
Health is a multidimensional and continual concept.
Traditional latent analytic approaches have inher-

ent deficits in capturing the complex nature of the
concept; however, the Grade of Membership (GoM)
model is well suited for this problem. We applied the
GoM method to a set of 31 indicators to construct
ideal profiles of health status based on physical,
mental and social support items among 848 adult
twins from Qingdao, China. Four profiles were identi-
fied: healthy individuals (pure type I), individuals with
personality disorders (pure type II), individuals with
mental impairments (pure type III) and individuals
with physical impairments (pure type IV). The most
frequently occurring combination in this population
was profiles I, II, IV (14.74%), followed by profiles I,
II, III, IV (13.44%), and then type I (11.08%). Only
13.56% of subjects fell completely into one single
pure type, most individuals exhibited some of the
characteristics of two or more pure types. Our
results indicated that, compared to conventional sta-
tistical methods, the GoM model was more suited to
capture the complex concept of health, reflecting its
multidimensionality and continuity, while also exhibit-
ing preferable reliability. This study also made an
important contribution to research on GoM applica-
tion in non-independent samples.
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Health is the most valuable resource that humans
possess; an eternal theme to be pursued and explored.
In 1948, the World Health Organization defined
health as a ‘state of complete physical, mental, and
social wellbeing and not merely the absence of disease
and infirmity’. Therefore, health can be viewed as a
multidimensional concept that includes physical,
mental and social dimensions, and that an extensive
set of indicators is needed to capture this concept to
its full extent. These indicators have distinct, albeit
interrelated, contributions to health. Techniques to

reduce dimensionality are thus required as it is diffi-
cult to simultaneously handle all indicators.
Numerous latent analytic approaches including
cluster analysis, factor analysis, and discriminant
analysis have been employed to handle the dimension-
ality reduction (Gold et al., 1990). These approaches,
however, have inherent deficits in classification for
individuals whose health conditions are complex and
highly variable, with healthy and unhealthy elements
coexisting (Xu, 1999). First, it is very likely in the real
world that individuals may occupy more than one
health states because the full spectrum of health
ranges from wellbeing to death (Ware, 1987). Second,
many health traits in analyses might be relatively rare
and hence the distribution functions tend to be
‘clumped’ at the boundary, with summary measures
generated from such rare traits also tending to be
heavily concentrated near the boundary and with
long, thin tails (Manton et al., 2004). Thus, it would
be unwise to merely rely on those common latent sta-
tistical methods and models.

The Grade of Membership (GoM) method intro-
duced by Woodbury and colleagues (Woodbury &
Clive, 1974; Woodbury et al., 1978) is well suited to
this problem. As a nonparametric classification
methodology based on the theory of the fuzzy set, the
GoM model is a general multivariate procedure for
analyzing high dimensional discrete response data. The
GoM technique was originally designed to generate
medical classification systems (Woodbury & Manton,
1982) and has now been applied in studies for depres-
sive symptoms and personality disorders (Cassidy et
al., 2001; Nurnberg et al., 1999; Szádóczky et al.,
2003), older adult health status (Deeg et al., 2002; Gu
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& Zeng, 2001, 2002; Jiang & Zhou, 1997; Lamb,
1996; Manton et al., 1997, 1998; McNamee, 2004;
Portrait et al., 1999, 2001), genetic health studies
(Corder et al., 2001; Manton et al., 2004) and other
fields of medicine (e.g., Hughes et al., 1996; Maetzel et
al., 2000; Woodbury & Fillenbaum, 1996). Szádóczky
and colleagues (2003) employed the GoM analysis to
describe lifetime patterns of depressive and anxiety
symptoms reported by community respondents and
primary care attenders. Six pure types provided the
best description of the structure of the symptoms.
McNamee (2004) used the GoM model to construct
summary indicators of health and identified five main
health types, which were then used to assess their asso-
ciation with costs of health and social care. Manton et
al. (2004) found that the functional disability dimen-
sions identified by GoM were more predictive of
APOE polymorphism than specific diagnoses because
they implicitly contained information on chronic con-
ditions and severity of disease processes. Andreotti et
al. (2009) analyzed World Health Survey data and
identified three health profiles: Robust, Intermediate
and Frail.

Yet, applications of the GoM method in dependent
samples (e.g., twin data or other dyadic data) are still
limited and in the exploration stage. So far, no widely
acceptable method of dealing with sample dependence
has been developed, although several options have
been proposed (Gold et al., 1990; Manton & Land,
2000). In the present study, we apply the GoM
method to a set of indicators from a rich database of
the Chinese National Twin Registry (CNTR) to deter-
mine profiles of health status based upon physical,
mental and social support items. Such an application
is absent in China.

Methods
The GoM Model

Technical explanations of the GoM model have been
described at length elsewhere (Berkman et al., 1989;
Gold et al., 1990; Manton et al., 1992; Manton et al.,
1994; Manton & Land, 2000); only a brief summary
of the process is introduced here. The GoM model is
developed to analyze data for multidimensional fuzzy
states for I individuals with a set of J categorical vari-
ables, each of which is measured with Lj distinct
outcomes or response levels (Manton & Land, 2000).
Each response level (l) of a variable (xij) is recoded into
a set of J*Lj dichotomous variables denoted by yijl,

where yijl =1 if xij = l; and 0 otherwise. K latent profiles
or states (known as ‘pure types’ in GoM terminology)
of traits are identified in the GoM model from J*Lj

binary variables used in the analysis. This is similar to
conventional latent class analyses, although the latent
classes are determined by a set of variables either
dichotomous or continuous.

However, unlike the conventional latent class
analyses, the GoM model has a unique way of using
the structure of the data in constructing dimensions or

states as ‘pure types’. Two types of parameters are
estimated in the GoM model to define the characteris-
tics of pure types and the probability (or degree) of
each individual belonging to a given pure type. The
first, λkjl, the GoM structural probability, which is
subject to the constraints of 0 ≤ λkjl ≤ 1 and

is the probability that the lth response (l = 1, 2, 3,…,
Lj) of variable j (j = 1, 2, 3, …, J), or xij is observed for
pure-type k (k = 1,2,3,…, K), or the probability of
choosing response l of variable xij for a person com-
pletely from pure type k (not from other pure types,
see gik below for more details). λkjl = 1 indicates that a
person who is wholly from pure type k will 100
percent choose the lth response for a given variable xij;
λkjl = 0 indicates that a person who is completely from
pure type k will definitely not choose the lth response
for variable xij. In this regard, the main feature of a
pure type is defined by λkjl.

The second is gik, which is the GoM score, relates
the individual case to the latent profiles. gik represents
the probability of individual i belongs to pure-type k
or the degree to which individual i is a member of
pure-type k. The gik score refers to individual’s grade
of membership of pure type k. giks are convexly con-
strained scores for individuals, that is, 0 ≤ gik ≤ 1 and

gik = 0 indicates zero membership, that is, individual i
does not belong to pure type k; an individual with gik

= 1 (complete membership) is exactly like the kth pure
type or completely belongs to pure type k; and partial
membership (0 < gik < 1) is needed when the individual
does not have all characteristics of a single pure type.
When an individual has a complete membership of a
pure type, he or she wholly belongs to that pure type
only and cannot belong to other pure types. This is
same as conventional classifications or other latent
class analyses. However, for an individual whose gik is
not equal to 1, he or she belongs to several pure types
simultaneously with different probabilities or degrees.
This is different from conventional classifications and
traditional latent class analyses. The membership of
multiple pure types better reflects the reality (Manton
et al., 1994). Berkman et al. (1989) showed that an
individual with gik > 0.85 still exhibits responses asso-
ciated with a single profile of k.

Based on above definitions, the probability of yijl =
1 is defined by the following formula,

.

,
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L j
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For a given set of observations, the likelihood, L, is
expressed as the product over i, j, and l of the set
{Prob(yijl = 1)}

λkjls and giks in the equation can be estimated by
maximum likelihood following the procedure devel-
oped by Woodbury et al. (1994). The number of
dimension (K) is determined by comparing the Akaike
Information Criterion (AIC) for models with different
Ks, with the lowest value of the AIC designating the
best model (Corder et al., 2001).

Variables in the GoM model are used either as
internal or as external variables. Internal variables are
those used to define pure types; λkjl for each internal
variable can be compared to the corresponding mar-
ginal frequency (observed frequency of each response
in the overall sample) to determine the attributes asso-
ciated with each type. In the field of health studies,
health measures are usually used as internal variables
in the GoM model. External variables, such as demo-
graphic and personal characteristics, are not used in
defining pure types; instead they are included to show
their relationships to the pure types.

Several options for GoM analyses of non-indepen-
dent data existed (Gold et al., 1990). First, one might
analyze the dependent sets (e.g., twin 1 and twin 2, or
a parent and a child, or different waves for a panel
dataset) separately and compare the typological
results. Alternatively, one might combine the two
groups with no indication of which respondents are
related. Finally, one might do a combined analysis
with an additional internal variable indicating which
respondents are related.

Several software packages for applying the GoM
model are available; most are developed by the
researchers themselves, and up to now no official
release of commercial GoM software exists. DSIGOM
beta version used in this paper is created by Decision
Systems, Inc., and is available through its website
(http://www.dsisoft.com/index.html) at no cost.

Subjects

Data for this study were collected as part of the
Qingdao Twin Registry, which is a subset of the popu-
lation-based twin registry, the Chinese National Twin
Registry (CNTR) (Yang et al., 2002). All study proto-
cols were approved by the Ethics Committee for
Human Subjects Studies of Peking University Health
Science Center and informed consent was obtained
from subjects. Detailed data collection procedures
can be found elsewhere (Huang et al., 2006; Ji et al.,

2006; Ji et al., 2008; Li et al., 2006). Thirty-one indi-
cators used in the analysis covered three dimensions of
health (i.e., the physical, psychological, and social
dimensions). A total of 510 twin pairs were enrolled
in Qingdao in 2002 for detailed phenotype studies,
and 848 individuals participated in physical examina-
tions (including anthropometrical measurement,
biochemical assessment, etc.), psychological assess-
ments, and social support assessments in 2004.

Physical Health Indicators

Physical health was jointly reflected by body mass
index (BMI), waist circumference (WC), blood pres-
sure, total cholesterol (TC), triglyceride (TG), high
density lipoprotein (HDL), low density lipoprotein
(LDL), fast plasma glucose (FPG) and fasting insulin.
Except BMI, physical health indicators were divided
into two discrete categories indicating normal and
abnormal. A waist circumference of 85 cm or over for
men and 80 cm or over for women was considered to
represent central obesity. High blood pressure was
defined by a systolic blood pressure of 140 mmHg or
over and/or diastolic blood pressure of 90 mmHg or
over. High TC, TG, LDL, FPG and low HDL were
defined by cut-off points of 5.72, 1.70, 3.64, 6.10 and
0.91 mmol/L, respectively. People in the highest quar-
tile of fasting insulin were regarded as high insulin
level. BMI was divided into four categories indicating
low weight (< 18.5), normal weight (18.5~23.9), over-
weight (24.0~27.9) and obesity (≥ 28.0). The cut-off
values defining each category for each biological indi-
cator were determined on the basis of clinically
defined criteria in the Chinese population (Coopera -
tive Meta-analysis Group of China Obesity Task
Force, 2002; Dyslipidemia study group, 1997; Expert
Panel on Metabolic Syndrome of Chinese Diabetes
Society, 2004; Guidelines Revising Committee, 2006).

Mental Health Indicators

Mental health was indicated by psychiatric symptoms
and personality disorders. Symptom Checklist 90
(SCL-90) was used to measure psychiatric symptoms.
The SCL-90 is a self-report instrument comprised of
90 items. The SCL-90 items presumably cover nine
different factors of psychological distress: somatiza-
tion, obsession-compulsion, interpersonal sensitivity,
depression, anxiety, hostility, phobic anxiety, paranoid
ideation, and psychoticism. Each of the nine subscale
scores measures the respondents’ severity of symptom
distress. Subjects with a subscale score above the 75th
percentile were considered suspected positive. To test
the sensitivity, we explored its robustness by using
alternative cut-point values at the 80th and 90th per-
centiles. The results were only altered slightly.

The Personality Diagnostic Questionaire-4th edition
(PDQ-4) was used to assess ten personality disorders
(PD): paranoid, schizoid, schizotypal, histrionic, nar-
cissistic, antisocial, borderline, avoidant, dependent,
and obsessive–compulsive. The PDQ-4 is a self-admin-
istered questionnaire that yields personality diagnoses
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consistent with the DSM-IV diagnostic criteria for axis
II disorders. The Chinese version of the PDQ-4 is
translated and culturally adapted from international
PDQ-4, and it has good reliability and validity for
assessing PDs in Chinese normal subjects (Huang et
al., 2002). The subscale score is indicative of the pres-
ence of each PD respectively. The PDQ-4 integrated
scoring key is followed to indicate clinically relevant
PDs (Huang et al., 2002).

The SCL-90 measures psychological distress over a
given period of time, usually between 7 and 14 days.
As a reflection of respondents’ self-perceived psycho-
logical status during the time reference, it is likely to
be affected by many factors, and therefore only using
the SCL-90 to assess mental health is inappropriate
(Shan, 1998). While the PDQ-4 focuses on lifelong
stable traits rather than on states during a short period
of time, using the SCL-90 and PDQ-4 together could
help evaluate mental health more accurately.

Social Function Measures

Social function measures were derived from three
dimensions of social support with a 10-item instru-
ment: (1) objective support (three items), referring to
supports received from direct material aids and social
network; (2) subjective support (four items), reflecting
emotional and perceived supports; and (3) utilization
of support (three items), referring to one’s use of social
network (Ji et al., 2008). The score for each dimension
is obtained by summing the scores of the correspond-
ing items. The validity of scale has been verified (for
details of social support scale, see Ji et al., 2008). A
score above the 75th percentile indicated a high level
of social support. Sensitivity analyses using alternative
cut-points at the 80th and 90th percentiles yielded a
minor difference.

Statistical Analyses

Variables described above measure different domains
of health; together, they likely encompass most aspects
of health. However, inclusion of all these items in
conventional statistical analyses is impractical. We
therefore applied the GoM model, which is specifically
designed to characterize the complex concept of health,
to these 31 indicators to construct ideal profiles of
health conditions of adult twins from Qingdao, China.

The sample is a dependent sample in that the
observations of one twin are dependent of those of its
co-twin due to genetic and environmental factors.
Unlike previous studies that either overlooked interde-
pendence between subjects in the study or mainly
focused on simple approach to adjust the interdepen-
dence, we tried a new method, λkjl regression, to adjust
the dependence between subjects. That is, giks were
estimated for subsample 2 conditional on the λkjl solu-
tion of subsample 1 for the same set of variables. In
other words, we assumed that λkjl in subsample 1 was
equal to λkjl in sub-sample 2. Specially, one member
was randomly selected from each twin pair to generate
subsample 1 (n = 419) using ‘sample’ command in

STATA statistical package (StataCorp, 2007), and the
remaining members constituted subsample 2 (n =
429). As the sampling procedure is completely at
random and only one member of each twin is selected
each time, it is reasonable to consider that the two
subsamples are chosen independently.

Two alternative designs can be selected in perform-
ing λkjl regression after randomly splitting each twin
pair. First, GoM analysis is performed on sub-sample
1 and then giks for sub-ample 2 are estimated using λkjl

regression. The second one is just the reversal of the
first, that is, GoM analysis is conducted on sub-
sample 2 and then giks are estimate for subsample 1.
Because the two designs produced very similar results
(data not shown), only results of the first one were
reported here.

Results
Subjects consisted of 419 pairs and 10 individuals,
ranging in age from 23 to 70 years (mean = 40.09, SD
= 9.09); 37.38% were male. The demographic charac-
teristics of subjects are summarized in Table 1. No
statistically significant difference was found between
subsample 1 and subsample 2.

GoM analyses were completed for three, four and
five pure types, and AICs were calculated for each.
AIC was lower for the model specifying 4 types (AIC
= –2035.64) than either 3 (AIC = –1914.82) or 5 types
(AIC = –1772.08) indicating that four pure types
provide a model with the best fit to these data, that is,
K = 4.

Subsets of characteristics that distinguish one pure
type from another, and thus form the basis for verbal
descriptions of the pure types, are identified using cri-
teria developed by Berkman and colleagues (Berkman
et al., 1989), which compares each λkjl to the corre-
sponding marginal frequency. Specifically, a particular
response will be defined as a distinguishing character-
istic for a pure type if its estimated probability is at
least twice the marginal frequency. For relatively
prevalent conditions (assumed here to be responses
with marginal probabilities greater than 0.4), the
response will be considered to be distinguishing if the
estimated probability is at least 35% greater than the
marginal frequency. The profile probabilities (λkjls) for
each of the four pure types are presented in Table 2
together with the marginal frequency associated with
each deleterious condition. The GoM classification of
the subjects’ health status can be described as follows.

Pure Type I: Healthy Individuals. This profile can be
interpreted as healthy, i.e., individuals have no indica-
tions of physical impairments, mental impairments, or
social ill-adaptation.

Pure Type II: Individuals With Personality Disorders.
This type has no physical impairments or psychiatric
symptoms, but he/she displays significant PDs. 100%
probabilities of seven PDs (paranoid, histrionic, obses-
sive–compulsive, schizoid, narcissistic, avoidant, and
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schizotypal) are found for pure type II and the proba-
bility of dependent PD is also very high (63.04%). 

Pure Type III: Individuals With Mental Impairments.
This type is physically healthy but comprises nine psy-
chiatric symptoms and some PDs. The probabilities of
six PDs (paranoid, antisocial, obsessive–compulsive,
avoidant, schizotypal, and borderline) are 75.73%,
5.59%, 100%, 100%, 59.78%, and 29.72% respec-
tively for pure type III. 

Pure Type IV: Individuals With Physical Impairments.
This type is characterized by the presence of physical
impairments including being overweight, obesity,
central obesity, high blood pressure, high TC, high
TG, low HDL, high LDL, high FPG, and high INS.

Our GoM analysis also revealed that HDL, FPG,
antisocial, objective support, subjective support and uti-
lization of support had negligible contributions to
defining the pure types given that their H values were
small with values of 0.01, 0.04, 0.01, 0.01, 0.04 and
0.02, respectively, where H value measures how well the
variable corresponds to the final pure type definition.

Table 3 reports the gik distribution across four pure
types. Seven hundred and four individuals (83.02%)
are found to have some characteristics of pure type I
(g1 ≠ 0), of which 81 individuals (9.55%) are complete
members (g1 = 1). There are 416 individuals (49.06%)
whose giks for pure type III are estimated to be zero,
whereas there are 61.20% of the subjects showing
symptoms associated with pure type II and 58.73%
for pure type IV.

Table 4 shows the distribution of GoM profiles
by sex. Consistent with Berkman and colleagues

(Berkman et al., 1989), individuals with a GoM score
of 0.9 or higher are defined as belonging to a single
pure type, and individuals are defined to hold partial
membership in two (or more) pure types if the corre-
sponding two (or more) GoM scores sum to unity.
Given this definition, most subjects (73.00%) share
the characteristics of two or three pure types, and only
115 individuals (13.56%) are complete members of a
single type, of which few are represented solely by
pure type II (0.47%), III (0.94%) and IV (1.06%).
The largest proportion of subjects (14.74%) are
described by a combination of pure types I, II and IV,
followed by a mix of pure types I, II, III and IV
(13.44%), and pure type I as the third most prevalent
class (11.08%).

Discussion
Multidimensional assessment of health status would
facilitate the targeting of health resources based on
health needs from a multidimensional perspective, and
would also enable international and national compar-
isons, monitoring trends over time, and evaluation of
the effect of interventions. The uniqueness of the
current study lies in its application of the GoM model
to construct profiles of health status based on a set of
31 indicators from physical, mental, and social health
domains in adult twins from Qingdao, China. In the
field of health studies, most traditional classification
methods rely on the ‘crisp set’ perspective, which
requires that individuals belong to one and only one
category. In contrast, the GoM model generates noso-
logical types and simultaneously quantifies the degree
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Table 1

Demographic Profile of Subjects

Demographic variables Subsample 1 Subsample 2 Total

N % N % N %

Sex
Male 163 38.00 154 36.75 317 37.38
Female 266 62.00 265 63.25 531 62.62

P = 0.709a

Residence
City 265 62.21 270 64.59 535 63.39
Countryside 161 37.79 148 35.41 309 36.61

P = 0.472a

Marital status
Single 35 8.20 34 8.15 69 8.18
Married 392 91.80 383 91.85 775 91.82

P = 0.982a

Education
Illiterate or elementary 32 7.51 26 6.22 58 6.87
Junior high 155 36.38 166 39.71 321 38.03
Senior high 141 33.10 138 33.01 279 33.06
College or higher 98 23.00 88 21.05 186 22.04

P = 0.684a

Note: aP-value of the Chi-square test for heterogeneity of proportions between subsample 1 and subsample 2.
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to which an individual’s features fit each type, allow-
ing individuals to hold complete membership in a
single category or partial membership in multiple cate-
gories (Manton et al., 1992). Importantly, in latent
class model, as the number of variables increases, the
posterior probabilities tend toward 1 for the correct
class and 0 for all other classes; whereas in the GoM
model, as more information is used in the analysis, the
GoM scores are better estimated without convergence
to the boundary values, 0 or 1 (Stallard, 2005).
Therefore, the multidimensionality and continuity of
health can be well embodied. The advantage of the
GoM model lies in its ability to identify latent profiles
of health status using information on health indicators
from all dimensions; furthermore, based on the ‘fuzzy

set’ paradigm, it generalizes the traditional discrete
taxonomy and treats health as a continuous variable,
so it is a superior alternative to the conventional clas-
sification methodologies used to capture the complex
nature of health in its full extent. However, similar to
other ‘crisp’ conventional latent class methods, the
GoM model is somewhat subjective: naming of pure
types can be likened to artwork, requiring not only
complicated objective calculations but also critical
thoughts concerning specialty and research topic
(Manton et al., 1994).

In our study four profiles were identified and
characterized as healthy individuals (pure type I), indi-
viduals with personality disorders (pure type II),
individuals with mental impairments (pure type III),
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Table 2

Probabilities of the Presence of Each Condition for Four GoM Profiles (%)

H Condition Marginal Pure types
frequency I II III IV

Physical impairments
0.51 Low weight 4.44 6.81 0.00 14.51 0.00

Overweight 30.61 0.00 43.81 0.00 73.79
Obesity 8.41 0.00 0.00 0.00 26.21

0.51 Central obesity 29.98 0.00 0.00 0.00 100.00
0.47 High blood pressure 16.78 0.00 0.00 0.00 100.00
0.47 High TC 13.29 0.00 0.00 0.00 100.00
0.24 High TG 11.42 0.00 0.00 0.00 65.35
0.01 Low HDL 0.47 0.00 0.00 0.00 2.70
0.47 High LDL 13.99 0.00 0.00 0.00 99.65
0.04 High FPG 3.03 0.00 3.64 0.00 13.64
0.48 High insulin 23.29 0.00 0.00 0.00 100.00

Psychiatric symptoms
0.41 Somatization 20.98 0.00 0.00 100.00 0.00
0.40 Obsession-compulsion 18.88 0.00 0.00 100.00 0.00
0.40 Interpersonal sensitivity 18.18 0.00 0.00 100.00 0.00
0.42 Depression 22.38 0.00 0.00 100.00 0.00
0.41 Anxiety 19.81 0.00 0.00 100.00 0.00
0.41 Hostility 20.51 0.00 0.00 100.00 0.00
0.39 Phobic anxiety 16.32 0.00 0.00 100.00 0.00
0.39 Paranoid ideation 16.32 0.00 0.00 100.00 0.00
0.40 Psychoticism 18.65 0.00 0.00 100.00 0.00

Personality disorders
0.54 Paranoid 36.83 0.00 100.00 75.73 0.00
0.51 Histrionic 28.44 0.00 100.00 0.00 0.00
0.01 Antisocial 1.18 0.00 2.24 5.59 0.00
0.32 Obsessive-Compulsive 59.21 0.00 100.00 100.00 64.64
0.42 Schizoid 24.01 0.00 100.00 26.24 9.42
0.46 Narcissistic 19.35 0.00 100.00 10.70 0.00
0.63 Avoidant 36.60 0.00 100.00 100.00 0.00
0.48 Schizotypal 16.55 0.00 100.00 59.78 0.00
0.09 Borderline 6.53 0.00 13.72 29.72 0.00
0.23 Dependent 11.89 0.00 63.04 15.36 0.00

High social support
0.01 High objective support 18.65 21.72 11.74 21.02 15.36
0.04 High subjective support 16.32 20.56 26.51 0 6.72
0.02 High utilization of support 21.21 29.05 17.12 9.36 12.02

Note: Numbers in bold type indicate the conditions defining a profile.
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and individuals with physical impairments (pure type
IV). Less than 14% of the sample were classified as
complete members of a single type and majority of
them (11%) were subject to pure type I (i.e., healthy).
The rest of the sample (more than 86%) exhibited
some of the characteristics of two or more pure types

rather than being extreme representatives of one type,
indicating an advantage of the GoM model over the
traditional latent analytic methods.

We further found that indicators from the social
domain had very small contributions to the identifica-
tion of health profiles, suggesting that patterns of
social support are similar among this sample. This
may indicate that these variables might not be ade-
quately defined or might not be very useful in this
sample to capture heterogeneity within social domain
of health. Literature has consistently shown that high
or good social support may increase our sense of
control over the environment, dampen physiological
arousal, strengthen immune responses, promote
healthy behavior, and buffer the negative effects of life
events and chronic stressors (Fuhrer & Stansfeld,
2002). However, associations between social wellbeing
and other health domains are normally less stronger
than those across other domains (Sugisa et al., 1994;
Unger et al., 1999; Zunzunegui et al., 2004), Berkman
and colleagues (2000) presented a conceptual model
which postulated a cascading causal process from
social networks to emotional support through factors
more proximate to individual health, including behav-
ioral, psychological and physiological pathways, and
to sense of wellbeing. Thus, it’s no wonder that social
indicators lose their significance when numerous indi-
cators from physical or mental dimensions are present.
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Table 3

Distribution of giks Across Four Pure Types

Range Pure types

I II III IV

0.00 144 (16.98) 329 (38.80) 416 (49.06) 350 (41.27)
0.01~0.10 33 (3.89) 68 (8.02) 120 (14.15) 32 (3.77)
0.11~0.20 49 (5.78) 148 (17.45) 89 (10.50) 122 (14.39)
0.21~0.30 65 (7.67) 74 (8.73) 54 (6.37) 97 (11.44)
0.31~0.40 79 (9.32) 90 (10.61) 39 (4.60) 102 (12.03)
0.41~0.50 72 (8.49) 61 (7.19) 39 (4.60) 49 (5.78)
0.51~0.60 71 (8.37) 30 (3.54) 29 (3.42) 52 (6.13)
0.61~0.70 98 (11.56) 21 (2.48) 27 (3.18) 14 (1.65)
0.71~0.80 67 (7.90) 15 (1.77) 16 (1.89) 12 (1.42)
0.81~0.90 76 (8.96) 8 (0.94) 11 (1.30) 9 (1.06)
0.91~0.99 13 (1.53) 2 (0.24) 3 (0.35) 4 (0.47)
1.00 81 (9.55) 2 (0.24) 5 (0.59) 5 (0.59)

Total 848 (100.00) 848 (100.00) 848 (100.00) 848 (100.00)

Note: Data are shown as N(%).

Table 4

Distribution of Pure Types

Distribution class Males Females Total

N % N % N %

Single (gk ≥ 0.90)
Pure type I 26 8.20 68 12.81 94 11.08
Pure type II 3 0.95 1 0.19 4 0.47
Pure type III 2 0.63 6 1.13 8 0.94
Pure type IV 4 1.26 5 0.94 9 1.06
Subtotal 35 11.04 80 15.07 115 13.56

Paired
I and II 33 10.41 58 10.92 91 10.73
I and III 15 4.73 37 6.97 52 6.13
I and IV 35 11.04 53 9.98 88 10.38
II and III 10 3.15 10 1.88 20 2.36
II and IV 11 3.47 12 2.26 23 2.71
III and IV 10 3.15 9 1.69 19 2.24
Subtotal 114 35.96 179 33.71 293 34.55

Triple
I, II and III 31 9.78 51 9.60 82 9.67
I, II and IV 44 13.88 81 15.25 125 14.74
I, III and IV 18 5.68 40 7.53 58 6.84
II, III and IV 33 10.41 28 5.27 61 7.19
Subtotal 126 39.75 200 37.66 326 38.44

Mixed
I, II, III and IV 42 13.25 72 13.56 114 13.44

Total 317 100.00 531 100.00 848 100.00

Note: Numbers in bold type show the three most frequent classes.
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Further research is clearly warranted to shed more
light on this topic.

The uniqueness of the present study lies in our
attempt to use λkjl regression aiming to correct for
dependence between twin clusters. As aforementioned,
to address inter-twin correlation one can use either
separate sample analysis, whole sample analysis
without dependence adjustment, or whole sample
analysis considering inter-twin dependence by adding
one additional variable in the analysis to indicate
relating respondents. The separate sample approach
normally produces two different sets of ‘pure types’
for two sub-samples and their probabilities will be
also different. Accordingly, their results cannot be
compared or combined. The whole sample analysis
simply overlooked inter-twin correlations. We ever
considered using the third method. Yet, because every
variable (either indicator variable, external variable,
or internal variable) in the GoM model must be cate-
gorical and the maximum number of categories should
not exceed twenty in the current version of the
DSIGoM package, it is impossible for us to use a vari-
able (i.e., ‘twin id’) to indicate relating subjects given
that the number of twin pairs is 419 in our dataset.
Other packages also likely suffer from this constraint.
In this regard, the GoM model is unable to deal with
large pair data using the third approach. This is the
major reason why most previous studies using the
GoM model did not adjust inter-subject dependence.
For example, Manton and Land (2000) combined four
waves of longitudinal datasets and only included a
time variable in the GoM model and assumed a fixed
λkjl over time. Their approach is indeed a whole
sample analysis without taking intersubject depen-
dence into consideration as the time variable could not
capture the intersubject correlation. In other words,
λkjl regression, which assumes a fixed λkjl within each
twin pair, might be a practical approach in the GoM
model for better addressing inter-twin dependence.

We randomly divided twin pairs into two samples
of unrelated individuals to satisfy the assumption of
independent observations, and the two alternative
designs produced very close results. The results based
on the whole sample that did not adjust inter-twin
correlation are somewhat different from these results.
Additional analytical results based on the conven-
tional factor analysis further confirmed the
importance of physical and mental domains and unim-
portance of social domain indicators in our sample.
All together, we are confident about the stability and
reliability of the new method. Compared to previous
methods, our new method extends previous simple
approaches for adjustment of intersubject dependence
by removing the structure of dependency using λkjl

regression. Indeed, several previous approaches did
not fully take interdependence into consideration
(Gold et al., 1990; Manton & Land, 2000). In this
regard, the present study makes an important contri-
bution to research on the GoM application in

non-independent samples. Nevertheless, more efforts
are certainly needed to further address this issue in the
GoM model.

Several limitations deserve additional attention.
First, although the GoM scores of each individual on
health profiles are superior to outcomes based on con-
ventional methods, the results of the present study are
not readily comparable with other GoM analyses of
health status given that the typology obtained strongly
relies on the choice of indicators and measurement
instruments, and that not all studies use the same
instruments, nor do these instruments capture similar
aspects of the health concept. Second, some indicator
values in this analysis were divided into two categories
designed to distinguish ‘high’ values from those within
the ‘normal’ range based on the 75th percentile. The
choice of these cut-off points may not be accurate, but
it might be reasonable in the absence of clinically
defined or otherwise substantively meaningful criteri-
ons and can approximately reflect the distributions of
these indicators in the sample. Importantly, other cut-
off points produce similar results. Third, due to space
limitations, we were unable to explore the associations
between socioeconomic characteristics (external vari-
ables) and pure types. We also did not apply the
approach used by previous studies (McNamee, 2004;
Portrait et al., 1999, 2001; Seplaki et al., 2004) where
the individual degrees of involvement in the different
health dimensions (giks) obtained from the GoM
model were used in other multivariate analyses. We
will leave analyses on such associations for future
studies. Finally, we used λkjl regression to address inter-
twin dependence. Although it is novel, its practical
value still needs further confirmation.
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