D40 structure) with
DS = − 3.65 and 1 Hb formation compared with N40 (DS = −
2.89, Hb = 1) (Fig. 3). These results apparently refer to the
critical alterations between the two structures at the N40D site.
Moreover, Autodock results showed that the best conforma-
tion of methadone was in a complex with the D40 model
(Binding Energy (BE) = − 5.64 with no Hb formation) com-
pared with N40 model (BE = − 4.32 kcal/mol without any Hb
formation). Also, morphine had a higher affinity to bind with
D40 structure (BE = − 6.37 kcal/mol with 3 Hb formations)
compared with N40 (BE = − 5.58 kcal/mol with 2 Hb forma-
tions) (figures are not shown).

Discussion

The current study investigated the association of OPRM1
SNPs (rs495491, A118G, rs589046, and rs10457090) with

Fig. 1 Superimposed structure of mu-opioid receptor A118G; N40 as
wild-type (blue) and D40 as mutant (green) demonstrate a remarkable
disparity in the structure of these two conformations (RMSD = 5.336 Å)
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opioid dependence among addicted males undergoing
methadone treatment in an Iranian population. Results re-
vealed that every four studied SNPs had significant asso-
ciations with opioid dependence and further analyses indi-
cated three significant haplotypes and an LD block (be-
tween rs495491 and rs589046 among the control group).
As a sub-analysis, the genotype–phenotype associations of
libido dysfunction and insomnia problems with each SNP
were assessed; however, no statistically significant rela-
tionship was found. In order to find a strong association
between A118G and opioid dependence, in silico investi-
gations were designed through modeling and docking both
models of the mu-opioid receptor at this missense SNP
(N40D) with its 41 specific FDA-approved drugs. This is
the first study with a direct focus on alterations of the
mutant model (D40) compared with the dominant model
(N40) through a genetic point of view for drug designing
and drug prescription.

Abundant studies have been conducted on finding potential
SNPs in the OPRM1 gene that have influences on the addic-
tion risk (Bart et al. 2005; Clarke et al. 2013; Levran et al.
2008; Nielsen et al. 2008; Zhang et al. 2007; Zhang et al.
2006). Wang et al. reported significant associations of
rs495491, rs10457090 (both intronic SNPs), and rs589046

(3’UTR SNP) with libido and insomnia in an MMT cohort
from Taiwan (Wang et al. 2012). Max et al. reported a pattern
of interaction between OPRM1 SNPs and baseline pain based
on baseline mood score in which rs495491 had a significant
association under a recessive model (Max et al. 2006). Also, in
a study of European-Americans, rs495491 was associated
with alcohol dependence (Zhang et al. 2006). Olesen et al.
found a strong association in experimental pain models of skin
heat and visceral pressure between carriage of the common C
allele of rs589046 and poor oxycodone analgesic response
(Olesen et al. 2015). The data of the current study were con-
sistent with the study of Wang et al. but inconsistent with the
work of Max et al.

As the most important SNPwith controversial associations,
A118G plays a crucial role in a remarkable range of symptoms
and diseases from opioid dependence (heroin, codeine, and
morphine), alcohol dependence, analgesia, nausea, and
vomiting (Lu 2015). A118G has been reported to be associat-
ed with heroin and cocaine dependence in some populations
including eastern Indians (A = 0.72 and G = 0.28 vs. A = 0.58
and G = 0.42, among healthy controls and addicted individ-
uals, respectively), and Swedish (A = 0.94 and G = 0.6 vs. A =
0.85 and G = 0.15 among controls and heroin-addicted indi-
viduals, respectively) (Deb et al. 2010; Drakenberg et al.

Fig. 2 The most powerful opioid agonists from 41 FDA-approved drugs
binding with N40 and D40modeled structures of mu-opioid receptor: (A)
3D image of Eluxadoline in binding with N40 (dominant form), (B) 3D
image of best agonist (morphine) in complex with D40, and (C) and D)

represent the 2D images of the binding state of Eluxadoline-N40 and
Morphine-D40 complexes, respectively. These 2D pictures clarify the
hydrogen bonds (arrows) and Pi-Pi stackings (line)
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2006). This result might be linked directly to the dual role of
A118G as a missense SNP in exon 1 and its location, which
has an overlap with transcription factor binding site. In fact,
the missense role of A118G is not well understood and, to the
best of our knowledge, there is only one study that has com-
pared the alterations derived from the amino acid change of
major allele G (Asn) with minor allele A (Asp) (Ahmed et al.
2018). A previous precious study was conducted on modeling
the mu-opioid receptor and revealed the pocket binding of this
receptor through molecular dynamic and then screening for
the leader ligands (Serohijos et al. 2011), but in a genetic point
of view, such in silico studies need to better consider the main
missense SNPs like A118G in mu opioid receptor.

A systematic review and meta-analysis studied the associ-
ation of A118G with opioid dependence through 13 studies.
The review revealed a significant association between this
SNP and susceptibility to heroin dependence in Asians under
a dominant model of hereditary. The study also suggested that
A118G might be a risk factor for addiction to opioids among
Asians (Haerian and Haerian 2013). In contrast, there are
some studies with a lack of association between A118G and
opioid dependence. Nikolov et al. reported no evidence of an
association between A118G and heroin dependence in a
Bulgarian population (allele frequency of A allele was 0.83

among both healthy controls and addicted cases, respectively)
(Nikolov et al. 2011). Corley et al. found A118G neither indi-
vidually significant to the genetic susceptibility of heroin ad-
diction nor a strong LD block (Corley et al. 2008). Studying
on a Caucasian ancestry, Levran et al. found no association
evidence between A118G and drug dependence (Levran et al.
2008). The results of the present study confirmed the data
of Drakenberg et al and Deb et al’s studies. Moreover,
these results are consistent with the meta-analysis by
Haerian’s conducted among Asians. However, the signifi-
cant association of A118G with opioid dependence in the
current study was inconsistent with the findings of
Nicolov, Corley, and Levran et al., probably due to apply-
ing various factors such as unknown gene-gene interac-
tions and environmental effects. Notably, based on 1000
genome project (http://www.internationalgenome.org/ )
and compared to the findings of this study on A118G
allele frequencies among healthy controls (A = 0.81, G =
0.19), Americans (A = 0.8, G = 0.2), Peruvians (A = 0.8, G
= 0.2), Finnish (A = 0.82, G = 0.18), and Tuscanians (A =
0.82, G = 0.18) had similar allele frequencies and East
Asians (A = 0.61, G = 0.39), South Asians (A = 0.58, G
= 0.42), and Bengalis (A = 0.56, G = 0.44) showed major
differences in allele frequencies.

Fig. 3 Methadone binding with N40 and D40 modeled structures of mu-
opioid receptor: (A) 3D structure of Methadone bond with N40 (domi-
nant form), (B) 3D structure of Methadone-D40 complex, and (C) and

(D), respectively, refer to the 2D images of the binding state of
Methadone in complex with N40 and D40 models. Hydrogen bonds
(arrows) and Pi-Pi stacking (line) are shown in the 2D images (C and D)
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Interestingly, A118G location in exon 1 has a noticeable
overlap with transcription factor-binding site, using in silico
tools, it has been predicted that this structural RNA SNP
(srSNP) might fail the binding site of three transcription fac-
tors and generate two novel sites (such as a p53 site) (Pang
et al. 2009). This difference could be a potential explanation
for alterations in expression by cis-acting factors. This in silico
finding has been tested in the other experimental studies
representing the G allele has an important impact on folding
changes led to mRNA stability (Johnson et al. 2008a; Zhang
et al. 2005).

Based on the current findings through modeling,
superimposed structures of wild-type (N40) and mutated
(D40) forms of mu-type opioid receptor demonstrated a no-
ticeable disparity between these two conformations. Docking
with 41 FDA-approved drugs showed the higher affinity of
ligand binding in N40 structure compared with the D40 mod-
el; however, the complex of D40-methadone was more stable
than N40-methadone. This result might be helpful in the pre-
scription of methadone for a population with a dominant as-
sociation like Iranians who need more daily dosages of meth-
adone. For a deeper and better prescription, genotyping of
A118G as a remarkable marker is highly recommended
among Iranians and other ethnicities with significant associa-
tions. Another advantage of this dual modeling and investi-
gating a missense SNP structure is directly and undoubtedly
linked with drug designing, where a novel ligand with poten-
tial affinities to bind with both wild-type and mutant forms of
a key missense SNP like A118G could cover the genotyping
process by its nearly identical binding power to both kinds of
structures.

This study had some limitations such as its sample size
and the number of studied SNPs in OPRM1 that need to be
noticed in the same future studies. In addition, investigat-
ing the association of A118G with opioid dependence in
other populations is highly recommended. In conclusion,
OPRM1 gene variants and their involving haplotypes
might play a key role in opioid dependence. Thus, it should
be considered more specifically to find its main marker
SNPs in association studies followed by in silico and fur-
ther complementary experimental processes. At a glance,
A118G has proved its critical roles in association and in
silico studies; thus, it would be better to be considered as
the most important SNP marker of the OPRM1 gene.
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