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A latent class analysis of drug abuse in a national
Swedish sample
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Background. Drug abuse (DA) is a clinically heterogeneous syndrome. Using medical, legal, death and pharmacy
records covering the entire population of Sweden, could we uncover meaningful subtypes of DA ?

Method. We performed a latent class analysis (LCA) on all individuals in Sweden born 1950-1993 who were
registered with DA or its consequences (n=192501) and then validated these classes using demographics, patterns of
co-morbidity with alcohol use disorder (AUD), non-DA crime and psychiatric illness, and the pattern of aggregation
and co-aggregation in sibling pairs.

Results. The best-fit LCA had six classes: (1) low-frequency pure criminal, (2) high-frequency medical criminal,
(3) low-frequency pure medical, (4) high-frequency medical, (5) prescription and (6) death. Each class had a distinct
pattern of demographic features and co-morbidity and aggregated within sibling pairs with at least moderate
specificity. For example, class 2 was characterized by early age at registration, low educational attainment, high male
preponderance, high rates of AUDs, strong resemblance within sibling pairs [odds ratio (OR) 12.6] and crime and the
highest risk for DA in siblings (20.0%). By contrast, class 5 had a female preponderance, late age at registration, low
rates of crime and AUDs, high rates of psychiatric illness, high familiality within sibling pairs (OR 14.7) but the
lowest observed risk for DA in siblings (8.9 %).

Conclusions. DA as assessed by public records is a heterogeneous syndrome. Familial factors contribute
substantially to this heterogeneity. Advances in our understanding of etiological processes leading to DA will be
aided by a consideration of this heterogeneity.
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Introduction As outlined by Basu et al. (2004), many prior
attempts have been made to develop typologies of

D DA) i linically h -
rug abuse (DA) is a clinically heterogeneous syn drug abuse. These efforts can be usefully divided into

drome with affected individuals frequently differing
across several dimensions including the specific abuse
and dependence symptoms displayed, the kinds of
psychoactive drugs consumed, the route of ingestion,
the presence or absence of psychiatric co-morbidity,
and the psychosocial correlates and consequences of
the abuse (Babor & Caetano, 2006). Given this wide
heterogeneity, it is of obvious interest to ask whether
more homogeneous subtypes of DA could be defined
that might be helpful in future research and clinical
care.

those that classified individuals on single variables
(e.g. sex, family history, age at onset or presence/
absence of antisocial personality disorder) versus those
that used multivariate methods (e.g. Wilkinson et al.
1987; Alterman & Cacciola, 1991; Byqvist & Olsson,
1998; Babor & Caetano, 2006). Not surprisingly, Basu
et al. (2004) suggest that multivariate methods are
more useful and potentially valid.

One powerful and objective multivariate statistical
method to examine this heterogeneity is latent class
analysis (LCA). Prior LCAs of DA have been per-
formed in clinical populations (Schwartz et al. 2010;
Kuramoto et al. 2011) and in community samples
(Lynskey et al. 2006; Agrawal et al. 2007; Smith et al.
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2011; Cleveland et al. 2010) using data from ques-
tionnaires or personal interviews. These studies have
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used a wide variety of input variables for the LCA
and, not surprisingly, have revealed a diversity of
empirical subtypes, with most classes emerging
based largely on the class of abused substances (e.g.
(Lynskey et al. 2006; Agrawal et al. 2007; Cleveland
et al. 2010; Schwartz et al. 2010) and / or class and mode
of ingestion (Kuramoto et al. 2011).

Our group has been undertaking a detailed
investigation of the epidemiology and genetic
epidemiology of DA as defined from public records
from the whole of Sweden (Kendler et al. 20124, b).
We undertook the present study to inform our
future analyses regarding the potential heterogeneity
within the broad syndrome of DA defined by the
public sources available to us. In recent years, most
genetically informed studies of DA, in addition to
looking at the substance involved, have either ex-
amined only a single category (e.g. drug dependence)
or at most divided their analysis up into the DSM-IV
categories of abuse versus dependence (APA, 1994;
Cadoret et al. 1995; Tsuang et al. 1996; Lynskey et al.
2002). We also hope that this study will contribute
more broadly to our understanding of the typology
of DA. To our knowledge, no prior study has
used a national sample of subjects for an LCA based
on the kind of objective information available from
registries.

This study had three major aims. First, we per-
formed an LCA on all individuals in Sweden born
1950-1993 who were registered with DA and/or its
consequences in medical, legal, pharmacy and death
registers (1=192501). We determined the best-fitting
LCA solution and describe the resulting classes.
Second, we attempted to validate these classes by
examining the demographic and registry data avail-
able to us. Do the identified classes differ meaningfully
in their age at first registration, gender distribution,
educational background, history of alcohol, criminal
or psychiatric problems, or substance abused? Third,
we were particularly interested in the impact of fam-
ilial factors on DA. Hence our last aim was to examine
whether our DA classes differed in risk for DA ob-
served in their siblings and to determine the pattern of
aggregation and co-aggregation among our DA classes
within the large sample of full sibling pairs available
to us. This is of particular interest to us given our focus
on the role of familial/genetic factors in the etiology
of DA.

Method

As in previous work (Kendler ef al. 20124, b), in this
study we used linked data from multiple Swedish
nationwide registers. Linking was achieved through
the unique 10-digit personal identification number
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assigned at birth or immigration to all Swedish
residents. Each personal identification number is re-
placed with a serial number to ensure anonymity of
individuals. Our database contained eight sources:

(1) The Swedish Hospital Discharge Register, which
includes all hospitalizations for people in Sweden
from 1964 to 2009.

(2) The Swedish Prescribed Drug Register, which in-
cludes all prescriptions in Sweden picked up by
patients from 1 July 2005 to 31 December 2009.

(3) The Swedish Cause of Death Register, which con-
tains all causes of death and date of death from
1961 to 2010.

(4) The Multi-Generation Register, which includes
information on family relationships for all indi-
viduals born in Sweden in 1932 onwards.

(5) The Out-patient Care Register, which includes in-
formation from out-patient clinics covering all
geographic regions in Sweden from 2001 to 2009,
with information on increasing number of clinics
for each year during this period.

(6) The Primary Health Care Register, which includes
out-patient primary care data on diagnoses and
dates of diagnoses for 1 million patients from
Stockholm and the middle part of Sweden
(2001-2007).

(7) The Swedish Crime Register, which includes
nationwide data on all convictions, including
those for DA, from 1973 to 2011.

(8) The Swedish Suspicion Register, which includes
nationwide data on all individuals strongly sus-
pected of crime, including DA, from 1998 to 2011.

DA was identified in the Swedish medical registers
(registers 1, 5 and 6 above) and the Cause of Death
Register by ICD codes (ICD-8: Drug dependence
(304); ICD-9: Drug psychoses (292) and Drug depen-
dence (304); ICD-10: Mental and behavioral disorders
due to psychoactive substance use (F10-F19), except
those due to alcohol (F10) or tobacco (F17); in the
Suspicion Register by codes 3070, 5010, 5011 and 5012,
which reflect crimes related to DA ; and in the Crime
Register by references to laws covering narcotics (law
1968:64, paragraph 1, point 6) and drug-related driv-
ing offences (law 1951:649, paragraph 4, subsection 2
and paragraph 4A, subsection 2). DA was identified in
individuals (excluding those suffering from cancer) in
the Prescribed Drug Register who had retrieved (on
average) more than four defined daily doses a day for
12 months of either sedatives/hypnotics [Anatomical
Therapeutic Chemical (ATC) Classification System
NO05C and NO5BA] or opioids (ATC: N02A). We re-
stricted the diagnosis of DA to individuals above the
age of 10 except for the Prescribed Drug Register,
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where the age limit was set at 18 years. This study was
approved by the Ethics Committee of Lund University
in Malmo, Sweden.

Sample

The LCA database for these analyses was created by
entering all individuals in the Swedish population
who were born between 1950 and 1993 and registered
with DA between 1973 and 2011. Using register infor-
mation, we created seven variables defining whether
each individual was registered with DA based on data
in the Swedish Crime Register, the Swedish Suspicion
Register, the Swedish Hospital Discharge Register, the
Out-patient Care Register, the Primary Health Care
Register, the Swedish Prescribed Drug Register and/
or the Cause of Death Register. Based on these seven
variables we created the following four dichotomous
variables, as the LCA requires that all observed varia-
bles within each latent class be statistically indepen-
dent: Crime (registered in the Crime Register and/or
the Suspicion Register or not), Medical (registered
in the Hospital Discharge Register, the Out-patient
Register and/or the Primary Health Care Register or
not), Prescribed Drugs (registered in the Prescribed
Drug Register or not), and Mortality (registered in the
Cause of Death Register or not). In addition, we sum-
marized the number of times each individual was
registered in any register. We created three groups
based on this variable: individuals registered (i) once,
(ii) two to three times, and (iii) four times or more.
As the Crime Register and the Suspicion Register
could overlap, we required that each registration in
the Suspicion Register, to be counted, could not be
followed by a registration in the Crime Register within
a year. In total, we entered five observed items into
the LCA, including three categories of numbers of
registrations.

We then collected variables that could function as
external validators for the LCA. We included year of
birth, sex (male or female), age at first registration with
DA, education, alcohol use disorders (AUDs), psychi-
atric disorders, and non-DA-related criminal behavior.
Education was categorized into two groups: low
(<9 years in school) and high (>9 years in school).
For individuals born between 1983 and 1993, we used
their parents” education as a proxy (selecting the par-
ent with the higher number of years of education).
AUDs in the medical registers were defined according
to the following ICD codes: ICD-9: 291, 303, 305A and
V79B; and ICD-10: F10 (excluding F10.0), Z50.2 and
Z71.4. AUDs in the Swedish Prescribed Drug Register
were identified by the following ATC codes: N07BB01,
NO07BB03 and NO07BB04. Psychiatric disorders were
defined according to the following codes in the
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medical registers: ICD-9: 31, 290, 293-299 and 300-
309; and ICD-10: FO and F2-F9. Criminal behavior
(violent crime, property crime, sexual crime and/or
gun crime) was defined according to the following
laws in the Crime Register (chapter/paragraph: 3/5,
3/6,4/5,617/1,17/2, 4/7, 8/5, 8/6, 6/1-6/10, 6/12,
16/11a,4/4,13/1,13/2 and 3/1-3/3). ICD codes from
the medical registers indicate the abused substance.
No such information was available from the Crime
Register. We included the following substances as
additional external validators: opiates (ICD-9: 304A;
ICD-10: F11), cannabis (ICD-9: 304D; ICD-10: F12),
sedatives/hypnotics (ICD-9: 304W 304B, 304H and
304X; ICD-10: F13 and F19), cocaine (ICD-9: 304C;
ICD-10: F14), stimulants (ICD-9: 304E; ICD-10: F15),
hallucinogens (ICD-9: 304F; ICD-10: F16) and solvents
(ICD-9: 304G; ICD-10: F18).

In a further attempt to validate the LCA we created
a sibling database where we double entered all full
siblings pairs (excluding twins) in the Swedish popu-
lation where both siblings in the pair were born be-
tween 1950 and 1993. We also required that both
siblings in the pair were alive after 1972, and that
both siblings were alive at the age of 15. We linked this
sibling database to assigned class membership data
from the LCA.

Statistical methods

LCA was used to identify homogeneous DA groups
based on different types of observed registrations.
The number of latent classes indicated by the observed
variables was determined by comparing model fit
statistics between nested models. Improvement in
model fit is indicated by smaller values of G?, Akaike’s
Information Criterion (AIC; Akaike, 1987), the
Bayesian Information Criterion (BIC; Schwarz, 1978)
and entropy values (Lanza et al. 2007) close to 1.0.
However, as the number of classes is influenced by the
number of observed variables, both empirical (im-
proved model fit) and theoretical (model interpret-
ability) aspects were considered. Individual subjects
were then assigned class membership based on the
likelihood of their particular response profile.

The next step was to determine whether there were
important differences across LCA classes in terms
of seven external validators not entered into the
LCA: year of birth, sex, education, age at first regis-
tration, AUDs, criminal behavior, and psychiatric dis-
orders. We used y* analyses for categorical variables
and one-way ANOVA for continuous variables. For
latent classes with high assignment probabilities
from the medical registers, we also investigated, by
x* analyses, differences across classes regarding the
abused substance. Thereafter, we examined, by
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Table 1. Fit indices for the latent class analysis of drug abuse

No. of

latent classes Log-likelihood AIC BIC Entropy df
2 —460383.03 83538.53 83670.71 1.00 34
3 —435779.72 34345.92 34549.27 0.87 27
4 —422884.41 8569.29 8843.82 0.89 20
5 —420956.90 4728.28 5073.99 0.87 13
6 —419024.28 877.04 1293.93 0.90 6

AIC, Akaike’s Information Criterion; BIC, Bayesian Information Criterion; df,

degrees of freedom.

Table 2. Assignment probabilities by class

Class 1 Class 2
Low-frequency High-frequency

pure criminal ~ medical criminal

Class 3
Low-frequency
pure medical

Class 4
High-frequency Class 5 Class 6
medical Prescription Death

Class membership
probabilities (s.E.)
Item response

0.4511 (0.0043)  0.2720 (0.0042)

probabilities
Prescribed 0 0.0358 0
Death 0.0002 0.0055 0
Medical Register 0 0.7090 1
Crime Register 1 0.9875 0
No. of registrations
1 0.4556 0 0.7735
2-3 0.3507 0.1253 0.2264
=4 0.1937 0.8747 0

0.1611 (0.0012)

0.0816 (0.0011)  0.0322 (0.0004) 0.0020 (0.001)

0.1601 1 0

0.0490 0.0002 0.9996
1 0 0.0002
0.0003 0.0010 0.0003
0 0.4359 0.9997
0.2726 0.3387 0.0001
0.7274 0.2254 0.0002

S.E., Standard error.

logistic regression, the patterns of the external vali-
dators when comparing the four major LCA classes.

To further validate the LCA solution, we inves-
tigated, in the sibling database, patterns of concord-
ance among siblings for the different LCA classes.
Tetrachoric correlations and odds ratios (ORs) were
calculated for sibling pairs across LCA classes.
Statistical analyses were performed using PROC Lca in
SAS v. 9.2 (Lanza et al. 2011).

Results
Background data

Of the 192501 individuals identified with DA in
Sweden during the period 1973-2011, the proportions
with registrations from our four ascertainment sources
were: prescription 5.5%, death 0.8%, medical 43.6 %,
and criminal 72.0%. We found that 34.6% of in-
dividuals were registered only once, 26.2% two to
three times and 39.2% four or more times. The mean
(s.p.) age at first registration was 28.7 (10.4) years.
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Men constituted 73.3 % of the cases and 29.5% met our
criteria for low educational status. Of the individuals
identified with DA, 26.9% were also registered as
having an AUD, 37.8% as having a psychiatric dis-
order, and 59.1% as having a criminal record (other
than possible criminal registration for DA).

Results of the LCA

Using the chosen variables, we had sufficient degrees
of freedom to fit up to a six-class model. All the fit
indices continued to improve with increasing number
of classes (Table 1), with the exception of the entropy
index, which minimized at five classes. We therefore
considered the six-class solution for further analysis.
The item response probabilities for these six classes
are shown in Table 2. Class 1 had by far the highest
class membership probability (45.1%) and almost all
of the members were registered for DA through
criminal records only (only a very small percentage
were also registered for DA at death). We termed this
class the ‘low-frequency pure criminal class’ because
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more than 80% of the members of this class were
registered for DA up to three times.

Class 2, with a membership probability of 27.2%,
was the only class where most members were regis-
tered for DA in multiple ways, most often from
criminal and medical sources. We called this the
“high-frequency medical criminal class” because all
individuals in this class were registered at least twice,
and more than 87% of the sample were registered at
least four times.

Subjects in class 3, with a class membership proba-
bility of 16.1 %, contained solely individuals registered
for DA from medical sources. We called this the “low-
frequency pure medical class’ because no one in this
class was registered for DA more than three times.

Class 4, which had a membership probability of
8.2%, consisted of all individuals who had been regis-
tered with DA from medical sources and a relatively
small proportion of them had also been registered
from the prescription, death and crime registers. We
called this the ‘high-frequency medical class’ because
no members of this class had only one DA registration
and 73 % were registered more than four times.

Class 5, with a class membership probability of only
42% of the sample, contained all individuals who
had been registered in the prescription registry and a
very small number had also been registered in the
death or crime registers. Self-evidently, this was the
‘prescription class’.

Class 6 had a membership probability of only 0.2%
and consisted almost entirely of individuals whose
only registration for DA was by the death registry.
This was called the “death class’.

The mean posterior probabilities of class member-
ship were: 86, 100, 90, 97, 100 and 100 % in classes 1-6,
respectively.

Validation of latent classes

The first row of Table 3 shows the number of in-
dividuals assigned to each class. The remainder of the
table compares individuals assigned to these six class-
es, on seven potential validators. All of them differed
highly significantly across classes. The classes varied
substantially in age, with a 20-year difference in mean
year of birth. The most common classes 1, 2 and 3 were
substantially younger than the rarer classes 4, 5 and 6.
The classes could be divided into two groups by gen-
der composition, with classes 1, 2 and 6 having a large
male excess and classes 3, 4 and 5 having nearly equal
numbers of men and women. Classes 1 and 5 were the
best educated, and class 4, and especially class 6, the
least well educated. We saw an 18-year span across
classes in mean age at first registration, with classes 1
and 2 being the youngest and classes 5 and 6 the oldest
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at registration. Rates of AUD differed markedly across
classes, with classes 2 and 4 having high rates of AUDs
and classes 1 and 5 having relatively low rates. Rates
of registration for psychiatric illness also varied
widely, with classes 1 and 6 standing out for their low
rates compared to the other classes. Finally, rates of
non-drug criminal registrations differed substantially
across classes, being lowest in 5 and 6, and in 2 and 1.

For our four most common classes (1-4) taken two
at a time (Table 4), we examined in a multivariate
logistic regression the ability of these seven validators
to distinguish between them. Nearly all of these com-
parisons were statistically significant. For example,
compared to class 1, class 2 is distinguished by being
significantly younger, more frequently female, more
likely to have lower educational attainment, more
likely to be young at first registration and having
higher rates of AUD, psychiatric illness and non-DA
criminal registration. An examination of Table 4
suggests that the variables that most strongly dis-
criminated among these four DA subtypes were gen-
der and registration for AUD, psychiatric illness and
non-DA crime.

Medical diagnoses for DA typically provided
information about the psychoactive substance being
abused. This permitted us to examine the relationship
between three of our DA classes (classes 2, 3 and 4) and
the abused drug recorded for those subjects medically
registered for DA (all of classes 3 and 4 and 71% of
class 2) (Table 5). Compared to classes 2 and 4, class 3
has much lower levels of opiate, cannabis and non-
cocaine stimulants abuse and moderately lower levels
of sedative/hypnotic abuse. The patterns of abused
substances were relative similar in classes 2 and 4.

Finally, we attempted to validate our DA subtypes
by examining their aggregation and co-aggregation
within 6 528 367 Swedish full sibling pairs and 401 902
pairs containing at least one member registered for
DA. The prevalence of DA in full siblings of our six
classes differed significantly (y*=2067.08, df=5,
p<0.0001) and was highest in siblings from classes 2
(20.0+0.2%), 6 (17.4+21%) and 1 (15.94+0.1%)
and lowest in siblings of classes 5 (8.94+0.3%), 3
(9.54+0.5%) and 4 (13.3+0.3%).

Table 6 provides the tetrachoric correlation and
OR for each possible combination of our classes. Of
relevance, for DA as a single class, we obtained in all
sibling pairs a tetrachoric correlation (s.e.) of +0.39
(0.02) and an OR of 5.94 [95% confidence interval (CI)
5.87-6.02]. We focus, in this discussion, on the tetra-
choric correlation as an index of familial aggregation
because it is less sensitive to changes in base rates than
the OR.

Four important trends are evident in this table. First,
with the exception of class 6, which was too rare to


https://doi.org/10.1017/S0033291713000081

Table 5. Comparison of drugs (ICD codes) across classes
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Class 2 Class 3 Class 4
High-frequency Low-frequency High-frequency
medical criminal pure medical medical %% (p value)
n 37495 34481 12 687
F11 (304A): opiates (%) 24 9 27 3593 (<0.0001)
F12 (304D): cannabis (%) 22 8 16 2607 (<0.0001)
F13 F19 (304W 304B, 304H, 304X): 62 51 66 1353 (<0.0001)
sedatives and hypnotics +
combinations/others (%)
F14 (304C): cocaine (%) 2 2 1 204 (<0.0001)
F15 (304E): other stimulants (%) 28 8 21 4938 (<0.0001)
F16 (304F): hallucinogens (%) 1 1 383 (<0.0001)
F18 (304G): solvents (%) 1 1 1 9.1 (0.0106)

analyze usefully, we saw strong evidence for familial
aggregation of each class, with tetrachoric correlations
ranging from a low of +0.20 (class 3) to a high of
+0.40 (class 2). The ORs were all also robust, ranging
from 3.98 for class 2 to 14.68 for class 5. Second, with
the exception of classes 1 and 5, all the cross-class cor-
relations were positive, suggesting some general fam-
ilial vulnerability to DA. Third, for classes 1,2, 4 and 5
aggregation within class was consistently greater than
co-aggregation across classes. For example, the corre-
lation for class 1 across sibling pairs was +0.40 and
was substantially higher than any of the correlations
observed between class 1 and classes 2-6. Class 3 was
the exception because the within-class correlation
(4+0.20) was slightly exceeded by the correlation be-
tween classes 3 and 4 (+0.22). This pattern of findings
suggests some specificity in the familial factors influ-
encing class membership. Fourth, the pattern of co-
aggregation provides a rough guide to the relationship
of familial risk factors across classes. For example, our
low-frequency pure criminal class (class 1) has the
strongest co-aggregation with the other class with
frequent criminal registrations for DA (class 2 high-
frequency medical criminal). However, our high-
frequency medical class 4 was more strongly related
to class 2 than to our low-frequency medical class 3,
suggesting an important familial vulnerability to fre-
quency of DA registrations, perhaps as an index of
severity of addiction. Our low-frequency medical and
criminal classes were weakly inter-related, suggesting
some substantial independence for the familial factors
predisposing to DA seen in criminal versus medical
settings.

Discussion

We had three aims in this report. First, we performed
an LCA of DA on a complete national sample of
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individuals registered for DA problems in Sweden
born 1950-1993. This LCA, which used the infor-
mation available in the registries, identified six classes
of DA with widely varying frequencies. These classes
were characterized by the mode of registration for DA
and the frequency of registration.

Our second aim was to determine whether these
classes were ‘valid’ by examining how much they
differed on potentially important variables that were
external to the LCA. The results suggest that these
classes are meaningful and relatively distinct. Our
low-frequency pure criminal DA class (class 1) was
largely male and young with an earlier first DA regis-
tration, low rates of AUDs and psychiatric illness and
high rates of other criminal registrations. Those in our
high-frequency medical criminal class (class 2) were
perhaps the most severely ill with especially elevated
rates for registration for alcohol, psychiatric and
criminal problems and, relative to class 3, high rates
of stimulant, opiate and cannabis abuse. The low-
frequency pure medical class (class 3) was notable
for a nearly equal gender composition, high rates of
psychiatric illness and a high proportion, relative
to other substances, of sedative/hypnotic abuse.
Compared to class 3, the high-frequency pure medical
class had more males, lower education, higher rates
of alcohol, psychiatric and criminal registration,
and were much more likely to have had opiate and
stimulant abuse. The prescription class (class 5) stood
out by a much later age at first registration, a majority
of women, low rates of AUDs and crime and relatively
high rates of psychiatric illness. The death class
(class 6) was, not surprisingly, the oldest but was also
characterized by low educational attainment, a very
high proportion of males and low overall rates for
AUDs, psychiatric illness and criminal registration.

Our third aim was to examine our latent classes
in full sibling pairs. We first found that the familial
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Values are given as tetrachoric correlation (standard error) and odds ratio (95 % confidence interval).

‘severity” of these classes, as indexed by the rates of
DA in their siblings, differed widely. Our high-
frequency medical criminal class (class 2), which was
the most clinically ‘severe’, was also the most familial
and had a risk for DA in their siblings more than twice
that seen in the siblings of our prescription class
(class 5). Our high-frequency pure medical class had a
risk for DA in siblings 40% higher than our low-
frequency pure medical class, again suggesting a re-
lationship between clinical and familial severity. Of
interest, our low-frequency pure criminal class (class
1) had a risk for DA in siblings 67 % higher than our
low-frequency pure medical class (class 3), suggesting
that a higher familial liability may be associated with a
criminal rather than with a medical path to detection
for DA.

We then examined the patterns of occurrence of all
of our subtypes in sibling pairs. Of note, we found
substantial evidence for specificity of familial trans-
mission. That is, in four of our six classes, the pair
resemblance was higher within the DA class than
across classes. We also saw a meaningful pattern of
co-aggregation, for example with evidence for a rela-
tively strong association within sibling pairs between
our two criminal and our two medical classes.

It is difficult to compare our findings with prior
typological and LCA studies of DA because of the
differences in the variables examined. For example,
Alterman & Cacciola (1991) explored whether the
presence of antisocial personality disorder defined a
coherent DA subtype. As antisocial personality dis-
order is likely to be at least moderately correlated with
our criminal subtypes, our results would be broadly
supportive that this is an important dimension to
consider for DA typologies. Most of the prior LCAs
have largely sorted DA subjects on the basis of the
substance(s) used (e.g. Wilkinson et al. 1987; Lynskey
et al. 2006; Agrawal et al. 2007; Cleveland et al. 2010;
Schwartz et al. 2010; Smith et al. 2011) and so are of
limited relevance to our findings. Several studies
have attempted to apply Babor’s type A/B typology,
originally developed for alcohol dependence (Babor
et al. 1992), to drug abuse (Ball ef al. 1995; Basu et al.
2004). Some resemblance is seen between type B cases
(typified by early age at onset, high familial risk,
severe drug and alcohol use, and frequent antisocial
behavior) and our high-frequency medical criminal
class.

The prior report most relevant to our current find-
ings was a typological study by Byqvist & Olsson
(1998) on 698 male Swedish drug addicts. Using both
interviews and official records, they constructed a
typology of DA based initially on degree of criminal
involvement that was then verified by cluster analysis.
They identified four types of DA: addicted criminals,
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criminal addicts, low-crime addicts, and emotionally
unstable addicts with little or no criminality. For the
addicted criminals, their criminal careers preceded
their DA. They had an early onset, a high number of
offenses, low education and high rates of alcoholism.
This group most closely resembles our high-frequency
medical criminal class. For both the criminal addicts
and the low crime addicts, their DA drove their
criminal behavior. They had a later onset of problems,
less deprivation, and fewer overall offenses and
alcohol problems. Some of the features of these classes
resemble our low-frequency pure criminal DA class.
The emotionally unstable type of Byqvist & Olsson
comprised the least disadvantaged group, character-
ized by high rates of psychiatric illness and minimal
criminal behavior. This group shared features with
our low-frequency pure medical, high-frequency
medical and prescription classes.

Consistent with the conclusions of many clinicians
and researchers, our results support the hypothesis
of substantial heterogeneity within the syndrome of
DA. Advances in our understanding of etiological
processes will probably be aided by a consideration of
this heterogeneity. In our further work with the rich
data available to us in Sweden, we hope to contribute
to an understanding of the risk factors that predispose
to the broad DA syndrome and those that are of im-
portance only for certain subgroups, including those
identified in this report.

Limitations

These results should be interpreted in the context of
six potentially important methodological limitations.
First, we detected subjects with DA from medical,
legal and pharmacy records. Although this method
has the major advantage of not relying on cooperation
or accurate respondent recall, our data probably con-
tain both false-negative and false-positive diagnoses.
However, an epidemiological study of DA conducted
in neighboring Norway, which has similar rates of
drug use and abuse (Kraus et al. 2003; Hibell et al.
2007), found lifetime prevalence rates of DSM-III-R
(APA, 1987) DA similar to those found using our
registry-based methods (Kringlen et al. 2001). Thus,
major under-ascertainment of DA by other methods is
unlikely. However, it is perhaps more accurate to say
that we have studied the consequences or correlates
of DA rather than DA per se. Second, the data that
we could use to conduct and validate our LCA were
limited, especially compared to those available in
personal interview studies, and did not include, for
example, information about personality and detailed
measures of psychoactive substance use across all
subjects.
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Third, our methods of detecting DA changed
over the ascertainment period of our study (1961-2011
for birth years 1950-1993). Three sources (Hospital
Discharge, Death and Crime registers) began early in
our ascertainment period (1961-1973) whereas three
other sources (the Suspicion, Out-patient and Primary
Health Care Registers) began later (1998-2001).
We used all sources to maximize our case finding.
Siblings, being of similar ages, would have been ex-
posed to similar sources of detection if they developed
DA. Therefore, the chances of biases being introduced
by these changing methods of detection are small.
Our multivariate analyses presented in Table 4 in-
cluded year of birth and so would have corrected for
any potential confounding effects of age.

Fourth, we did not formally correct for the correla-
tions within siblings in our LCAs. We repeated a sub-
set of our analysis with a robust variance estimator
and it made minimal differences in the precision of
our estimates.

Fifth, some of the subjects in the LCA are not
assigned to individual classes with high confidence.
We repeated the analyses contained in Table 3 in-
cluding only LCA assignments of greater than 70%
probability. Class membership declined modestly in
classes 1 and 3, slightly in class 2 and not at all in the
other classes. Despite the reduction in numbers
classified, the pattern of validators observed in Table 3
hardly changed, suggesting the overall robustness of
our findings.

Sixth, LCA assumes the independence of all rel-
evant variables within classes. This assumption of
“local independence’ is unlikely to be fully met in this
sample.
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