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Although there is evidence that opioid dependence (OD) is heritable, efforts to identify genes contributing to
risk for the disorder have been hampered by its complex etiology and variable clinical manifestations. De-
composition of a complex set of opioid users into homogeneous subgroups could enhance genetic analysis.
We applied a series of data mining techniques, including multiple correspondence analysis, variable selection
and cluster analysis, to 69 opioid-related measures from 5390 subjects aggregated from family-based and
case–control genetic studies to identify homogeneous subtypes and estimate their heritability. Novel aspects
of this work include our use of 1) heritability estimates of specific clinical features of OD to enhance the her-
itability of the subtypes and 2) a k-medoids clustering method in combination with hierarchical clustering to
yield replicable clusters that are less sensitive to noise than previous methods. We identified five homoge-
neous groups, including two large groups comprised of 762 and 1353 heavy opioid users, with estimated her-
itability of 0.69 and 0.76, respectively. These methods represent a promising approach to the identification of
highly heritable subtypes in complex, heterogeneous disorders.

Published by Elsevier Ltd.
1. Introduction

Opioid dependence (OD) is a serious, prevalent disorder and the
number of people using opioids in the United States has been increas-
ing since 1990 (Anthony, Warner, & Kessler, 1994; Regier et al., 1990;
Substance Abuse and Mental Health Services Administration, 2007).
In 2006, 0.8% of Americans aged 12 or older met criteria for a lifetime
opioid use disorder and 0.4% were treated for an opioid-related prob-
lem in the past year (Substance Abuse and Mental Health Services
Administration, 2007).

The etiology of OD is complex andmultifactorial with a substantial
heritable component (Gelernter et al., 2006; Kendler, Jacobson,
Prescott, & Neale, 2003; Saxon, Oreskovich, & Brkanac, 2005). Howev-
er, the heterogeneous phenotype defined by the DSM-IV diagnosis of
OD (American Psychiatric Association, 1994) does not lend itself
readily to gene finding (Gelernter et al., 2006). Thus, the identifica-
tion of valid and homogeneous subgroups based on opioid use and re-
lated behaviors can refine the phenotype and enhance genetic
analysis. This subtyping approach could facilitate the development
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of new treatments targeted to specific subgroups, enhancing person-
alized care (Chan, Gelernter, Oslin, Farrer, & Kranzler, 2011; Gelernter
et al., 2006; Kranzler et al., 2008; Sabb et al., 2009). In the present
study, we sought to identify opioid use subgroups that 1) differed sig-
nificantly on clinical features and 2) demonstrated high heritability.
Heritability is the ratio of additive genetic variance to the total pheno-
typic variance within a population (Bell, 1977). Although the herita-
bility of a trait reflects the genetic contribution to that trait in the
population, it cannot be directly applied to estimate the likelihood
that an individual in that population will have the trait.

Empirical subtyping approaches rest on theories that emphasize
the multifaceted nature of substance use and related behaviors
(Basu, Ball, Feinn, Gelernter, & Kranzler, 2004; Moss, Chen, & Yi,
2007). Due to the complexity of these phenomena, empirical sub-
typing approaches have outperformed traditional methods of sub-
typing (Ball, Carroll, Babor, & Rounsaville, 1995; Epstein, Labouvie,
McCrady, Jensen, & Hayaki, 2002). Although a variety of univariate
empirical subtyping approaches have been used (Ball et al., 1995;
Craig & Olson, 1992), multivariate cluster analysis has been the meth-
od of choice to subtype substance dependence (Chan et al., 2011;
Gelernter et al., 2005, 2006; Kranzler et al., 2008). This approach
has been used successfully to identify subtypes of cocaine depen-
dence (CD) (Kranzler et al., 2008) and opioid dependence (OD)
(Chan et al., 2011). These subtypes allowed the identification of
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promising candidate regions in genome-wide linkage scans for CD
(Gelernter et al., 2005) and OD (Gelernter et al., 2006). The approach
used a range of cocaine or opioid use behaviors to which k-means
(Seber, 1984), a classic non-hierarchical clustering method, was ap-
plied in combination with a hierarchical clustering method (Hastie,
Tibshirani, & Friedman, 2001) based on Ward's aggregation criterion.
However, because the k-means method is an iterative procedure ini-
tialized with randomly chosen cluster centers, it is sensitive to out-
liers, with different initialization known to yield different clusters.
Cross tagging multiple k-means mitigates this problem, but does not
guarantee the creation of replicable subgroups.

The current study was designed to address the limitations of prior
studies, including our own. This effort consisted in revising the statis-
tical analytic approach to include a variable selection step that iden-
tifies the characteristic features of opioid use and related behaviors
that are most likely to be heritable to guide the creation of clusters.
The analytic approach also replaced the multiple k-means method
with a number of random initiations by the k-medoids method with
a deterministic initiation, thus ensuring the replicability of the resul-
tant clusters.

2. Method

2.1. Subject recruitment

A total of 5390 subjects were aggregated from family-based and
case–control genetic studies of DSM-IV OD and CD (American
Psychiatric Association, 1994). Subjects were recruited at five sites:
the University of Connecticut Health Center (n=2224), Yale Univer-
sity School of Medicine (n=2210), the University of Pennsylvania
School of Medicine (n=477), McLean Hospital (n=258) and the
Medical University of South Carolina (n=221). The institutional re-
view board at each site approved the protocol and informed consent
forms. The National Institute on Drug Abuse provided a Certificate
of Confidentiality. Subjects were paid for their participation.

The sample set included 3328 unrelated individuals and 2062
subjects from 864 small nuclear families, including all of the 4061
participants in the study by Chan et al. (2011). Of the families, 356
(41.2%) had ≥2 members with OD, including 229 families (26.6%)
with ≥2 members having both OD and CD. Overlapping these were
701 (81.3%) families with ≥2 members with CD [thus 327 (37.9%)
of the CD families had ≥2 members with CD but not OD]. Additional-
ly, 54 (6.3%) families had only one affected member. Viewed differ-
ently, there were 864 probands, 1073 siblings, 95 parents, and 30
other family members from family-based studies, and 2685 subjects
with OD and/or CD and 643 controls from case–control studies. Pedi-
gree information was obtained for all small nuclear families that were
recruited. Control subjects were screened to exclude those with a life-
time substance use disorder. Subjects with a clinical diagnosis of a
psychotic disorder or gross cognitive impairment were excluded.

The majority of subjects (57.3%) were never married, 27.5% were
widowed, separated, or divorced, and 15.2% were married at the
time of the interview. The self-reported ethnic/racial distribution of
the sample was 46.6% African-American (AA), 35.4% European-
American (EA), 9.4% Hispanic, and 8.6% Native American, Pacific
Islander or members of other minority groups. With respect to the
level of education, 5.4% completed grade school only; 34.8% had
some high school, but no diploma; 27.9% had completed high school;
and 31.9% received education beyond high school.

2.2. Assessments

Subjects were assessed with the semi-structured assessment for
drug dependence and alcoholism (SSADDA), a computer-assisted in-
terview that yields lifetime DSM-IV diagnoses of substance use and
most Axis I psychiatric disorders, as well as antisocial personality
disorder (Pierucci-Lagha et al., 2005, 2007). It includes a specific sec-
tion dedicated to the diagnosis of OD. The test–retest and inter-rater
reliabilities of the SSADDA diagnosis of OD were excellent, with
κ=0.94 and 0.91, respectively (Pierucci-Lagha et al., 2005).

More than 43% of the subjects (2320) had a lifetime DSM-IV diagno-
sis of OD (1404men and 916women). The threemost commondiagno-
ses were CD (76.5%), nicotine dependence (62.4%) and alcohol
dependence (46.2%). Major depressive episode (MDE) was the most
common psychiatric disorder (15.6%), followed by posttraumatic stress
disorder (PTSD) (14.6%), antisocial personality disorder (ASPD) (12.7%)
and pathological gambling (8.8%). Generalized estimating equations
(GEE) Wald Type 3 χ2-tests with Bonferroni correction for multiple
comparisons showed that men were significantly more likely than
women to have a diagnosis of dependence on cocaine (χ2

(1)=39.3,
pb0.001), alcohol (χ2

(1)=72.3, pb0.001), opioids (χ2
(1)=61.7,

pb0.001) and other substances (χ2
(1)=69.1, pb0.001), antisocial per-

sonality disorder (ASPD) (χ2
(1)=121.9, pb0.001) and compulsive

gambling (χ2
(1)=112.4, pb0.001).Womenweremore likely to receive

a diagnosis of amajor depressive episode (χ2
(1)=95.1, pb0.001), post-

traumatic stress disorder (PTSD) (χ2
(1)=41.5, pb0.001), obsessive–

compulsive disorder (OCD) (χ2
(1)=18.8, pb0.001), agoraphobia

(χ2
(1)=60.2, pb0.001) and panic disorder (χ2

(1)=35.5, pb0.001).

2.3. Measures

The opioid drug section of the SSADDA contains 23 questions on
(1) age of onset, frequency, and intensity of opioid use; (2) route of
opioid administration; (3) occurrence of psychosocial and medical
consequences of opioid use; (4) attempts to quit opioid use; and (5)
opioid treatment history, resulting in 220 variables. A previous
study by Chan et al. (2011) using a subset of the sample used in the
present study identified key questions in this section for the purpose
of subtyping opioid use and related behaviors. Those features were
based on the apparent clinical utility of the features as discriminators
of opioid-use-behavior subtypes (Chan et al., 2011).

Supplementary Tables 1 and 2 provide a complete list of the 69
key variables from the OD section of the SSADDA, which were used
to generate clusters. Demographics and other substance use and
psychiatric variables and disorders obtained from the SSADDA inter-
view, together with heritability estimates, were used to evaluate the
validity of the clusters.

The majority (i.e., 55) of the 69 key variables were categorical,
with four possible response categories: “yes”, “no”, “obligate no”,
and “missing.” For the 5390 participants, complete data were avail-
able for 98.93% of the entries for the 69 key variables. Fifteen of the
key variables asked about the signs and symptoms that a subject
experienced when he/she stopped, reduced, or went without opioids.
Using “yes-or-no” questions, respondents were asked whether they
had ever experienced the 15 withdrawal symptoms (“ever occur”
symptoms) and whether two or more symptoms occurred together
(“occur together” symptoms). If participants never tried to stop or
reduce their opioid use, these variables were scored as “obligate
no.” Our previous subtyping efforts (Chan et al., 2011; Gelernter et
al., 2005, 2006; Kranzler et al., 2008) used the set of “ever occur”
withdrawal variables. In the present study, based on the analysis
described below, we used the “occur together” withdrawal variables.

2.4. Data analysis

Our analysis comprised three steps (see Supplementary Fig. 1):
data reduction, cluster analysis, and heritability estimation. First, we
used variable selection (Guyon & Elisseeff, 2003) and multiple corre-
spondence analysis (MCA) (Abdi & Valentin, 2007; LeRoux & Rouanet,
2009; Murtagh, 2007) to reduce the large number of variables. In the
variable selection step, we focused on the selection of withdrawal
signs and symptoms, which was the largest subset of variables in



Table 1
Comparison of the MCA dimensions for “ever occur” and “occur together” opioid with-
drawal symptoms.

MCA dimension “Ever occur”
symptoms

“Occur together”
symptoms

Firsta Secondb Thirdc Firsta Secondb Thirdc

Percent age of total
variance explained

33.3 33.0 20.5 30.4 26.7 23.8

Variance in subjects
without lifetime OD

0.376 1.45 0.416 0.035 0.913 0.053

Variance in subjects
with OD

0 0.382 0.748 0.354 0.502 0.818

Heritability 0.60 0 0.03 0.75 0.002 0.06

MCA, multiple correspondence analysis; OD, opioid dependence.
a The first MCA Dimension is the factor that explains the largest percentage of sam-

ple variance in the 69 OD variables.
b The second MCA dimension is the factor that explains the largest percentage of

variance remaining after that explained by the first dimension is removed.
c The third MCA dimension is the factor that explains the largest percentage of the

variance remaining after that explained by the first and second dimensions is removed.
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the analysis. The MCA data reduction approach is similar to principal
components analysis but it compacts categorical (rather than contin-
uous) data to a lower-dimensional space (Greenacre & Hastie, 1987).
The retained principal dimensions are those that explain substantial
variance in the data. The output of MCA comprised the coordinates
of the retained dimensions for each of the 5390 subjects. MCA was
first used to find the principal dimensions for the 15 “occur together”
symptoms and the 15 “ever occur” symptoms, respectively. The
variability and heritability of these two sets of principal dimensions
were compared to select between the two sets of variables. MCA
was then applied to all of the 69 selected variables to reduce the
data dimension. The number of dimensions retained was guided by
the Benzécri adjusted cumulative percentage, showing the percent-
age of variance explained by the retained dimensions (Benzecri,
1992).

Second, we used cluster analysis, which groups similar subjects to-
gether based on their clinical features, to create clusters of subjects. In
the present study, we combined the k-medoids clustering method
(Kaufman & Rousseeuw, 1990; Theodoridis & Koutroumbas, 1999;
van der Laan, Pollard, & Bryan, 2003) consecutively with agglomera-
tive hierarchical clustering (Calinski & Harabasz, 1974; Day &
Edelsbrunner, 1984; Milligan, 1979; Tan, Steinbach, & Kumar, 2006).
The k-medoids method first partitioned the subjects into 100 inter-
mediate clusters. Then hierarchical clustering was used to merge
the intermediate clusters to form a hierarchy of clusters based on
Ward's aggregation criterion, yielding a dendrogram and statistics
such as cubic clustering criterion (CCC), R2, pseudo F and pseudo t2,
which guided the determination of the final number of clusters. To
produce more reliable clusters, the clustering approach used here dif-
fers in a number of ways from the k-means approach of Chan et al.
(2011). Specifically, rather than using the average of subjects in a
cluster as the cluster centroid, the k-medoids method groups data
by finding the most representative subjects to serve as cluster cen-
troids. Thus, the subject whose measures were the closest (having
the least sum of distances) to the measures of all other subjects was
selected as the first representative (Kaufman & Rousseeuw, 1990).
Subsequently, subjects were selected to increase the within-cluster
similarity until k representative subjects were chosen as the initial
cluster centroids. Once the initialization was completed, k-medoids
iteratively exchanged selected representatives with unselected ones
to improve the within-cluster similarity.

We used SAS 9.2 (SAS Institute Inc., 2008) to conduct the data re-
duction and cluster analysis, and the partitioning around medoids
(PAM) package in the R language (Calinski & Harabasz, 1974;
Kaufman & Rousseeuw, 1990) for the k-medoids method. After deter-
mining the final number of clusters, we characterized the resultant
clusters using 33 variables reflecting demographics, opioid use be-
haviors, and related non-opioid use behaviors. The characteristics of
each cluster were used to label the clusters. GEE Wald Type 3 χ2-
tests were used to determine whether the clusters differed signifi-
cantly on these variables. We used Bonferroni correction (pb0.05/
33=0.0015) to avoid inflating the Type I error rate.

To estimate the heritability of each of the clusters, logistic regres-
sion was first used to construct a classifier to separate subjects in each
of the different clusters. The resultant classifier, as a function of the 69
measures of opioid use and related behaviors, calculated the likeli-
hood that each subject belonged to a specific cluster. The log likeli-
hood of 4964 subjects from EA and AA populations with 1805 of
them from multi-member families was submitted to Sequential
Oligogenic Linkage Analysis Routines (SOLAR) (Almasy & Blangero,
1998) software together with pedigrees to estimate the heritability
of the cluster-derived trait. Including singleton cases together with
multi-member families in the heritability estimation helped to cor-
rect the bias in the family-based sample due to the ascertainment
method and is the preferred approach (Almasy & Blangero, 1998).
Sex, age, and race were used as covariates in the heritability estimate.
3. Results

Because few participants endorsed each of the individual “ever
occur” and “occur together” withdrawal symptoms, we reduced
these sparse variables into fewer principal dimensions using MCA.
Table 1 shows the first three MCA dimensions that together explain
more than 80% of the variance for both the “ever occur” and “occur to-
gether” symptoms. The three dimensions were evaluated for all
subjects.

Only the first MCA dimension for each of the two variable sets
showed substantial heritability, with this dimension of the “occur to-
gether” symptoms being more informative than the “ever occur”
symptoms. Further, because the first MCA dimension for the “ever
occur” symptoms did not vary among individuals with lifetime OD
it did not help to differentiate the OD subtypes. On this basis, we
chose to use the 15 “occur together” symptoms in the cluster analysis
in conjunction with 54 previously selected variables (listed in Supple-
mentary Tables 1 and 2). The MCA reduced the total 69 categorical
variables to 10 continuous dimensions, explaining over 99% of the
variance.

The k-medoids cluster analysis partitioned the 5390 subjects into
100 mutually exclusive clusters based on the 10 MCA output dimen-
sions. The hierarchical clustering method aggregated the 100 clusters
into a hierarchy from 1 to 100, producing a dendrogram with pseudo
F and t2 statistics. These statistics suggested that between 3 and
8 clusters were optimal for this sample. In the final step, we visually
inspected the features of the clusters to identify the clinically differ-
ent characteristics of the clusters. Five mutually exclusive clusters
were finally identified. As shown in Table 2, these clusters (subtypes)
differed significantly on age, sex, race, education and marital status.
Specifically, Groups 2–5 included significantly more men than
women and these groups were less educated than Group 1. Group 5
had the lowest level of education. Groups 3 to 5 included a signifi-
cantly higher proportion of EAs than the other two groups and
Group 5 had the fewest married participants.

3.1. Opioid use and related behaviors by subgroup

We evaluated the validity of our five-cluster solution by compar-
ing the clusters on the lifetime prevalence of substance use and psy-
chiatric disorders (Table 3) and on opioid-related features (Table 4),
as summarized below.

3.1.1. Non-opioid users (Group 1)
Of these 2,756 individuals (51.1% of the sample), 52.8% were

women, and 62.6% African-American. Less than 23% of the subjects



Table 2
Demographic characteristics by group.

Characteristicb Group 1 2756(51.1) Group 2 391(7.3) Group 3 128(2.4) Group 4 762(14.1) Group 5 1353(25.1) Test statistica

Age [mean(SD)] 41.1(9.7) 40.1(9.8) 49.1(5.3) 40.1(9.0) 37.9(9.6) χ2
(4)=388.92

Sex [N(%)] χ2
(4)=118.63

Women 1454(52.8) 128(32.7) 53(41.4) 326(42.8) 504(37.3)
Men 1302(47.2) 263(67.3) 75(58.6) 436(57.2) 849(62.8)

Race [N(%)] χ2
(12)=620.50

AA 1724(62.6) 179(45.8) 37(28.9) 245(32.2) 327(24.2)
EA 669(24.3) 147(37.6) 69(53.9) 340(44.6) 681(50.3)
Hispanic 162(5.9) 31(7.9) 11(8.6) 106(13.9) 198(14.6)
Other 200(7.3) 34(8.7) 11(8.6) 71(9.3) 147(10.9)

Education [N(%)] χ2
(12)=189.68

No HS 106(3.9) 19(4.9) 8(6.3) 47(6.2) 113(8.4)
Some HS 811(29.4) 152(38.9) 35(27.3) 305(40.0) 570(42.1)
HS graduate 758(27.5) 103(26.3) 43(33.6) 221(29.0) 376(27.8)
Beyond HS 1080(39.2) 117(29.9) 42(32.8) 188(24.7) 293(21.7)

Marital status [N(%)] χ2
(8)=102.83

Never married 1528(55.4) 233(59.6) 45(35.2) 431(56.6) 850(62.8)
Married 522(18.9) 49(12.5) 19(14.8) 89(11.7) 140(10.4)
Div/Sep/Wid 706(25.6) 109(27.9) 64(50.0) 242(31.8) 363(26.8)

AA: African American, EA: European American; HS: high school; Div/Sep/Wid: divorced, separated, or widowed.
a All demographic variables differed significantly by group at pb0.0015 (i.e., Bonferroni correction: pb0.05/33).
b GEE Wald χ2 tests for age and sex; independent χ2 tests for race, education and marital status because the GEE.
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had ever used an opioid, with a mean number of lifetime opioid uses
of only 3.8 (SD=3.0). Although no one in this group had a diagnosis
of OD, many of them met criteria for other lifetime drug dependence
disorders, notably CD (70.4%), nicotine dependence (49.4%), and alco-
hol dependence (39.9%). Nevertheless, this group had the lowest
prevalence of all other substance dependence and psychiatric disor-
ders except ASPD and social phobia.

3.1.2. Low-to-moderate opioid users (Group 2)
This group consisted of 391 individuals, 7.3% of the sample. Life-

time OD was significantly lower (25.1%) in this group than in Groups
3–5. Other than Group 1, Group 2 also had the lowest percentage of
daily or almost daily opioid use (49.1%) and injection opioid use
(20%), and the lowest percentage of subjects with negative effects
due to opioid use and who ever received opioid treatment (Table 4).
Daily expenditures for opioids were significantly lower in this group
than in Groups 4 and 5 (GEE Wald χ2

(2)=197.2, pb0.001, Group 3:
mean (SD)=$77.6 (87.7), Group 4: mean (SD)=$104.3 (127.5),
Group 5: mean (SD)=$148.7 (145.4)). Subjects in this group were
also the least likely to have nicotine dependence, sedative depen-
dence, PTSD, OCD and panic disorder. This group, however, had the
highest prevalence of CD (87.2%), and alcohol dependence (57.3%).

3.1.3. Late-onset heavy opioid users (Group 3)
With only 128 individuals (2.4% of the total sample), this was the

smallest group. Subjects in this group had significantly later onset of
first [mean age (SD)=33.7 (10.3)] and heaviest opioid use [mean
age (SD)=43 (5.1)] than those in the other groups. Nearly all sub-
jects in this group received a diagnosis of OD, but significantly
fewer subjects injected opioids than in Groups 4 and 5. This group
had the highest rate of panic disorder but the lowest prevalence of
CD, ASPD, social phobia and agoraphobia.

3.1.4. Heavy opioid users (Group 4)
This group comprises 762 individuals (14.1% of the sample), near-

ly 97% of whom had lifetime OD. The ages of first opioid use [mean
(SD)=23.3 (7.4)] and onset of heaviest use [mean (SD)=29 (8.2)]
were both intermediate, earlier than Group 3 but later than Group
5. The proportion experiencing negative effects due to opioid use
and that received treatment for opioid abuse was similar to that in
Group 3 but significantly lower than in Group 5. The prevalence of
other substance dependence and psychiatric disorders was also sig-
nificantly lower in this group than in Group 5.

3.1.5. Early-onset, highly comorbid, heavy opioid users (Group 5)
The 1353 subjects in this group (25.1% of the total sample) were

the heaviest substance users, and were significantly affected by
their opioid use: 75.1% reported arrests or trouble with police due
to opioid use, significantly higher than all other groups. Subjects
reported both the earliest onset of opioid use [mean age (SD)=18.9
(4.2)] and the heaviest use [mean (SD)=25.4 (7.0)]. They also had
the highest prevalence of other substance dependence disorders (ex-
cept cocaine and alcohol dependence) and psychiatric disorders (ex-
cept panic disorder).

3.2. Heritability

The two heavy opioid user clusters, Groups 4 and 5, were the larg-
est among the four opioid user groups and had the highest estimated
heritability: 0.69 (SE=0.06) and 0.76 (SE=0.05), respectively
(p'sb10−30). The heritability of the other two user groups, Groups
2 and 3, was also relatively high: 0.49 (SE=0.07) and 0.53
(SE=0.06), respectively (p'sb10−12). The non-opioid user Group 1
showed a heritability of 0.62 (SE=0.06, pb10−18). Race was a high-
ly significant covariate in all groups (p's ranging from b10−43 to
10−84), sex was a significant covariate in all groups except Group 2
(p's ranging from b10−6 to 10−19), and age was a significant covariate
in Groups 1, 3 and 5 (p's ranging from b10−6 to 10−7). Our sensitivity
analysis on heritability estimation using different combinations of co-
variates (Supplementary Table 3) showed that the inclusion of race as
a covariate reduced the estimated heritability by about 0.1 for all
groups.

3.3. Comparison of subtypes derived using different cluster methods

The study by Chan et al. used a three-step LMW clustering proce-
dure to identify OD subgroups in a sample of 4061 subjects, all of
which were included in the present study (Chan et al., 2011). To dif-
ferentiate whether the results reported here differed from those of
Chan et al. due to the larger sample in the current study or the differ-
ent analytic approach employed, we applied the LMW approach of
Chan et al. to the full sample of 5390 subjects. This also resulted in
5 clusters. Table 5 cross-tabulates Groups A to E from the LMW



Table 3
Lifetime prevalence of substance use and psychiatric disorders by group [N (%)].

Disordera Group 1 2756(51.1) Group 2 391(7.3) Group 3 128(2.4) Group 4 762(14.1) Group 5 1353(25.1) χ2
(4) Test statisticb

Substance use disorders
Cocaine dependence 1940(70.4) 341(87.2) 94(73.4) 592(77.7) 1154(85.3) 142.98
Nicotine dependence 1362(49.4) 267(68.3) 93(72.7) 548(71.9) 1096(81.0) 409.43
Alcohol dependence 1100(39.9) 224(57.3) 64(50.0) 375(49.2) 728(53.8) 103.70
Opioid dependence 0(0) 98(25.1) 126(98.4) 745(97.8) 1351(99.9) 444.78
Sedative dependence 35(1.3) 14(3.6) 10(7.8) 83(10.9) 242(17.9) 256.02
Stimulant dependence 77(2.8) 31(7.9) 10(7.8) 46(6.0) 113(8.4) 61.10
Other substance dependencec 97(3.5) 36(9.2) 12(9.4) 197(25.9) 537(39.7) 635.56

Psychiatric disorders
ASPDc 252(9.1) 60(15.4) 9(7.0) 112(14.7) 249(18.4) 78.58
MDEc 368(13.4) 67(17.1) 23(18.0) 126(16.5) 257(19.0) 23.51
PTSDc 347(12.6) 51(13.0) 25(19.5) 117(15.4) 246(18.2) 25.78
OCDc 39(1.4) 2(1.6) 12(3.1) 21(2.8) 48(3.6) 20.13
Social phobia 68(2.5) 15(3.8) 3(2.3) 30(3.9) 87(6.4) 37.51
Agoraphobia 115(4.2) 21(5.4) 6(4.7) 39(5.1) 119(8.8) 38.17
Panic disorder 81(3.0) 21(5.4) 18(14.1) 50(6.6) 169(12.5) 136.22
Compulsive gambling 205(7.4) 37(9.5) 13(10.2) 69(9.1) 152(11.2) 17.70

ASPD: antisocial personality disorder; MDE: major depressive episode; PTSD: posttraumatic stress disorder; OCD: obsessive–compulsive disorder.
a All disorders differed significantly by group at pb0.0015 (i.e., Bonferroni correction: pb0.05/33).
b GEE Wald χ2 tests for all disorders.
c Other substance dependence includes dependence on phencyclidine, hallucinogens, inhalants, solvents, or a combination of opioids and cocaine (i.e., “speedballs”).
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analysis with Groups 1 to 5 derived using our analytic method. The
moderate opioid user Group B and the heavy late-onset user Group
C resulting from the LMW method (estimated heritability=0.70
and 0.60) comprised only 449 and 88 individuals, respectively, and
the estimated heritability of all other groups was below 0.50. The
groups that had an early-onset of OD (i.e., highly comorbid and
heavy opioid users) largely overlapped in Group E and Group 5.
However, the substantial disagreement between Group E in Chan et
al. (2011) and Group 5 in the present analysis resulted in a large
difference in heritability estimates for these groups. Groups 3 and 4
in our solution were split into Groups A to E using the LMW approach.
A substantial minority (12.1%) of subjects from Group A (low-level or
non-opioid users) with a lifetime OD diagnosis clustered (appropri-
ately) in the opioid user groups in our analysis. Specifically, 332
(10.6%) individuals that were in Group A by the LMW method and
in Groups 4 and 5 of our solution received an OD diagnosis and
used opioids daily or almost daily, with the majority (85%) having
stayed high for a whole day or more. Thus, it was inappropriate to
identify these heavy users as low-level or non-opioid users. Further,
inclusion of these heavy users in the low-level or non-opioid user
group increased its phenotypic variance, thereby reducing its
heritability.

4. Discussion

This study showed that carefully selected analytic methods en-
hance the validity and potential utility of empirically derived sub-
types based on opioid-use behaviors. The subtypes are the result of
multivariate analyses, so that the choice of one or a few parameters
on which to compare them cannot adequately capture the differences
among subtypes. Although these methods cannot readily be applied
in a clinical setting, the findings presented here provide insight into
subtypes that appear to have clinical significance. For example, as
shown in Table 3, the subtypes differed significantly on a variety of
co-occurring psychiatric disorders. This has important diagnostic
and potential therapeutic implications that warrant further research.

A novel element of this study is that the variable selection used to
generate clusters was guided by the heritability estimate for major
features of opioid use related behaviors. Inclusion of the opioid with-
drawal symptoms with a higher estimated heritability increased the
heritability estimates of opioid use subtypes over those obtained pre-
viously by us using a similar approach. Extensions of this method can
be used to examine other opioid-related measures or other disorders
to yield a comprehensive set of informative and essential phenotypic
features.

In addition to improving the analysis at the variable selection step,
our approach differs from our previous studies (Chan et al., 2011;
Gelernter et al., 2006) by replacing k-means cluster analysis, which
uses several randomly chosen starting points, with a k-medoids
method. Although repeating the k-means analyses with several
starting points improves the stability of the resultant clusters, they
may not be replicable at different runs of the clustering process. By
using k-means analysis to create 50 clusters at each run and repeating
it 10 times, 5010 cells have to be cross tagged to find stable clusters,
requiring extensive computation. These 5010 cells may differ with dif-
ferent runs due to the randomness of starting points, leading to differ-
ent cluster solutions. An information-theoretic criterion (Kaufman &
Rousseeuw, 1990), such as the one used here, can select the initial
points for the k-medoids analysis. Thus, the clusters derived using
this approach do not vary when the analysis is run multiple times.

Consistent with our prior results (Chan et al., 2011; Gelernter et
al., 2006), we identified five distinct subtypes in this sample of sub-
jects participating in genetic studies of CD and OD. When we com-
pared our results with those obtained in a previous analysis of a
subset of these data (Chan et al., 2011), we found two groups that
were larger and had higher heritability estimates than were obtained
previously. Specifically, Groups 4 and 5 consisted of a total 2115 sub-
jects, or 39% of the total sample, compared to only 984 subjects in two
clusters with a high heritability estimate (24% of the total sample) in
our previous study (Chan et al., 2011). This improves the potential
utility of our approach for gene finding, by increasing the statistical
power of studies that employ these subtypes. The groups in our solu-
tion were also phenotypically more distinct. For instance, our non-
opioid-user group (Group 1) contained no subjects with a lifetime di-
agnosis of OD, compared with 20% of the lowest opioid-use group in
our prior study (Chan et al., 2011). The late-onset group in our cluster
solution had a significantly older age at first (33.7 years) and heaviest
(43.0 years) opioid use than the late-onset group (first use at
26.6 years and heaviest use at 34.0 years) in Chan et al. (2011).

Because the more valid subtype analysis in the current study may
have resulted from either a larger sample or a better subtyping meth-
od, we compared the two approaches by applying the LMW method
of Chan et al. (2011) to the larger sample available for the present
analysis. To do so, we used the same programs as in the prior study



Table 4
Lifetime opioid use characteristics, opioid-related effects, and opioid treatment history for Groups 1–5.a

Clinical featuresb Group 2 391(7.3) Group 3 128(2.4) Group 4 762(14.1) Group 5 1353(25.1) χ2
(3) Test statisticc

Opioid use characteristics
Mean age of first opioid use in yr (SD) 23.3(7.9) 33.7(10.3) 23.28(7.4) 18.88(4.2) 536.37
Mean age of onset of heaviest opioid use in yr (SD) 27.9(9.1) 43.0(5.1) 28.95(8.2) 25.36(7.0) 1244.90
Used opioids daily or almost daily 192(49.1) 126(98.4) 737(96.7) 1346(99.5) 386.17
Injected opioids intravenously 78(20.0) 63(49.2) 433(56.8) 1045(77.2) 352.12

Opioid-related effects
Stayed high from opioids for a whole day or more 193(49.4) 113(88.3) 638(83.7) 1253(92.6) 307.01
Strong desire for opioids made it hard to think of anything else 39(10.0) 109(85.2) 585(76.8) 1277(94.4) 594.53
Opioid use interfered with work, school, or home life 34(8.7) 90(70.3) 487(63.9) 1243(91.9) 581.31
Family members, friends, doctor, clergy, boss, or people at work
or school objected to opioid use

66(16.9) 85(66.4) 572(75.1) 1288(95.2) 570.08

Been arrested or had trouble with the police because of opioid use 26(6.7) 60(46.9) 358(47.0) 1016(75.1) 395.58
Gave up or greatly reduced important activities due to opioid use 51(13.0) 96(75.0) 566(74.3) 1284(94.9) 628.27

Opioid treatment history
Ever treated for an opioid-related problem 52(13.3) 110(86.0) 610(80.1) 1303(96.3) 655.70
Ever attended self-help group for opioid use 36(9.2) 73(57.0) 446(58.5) 1085(80.2) 406.36

a Values are N (%) of individuals endorsing the feature, unless otherwise specified. All subjects in Group 1 reported using opioids fewer than 11 times and thus skipped out of the
rest of the opioid drugs section. This group was excluded from this table.

b All behaviors differed significantly by group at pb0.0015 (i.e., using Bonferroni correction: pb0.05/33).
c GEE Wald χ2 tests for all behaviors.
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(SAS and SOLAR, though the k-medoids analysis was run using the R
package). We found that the current, modified approach produced
not only larger clusters of higher heritability, but also more homoge-
neous clusters than our previous effort (Chan et al., 2011). Because
the variable selection step that resulted in heritable OD measures
led to more highly heritable subtypes, a thorough examination of
the phenotypic measures used in subtyping methods may be neces-
sary to optimize the procedure.

This study has a number of limitations. Due to lack of information
about the childhood household of study participants, the estimated her-
itability may be inflated by shared environment among siblings. In the
present study, substance dependent individuals were oversampled for
genetic studies. Thus, the heritability of OD as estimated here is likely
not to be representative of that in the general population. Additional
sources of information concerning the identified subtypes, such as
follow-up studies or molecular genetic correlation, are needed to vali-
date these findings. The heritability estimates shown here are consis-
tent with estimates for other substance dependence disorders. For
example, it is estimated that alcohol dependence is 50–60% heritable
and dependence on illicit drugs is 45–79% heritable (Dick & Agrawal,
2008). The heritability estimates for the subtypes in the present study
are in this range, with the two most heritable subtypes at the high
end of the range.

The high prevalence of CD in the study sample also limits our ability
to generalize the findings to other OD samples without such comorbid-
ity. Because the SSADDAdoes not provide details on the specific kinds of
Table 5
Comparison of the subtyping approach in Chan et al. (2011) and our approach, as depicted

Proposed approach

Group 1 (N=2,756)
h2=0.62

Group 2 (N=3
h2=0.49

Approach in
Chan et al. (2011)

Group A (N=3134)
h2=0.29

2756(87.94) 42(1.34)

Group B (N=449)
h2=0.70

339(75.50)

Group C (N=88)
h2=0.60
Group D (N=434)
h2=0.45

10(2.30)

Group E (N=1,285)
h2=0.49
opioids that subjects used, there may be other subtypes of OD that are
not captured in this study. Independent replication of our findings in a
different sample is needed, as are studies using this approach to catego-
rize other substance use and psychiatric features to yield homogeneous
subtypes of other disorders. Such subtypes may have utility for gene
finding and for clinical characterization and treatment selection. De-
spite the expectation that the identification of highly heritable subtypes
of opioid use and related behaviors will enhance gene-finding efforts,
this assumption must be tested empirically.
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