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Abstract. Over 116 million people worldwide have chronic pain and prescription dependence [1]. In the 
US, opioids account for the majority of overdose deaths, and in 2014, almost 2 million Americans abused 
or were dependent on prescription opioids [2,3]. Genetic factors may play a key role in opioid prescription 
addiction. Herein, we describe genetic variations between opioid addicted and non-addicted populations 
and derive a predictive model determining risk of opioid addiction. This case cohort study compares the 
frequency of 16 single nucleotide polymorphisms involved in the brain reward pathways in patients with 
and without opioid addiction. Data from 37 patients with prescription opioid or heroin addiction and 
thirty age and gender matched controls were used to design the predictive score. The predictive score was 
then tested on an additional 138 samples to determine generalizabilty. Results for Method Derivation of 
Observed data: ROC statistic=0.92 , sensitivity=82% (95% CI: 66-90), specificity=75% (95% CI:56-87). 
TreeNet “learn” data: ROC statistic=0.92, sensitivity=92%, specificity=90%,precision=92%, and overall 
correct=91%. Results of Generalizability data:  Sensitivity=97% (95% CI: 90 to 100), specificity=87% 
(95% CI:86 to 93), positive likelihood ratio=7.3 (95% CI: 4.0 to 13.5), and negative likelihood ratio=0.03 
(95% CI:0.01 to 0.13). This negative likelihood ratio can be used as an evidence based measure to exclude 
patients with a high risk of opioid addicition or substance use disorder. By identifying patients with a lower 
risk for opioid addiction, our model may inform therapeutic decisions.

Introduction

Over 116 million people worldwide have chronic 
pain and prescription drug dependence [1]. In the 
US, opioid abuse accounts for the majority of over-
dose deaths, and in 2014, almost 2 million 
Americans abused or were dependent on prescrip-
tion opioids [2,3]. The majority of drug overdose 
deaths (more than six out of ten) has an opioid as 
its root cause.4  Since 1999, the number of deaths 
involving opioids overdoses (including prescription 
opioid pain relievers and heroin) nearly quadrupled 
[5]. Results from one recent study demonstrate a 
parallel relationship between the availability of opi-
oids through legitimate prescription channels and 
adverse outcomes secondary to diversion and abuse 
[6].  From 2000 to 2014 nearly half a million peo-
ple died from drug overdoses. According to the 
Centers for Disease Control and Prevention 

(CDC), approximately 100 Americans died from 
overdose every day in 2010 [7]. Prescription drugs 
were involved in more than half of the 38,300 over-
dose deaths that year, and opioid pain relievers were 
involved in over 16,600 of these deaths [8]. 

It is estimated 1 out of 5 patients with diagnoses 
that pertain to non-cancer pain or pain-related 
symptoms are prescribed opioids in office-based 
settings [9]. During the period from 2007-2012, 
the rate of opioid prescribing steadily increased 
among specialists who typically treat acute and 
chronic pain patients. Prescribing rates were the 
highest among pain medicine (49%), surgery 
(37%), and physical medicine/rehabilitation 
(36%). However, primary care providers accounted 
for about half of opioid pain relievers filled at the 
pharmacy counter [9]. In terms of demographics, 
some additional studies have shown that older 
adults (aged 40 years and older) are more likely to 
use prescription opioids than adults aged 20-39. 
Women are more likely to use prescription opioids 
than men. Non-Hispanic whites are more likely to 
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use prescription opioids than Hispanics. There are 
no significant differences in prescription opioid use 
between non-Hispanic whites and non-Hispanic 
blacks [9,10]. 

Research probing the genetic risk to opioid depen-
dence is not new.  In 1998 studies of probands with 
substance related disorders and their family mem-
bers reported significant associations between vari-
ous drug groups and their genetic and environmen-
tal determinants of dependence [12]. These older 
studies provided evidence to determine the extent 
of genetic contribution to dependence through es-
timation of heritability factor (h2) [12,13]. The 
heritability is characterized by three types of fac-
tors: genetic factors (A), shared family environmen-
tal factors (C), and random or unique environmen-
tal factors (E) [14,15]. 

Yet genetic factors which may play a key role in 
opioid prescription addiction are generally not 
evaluated in clinical practice. We believe a subset of 
patients with chronic pain are genetically predis-
posed to opioid dependency. 

Materials and Methods

Diagnosis. For the purpose of this study, opioid addic-
tion is defined as: a past history of sustained, illicit opi-
oid use for at least one year, and more then one failure of 
medication-assisted treatment e.g. methadone, naltrex-
one, or buprenorphine (Suboxone).   The Diagnostic and 
Statistical Manual of Mental Disorders, Fifth Edition 
(DSM-5), no longer uses the terms substance abuse and 
substance dependence, rather it refers to substance use 
disorders [16]. These disorders are catergorized in sub-
types of varying severity.  The criteria used for these clas-
sifications are subjective, relying on patient report and 
disease scoring.  Thus,  the diagnoses were not used to 
exclude misclassification bias from our models.

All procedures performed in this study involving human 
participants were in accordance with informed consent 
and with the ethical standards of the institutional and/or 
national research committee and with the 1964 Helsinki 
declaration and its later amendments or comparable 
ethical standards.

Genotyping. Genomic DNA was extracted from buccal 
swabbed specimens and genotyped by AutoGenomics 
using INFINITI® Plus System and Neuropath Panel 
(For Research Use Only). On the INFINITI platform, 

Table 1. Neuropath panel relevant genes and respective SNPs

No   Gene   Gene Description     SNP ID    MAF

1 5-HTR2A  Serotonin 2A Receptor   rs7997012  A=0.2728
2 5-HTTLPR  Serotonin Transporter   rs25531   C=0.1376
3 COMT  Catechol-O-Methyltransferase  rs4680   A=0.3692
4 DRD2  Dopamine D2 Receptor   rs1800497  A=0.3257
5 DRD1  Dopamine D1 Receptor   rs4532   C=0.2446
6 DRD4  Dopamine D4  Receptor   rs3758653  C=0.2476
7 DAT1  Dopamine Transporter   rs6347   C=0.2985
8 DBH  Dopamine Beta Hydroxylase  rs1611115  T=0.2127
9 MTHFR  Methylene Tetrahydrofolate Reductase rs1801133  A=0.2454
10 OPRK1  Kappa Opioid Receptor   rs1051660  A=0.1144
11 GABA  Gamma-Aminibutyric Acid (GABA) rs211014   A=0.3546
12 OPRM1  Mu Opioid Receptor   rs1799971  G=0.2234
13 MUOR  Mu Opioid Receptor   rs9479757  A=0.0805
14 GAL  Galanin     rs948857  C=0.3187
15 DOR  Delta Opioid Receptor   rs2236861  A=0.1362
16 ABCB1  ATP Binding Cassette Transporter 1  rs1045642  A=0.3952
    (ABCB1) 

Note: All gene descriptions are for Homo saipiens (human) genes and were obtained from the National Center for 
Biologic Information Gene Database (https://www.ncbi.nlm.nih.gov/gene/).   
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Table 2. Decision point (cutoff) at 27 for high NPV.

    Disease        
Test    Present   N  Absent  N  Total

Positive   True Positive  a=70   False Positive c=28          a + c = 98
Negative   False Negative  b= 0  True Negative d=40           b + d = 40
Total       a + b = 70    c + d = 68

Results
Statistic    Value   95% CI

Sensitivity   100.00%  94.87% to 100.00%
Specificity   58.82 %   46.23% to 70.63%
Positive Likelihood Ratio  2.43   1.83 to 3.23
Negative Likelihood Ratio  0.00  
Disease prevalence  50.72% (*) 42.09% to 59.33%

Table 3. Decision point (cutoff) at 27 for high NPV.

    Disease        
Test    Present   n  Absent  N  Total

Positive   True Positive  a=68   False Positive c=9          a + c = 77
Negative   False Negative  b=2   True Negative d= 59          b + d = 61
Total       a + b = 70    c + d = 68  

Results
Statistic    Value   95% CI

Sensitivity   97.14%   90.06% to 99.65%
Specificity   86.76 %   76.36% to 93.77%
Positive Likelihood Ratio  7.34   3.99 to 13.51
Negative Likelihood Ratio  0.03   0.01 to 0.13
Disease prevalence  50.72% (*)  42.09% to 59.33%
Positive Predictive Value  88.31% (*)  78.97% to 94.51%
Negative Predictive Value  96.72 % (*)  88.65% to 99.60%

Table 4. Decision point (cutoff) at 77 for high PPV.

    Disease        
Test    Present   n  Absent  N  Total

Positive   True Positive  a=51   False Positive c=0            a + c = 51
Negative   False Negative  b= 19  True Negative d= 68          b + d = 87
Total       a + b = 70    c + d = 68  
 
Results
Statistic    Value   95% CI

Sensitivity   72.86%   60.90% to 82.80%
Specificity   100.00 %  94.72% to 100.00%
Positive Likelihood Ratio    
Negative Likelihood Ratio  0.27   0.18 to 0.40
Disease prevalence  50.72% (*)  42.09% to 59.33%
Positive Predictive Value  100.00% (*)  93.02% to 100.00%
Negative Predictive Value  78.16 % (*)  68.02% to 86.31%
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dual levels of specificity are achieved by the multiplexing 
PCR and analyte specific primer extension (ASPE) pro-
cesses. Target regions of relevant genes were amplified 
and the amplicons served as templates for the ASPE, 
during which, fluorescent-labeled nucleotides were in-
corporated for signal amplification. Subsequently, ASPE 
primers were captured via hybridization of the primer's 
Tag-region with the anti-Tag oligonucleotides addressed 
on the BioFilmChip. The microarray was washed, dried, 
and scanned for data analysis using the INFINITI sys-
tem.  We genotyped sixteen single nucleotide polymor-
phisms: 5-HTR2A (rs7997012), 5-HTTLPR (rS25531), 
COMT (rs4680), DRD2 (rs1800497), DRD1(rs4532), 
DRD4 (rs3758653), DAT1 (rS6347), DBH 
(rs1611115), MTHFR (rs1801133), OPRK1 
(rs1051660), GABA (rs211014), OPRM1 (rs1799971),  
MUOR (rs9479757), GAL (rs948854), DOR 
(rs2236861) and ATP-BCT (rs1045642) (SNPs see 
Table 1) involved in the brain reward pathways in pa-
tients with and without opioid addiction. Data were 
modeled with TreeNet 10-fold cross validation (Salford 
Systems, San Diego, CA), and generated a weighted 
score. 

Study Population. Thirty-seven patients diagnosed with 
prescription opioid or heroin addiction and thirty age 
and gender matched controls were used to derive the 
predictive score. Generalizability of the model was tested 
on an additional 138 samples not included in the origi-
nal learning set.  These additional samples were used to 
calculate  sensitivity, specificity, Positive Likelihood 

Ratio (PLR), Negative Likelihood 
Ratio (NLR),  Positive Predictive 
Value (PPV) and Negative 
Predictive Value (NPV) for the 
NeurR algorithm.  Three decision 
points or cutoff marks were calcu-
lated corresponding to clinical 
screening for a high NPV, bal-
anced testing, and a high PPV. 

Exposures. Presence of SNPs 
known to be involved in the brain 
reward pathways.

Outcomes. Diagnosed prescrip-
tion opioid or heroin addiction.

Statistics. Data modeling was 
performed with TreeNet 10-fold 
cross validation software (Salford 
Systems, San Diego, CA).  
External test performance charac-
teristics determined using the 

clinical calculator on VassarStats (http://vassarstats.net/
clin1.html).  

Results

Method Derivation (TreeNet regressional analy-
sis): Observed data: ROC statistic=0.92 , sensitivi-
ty=82%(95% CI: 66-90), specificity=75% (95% 
CI:56-87), positive predictive value=78%(95% CI: 
61-89), and negative predictive value=80%(61-92). 
TreeNet “learn” data: ROC statistic=0.92, sensitiv-
ity=92%, specificity=90%, precision=92%, and 
overall correct=91%. TreeNet “test” data: ROC sta-
tistic=0.80, sensitivity=72%, specificity=80%, pre-
cision=82%, and overall correct=77%. Variable 
ranking showed important SNPs associated with 
opioid drug/heroin addiction include: OPRM1 
(rs1799971), 5-HTR2A (rs7997012) and DRD2 
(rs1800497).

Generalizability (test performance): 
Sensitivity=97% (95% CI: 90 to 100), specifici-
ty=87% (95% CI:86 to 93), positive likelihood ra-
tio=7.3 (95% CI: 4.0 to 13.5), negative likelihood 
ratio=0.03 (95% CI:0.01 to 0.13), disease preva-
lence=50%, positive predictive value=88% (95% 
CI:79 to 95), negative predictive value=97% (95% 
CI:89 to 100) (Tables 2-4).
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Discussion

The Neuro Response (NeurR) prediction algorithm 
and score may be useful for prescription opioid ad-
diction risk assessment. The negative likelihood ra-
tio of 0.03 represents the utility of the score in pre-
dicting a low risk of developing opioid addition, as 
defined in this study. The three blue dots (normal) 
among the red (disease) dots on Figure 1 may rep-
resent high risk individuals who have not been ex-
posed to opiates.  By identifying patients with a low 
risk for opioid addiction, as well as providing the 
mutation(s) status of the cytochrome p450 genes 
linked to pain drugs, physicians will have more in-
formation to improve therapeutic treatment plans. 
The improved treatment plans underscore the clini-
cal utility and importance of the algorithm in help-
ing patients.  Patients would be able to start a pain 
medication or not start one, guided by their own 
genetic composition. These types of predictive risk 
scores may also foster tailored medical detoxifica-
tion regimens and reduce drug related adverse 
events for patients. Yet the use of genetic algorithms 
to determine predictive risk scores is still a relativey 
new science [17].  Prospective, longitudinal studies 
are needed to better define the breadth of the test’s 
importance. 

Decreasing the negative outcomes of addiction is 
essential to improve the morbidity and mortality 
associated with the use of opioids.  Patients who 
require opioids for their pain management should 
have access to them from their prescribing physi-
cian with appropriate safety measures. These pa-
tients and physicians can make more informed 
treatment plan decisions if they know the patients’ 
genetic risk for opioid addiction.  An opioid regi-
men that is right for one patient may not be right 
for someone else.  One size does not fit all in this 
paradigm.  Limitations of this study include broad 
generalizability outside of this disease population. 
Additional research focused on predictive outcome 
modeling in opioid and non-opioid addiction and 
dependency is needed.  
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