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Abstract

Understanding the multiple factors that place individuals at risk for sexual risk behavior is critical
for developing effective intervention programs. Regression-based methods are commonly used to
estimate the average effects of risk factors, however such results can be difficult to translate to
prevention implications at the individual level. Although differential effects can be examined to
some extent by including interaction terms, as risk factors and moderators are added to the model
interpretation can become difficult. The current study presents finite mixture regression as an
alternative approach, where population subgroups are identified based on the pattern of
associations between multiple risk factors and sexual risk behavior. Data from participants in the
National Longitudinal Study on Adolescent Health were used to explore the effects of five
adolescent risk factors (early sexual debut, heavy episodic drinking, school connectedness,
positive consequences of having sex, and negative consequences of having sex) on the total
number of sexual partners in adulthood. Four latent classes were identified on the basis of the
Poisson regression parameter estimates. Gender, race, and grade were included as predictors of
latent class membership. Results suggest that prevention programs focused on mediating these
particular risk factors may be most effective for adolescents who are at lower risk for later
engaging in risky sexual behaviour; however, for the subgroup of adolescents who go on to have
the most sexual partners, the evidence is less conclusive and warrants further study.

Over the past two decades a wealth of literature has been published on the risk and
protective factors associated with high-risk sexual behavior among youth (Buhi & Goodson,
2007; DiClemente et al., 2008). The factors are vast and include individual characteristics
(e.g., attitudes towards sex) and behaviors (e.g., alcohol use), social interactions (e.g., family
and peer connections), and environmental influences (e.g., community resources; Kirby,
2007). The identification of these factors has been critical in designing and implementing
effective risk-reduction programs (DiClemente et al., 2008); however, as noted in a recent
review article, there is room for improvement, especially in terms of conducting more
rigorous methodological assessments (Buhi & Goodson, 2007). Using data from a nationally
representative longitudinal study, we demonstrate how using a more advanced statistical
technique can simultaneously (a) identify population subgroups based on the relative
importance of risk factors for lifetime sexual partners among young adults and (b) identify
likely members of those subgroups so that relevant preventive interventions might be
designed for those individuals. While the absolute number of sexual partners a person has in
his/her lifetime in is not a risk in and of itself, it has become a widely used indicator of risky
sexual behavior because many young people inconsistently or incorrectly use condoms
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(Santelli, Brener, Lowry, Bhatt & Zabin, 1998), which increases the risk for unintended
pregnancies and transmission of sexually transmitted infections, including HIV.

The risk factors utilized in the study were inspired by a social cognitive framework, which
posits that behavior is the result of interactions between individual cognitions, the
environment, and personal behavior (Bandura, 1986). Within the cognitive domain, we
investigated motivations for engaging in sexual intercourse, specifically positive and
negative consequences of having intercourse. A recent review article found motivations to
engage in sex as one of the most stable predictors of sexual behavior outcomes (Buhi &
Goodson, 2007), including number of sexual partners (Kan, Cheng, Landale & McHale,
2010). The environmental factor considered in the study was school connectedness.
Although there is mounting evidence that a youth’s perception of relationships to people at
school is protective against sexual risk behaviors, the evidence is inconclusive for predicting
number of sexual partners (Markham et al., 2010), thus warranting further exploration.
Finally, there is substantial evidence that other behaviors such as early use of alcohol
(DiClemente et al.; 2008; Santelli, et al., 1998) and early sexual debut (Sandfort et al. ,
2008) predict multiple sexual partners later in life; one study found that the relationship
between alcohol use and multiple sexual partners was mediated by early sexual debut
(Strachman, Impett, Henson & Pentz, 2009).

Methodological approaches to modeling risk factors

Most of the literature to date relating risk factors to sexual risk behavior has been based on
regression models. These methods are appropriate for estimating the average effects of
predictors in a population. Any exploration of differential effects across population
subgroups is traditionally done by adding interaction terms. For example, when estimating
the effect of perceived positive consequences of having intercourse during adolescence on
lifetime sexual partners at age 30, inclusion of a term for the interaction between gender and
positive consequences permits an examination of whether the effect of positive
consequences on number of partners is different for males and females. Although such
moderation analyses can be highly informative, a model considering multiple predictors and
multiple moderating variables simultaneously can be very difficult to interpret. As an
example, a model with three risk factors and the same number of moderators would require
three main effects for the risk factors, three main effects for the moderators, and nine two-
way interaction terms.

An alternative is finite mixture regression (McLachlan & Peel, 2000; Wedel & DeSarbo,
2002; Wedel & Kamakura, 2001), which can be used to identify population subgroups of
individuals for whom certain risk factors are most salient and, if targeted in an intervention
program, may be most effective at reducing the problem behavior. Finite mixture regression
is similar in spirit to the more familiar latent class analysis (Collins & Lanza, 2010), which
is used to identify latent subgroups on the basis of responses to a set of categorical items,
usually from one time point. What is different, however, is that unlike in latent class
analysis, where the indicators are actual observed variables, in finite mixture regression the
indicators are regression coefficients.

Conceptually, finite mixture regression is a statistical model that posits a single regression
model for a population (similar to standard regression) and posits that two or more
unobserved (latent) subgroups exist in the population such that those subgroups differ in
their regression coefficients. Consider again the example where a scale for positive
consequences of having intercourse, measured during adolescence, is used to predict the
total number of sexual partners at age 30. Standard linear regression analysis would yield the
expected effect that positive consequences of intercourse have on the number of partners, on
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average in the whole population. In contrast, finite mixture regression analysis may suggest
two or more subgroups (i.e., latent classes) in the population, where the subgroups differ in
terms of their intercept (i.e., mean number of partners), the effect of positive consequences
on number of partners, or both. Parameter estimates include the intercept and slope within
each subgroup, as well as the proportion of the population in each subgroup.

Because the latent class variable is unobserved, the actual subgroup membership of
individuals in a sample is unknown. Rather, each individual has a (typically nonzero)
probability of membership in each latent class. Based on this, it may appear to be impossible
to direct intervention resources to the unobserved subgroups. However, identifying who to
target actually can be achieved by including directly measured characteristics (e.g., age,
gender, race) as predictors of latent class membership. Then, the set of characteristics that
are associated with latent class membership, where the classes are defined by both the level
on the outcome (i.e., intercept) and the effects of multiple predictors on that outcome, may
be used to target intervention resources to certain individuals and tailor the intervention
program to those respective subgroups based on the most salient predictors suggested within
the class-specific regression models.

The current study presents an empirical demonstration of finite mixture regression, where

the total number of sexual partners in adulthood is predicted by early sexual debut, heavy

episodic drinking, school connectedness, positive consequences of having intercourse, and
negative consequences of having intercourse. Emphasis is given to a comparison between

the prevention implications suggested by a standard Poisson regression analysis and those
suggested by a finite mixture regression analysis.

Participants were drawn from the National Longitudinal Study of Adolescent Health (Add
Health; Harris et al., 2009). A sample of 80 high schools and 52 middle schools in the US
was selected with unequal probability of selection. Incorporating systematic sampling
methods and implicit stratification into the Add Health study design ensured this sample is
representative of US schools with respect to region of country, urbanicity, school size,
school type, and ethnicity. The current study included N/ = 6,042 adolescents who were in
ninth through twelfth grade at Wave 1 (median age of 16; 54.1% female; 70.9% White,
17.6% Black, 11.5% other), collected in 1994-1995, and had complete data on the variables
used in the models. Data on individual characteristics and risk factors were drawn from
Wave 1, and data on total number of sexual partners were drawn from Wave 4, when
participants were approximately 27 — 30 years old.

Sexual risk behavior—Total number of sexual partners, irrespective of sexual
orientation, was assessed at Wave 4, when participants were age 27-30. The reported
number of partners ranged from zero to 900, with a mean of 13.7 partners. For
computational reasons, extreme high outliers on the count variable, which comprised less
than one percent of the total sample, were truncated so that the maximum number of
partners was coded as 100 (range 0 to 100, mean = 12.8)

Risk factors—TFive risk factors for sexual risk behavior, which were assessed at Wave 1
when participants were in Grades 9 through 12, were included in the finite mixture
regression models. Early sexual debutwas coded 1 if the adolescent reported ever having
sexual intercourse before ninth grade. Specifically, adolescents were coded as having early
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sex if those in Grade 9 reported having first intercourse during or before 1994, those in
Grade 10 during or before 1993, those in Grade 11 during or before 1992, and those in
Grade 12 during or before 1991. Heavy episodic drinking was coded 1 if the adolescent
reported drinking five or more alcoholic drinks in a row at least one time in the past 12
months, and coded 0 if they reported not engaging in this behavior. School connectedness
was assessed by taking the mean of two items: “You feel close to people at your school,”
and “You feel like you are part of your school,” which were coded on five-point scales
ranging from 1 (strongly agree) to 5 (strongly disagree). The scale was standardized, and
high scores reflect more risk (a = .77). A factor analysis of a set of items measuring
motivations to engage in risky behaviors suggested two unique scales. Positive
consequences reflected three perceived positive outcomes for having sexual intercourse:
friends would respect you more, it would relax you, it would make you more attractive to
the opposite sex. The standardized mean of the three five-point scales (from strongly
disagree to strongly agree) was coded so that high scores, i.e. more positive consequences
for having intercourse, correspond to more risk (a = .85). Negative consequences reflected
three perceived negative outcomes for having sexual intercourse: your partner would lose
respect for you, you would feel guilty, and it would upset your mother. The standardized
mean of the three five-point scales (from strongly disagree to strongly agree) was coded so
that high scores correspond to greater protection (a = .83). The five factors described above
were included in the regression models as predictors of sexual risk behavior.

Individual characteristics—Three individual characteristics were included to
demonstrate how profiles can be obtained for the individuals who comprise each latent class.
These were gender (54.1% female, 45.9% male), race (reduced to three categories: 17.6%
Black, 70.9% White, and 11.5% other racial groups), and grade in school at Wave 1 (26.4%
in Grade 9, 25.4% in Grade 10, 25.7% in Grade 11, and 22.6% in Grade 12). These variables
were included as predictors of latent class membership, as opposed to direct predictors of
sexual risk behavior.

Analytic strategy

We first employed a standard linear regression model where the outcome variable (number
of sexual partners by adulthood) was specified to be a count variable; thus, log-linear
Poisson regression was used. That is, the natural log of the expected number of sexual
partners was modelled as a function of the predictors. Early sexual debut, heavy episodic
drinking, school connectedness, positive consequences, and negative consequences were
included as numeric predictors of the number of sexual partners. Results from this model
yielded the population average expected effects of the five risk factors, providing a basis of
comparison between a standard regression model and the proposed finite mixture regression
model. The profile of individual characteristics for the standard approach is simply reflected
by the overall distribution on gender, race, and grade in school, described above.

Next, we conducted finite mixture regression models with the number of sexual partners
again specified to be an outcome to be treated as a count variable, with the five risk factors
as predictors. In these models, log-linear Poisson regression was used for the within-class
regression models. Models with one through seven latent classes were compared; the one-
class model is equivalent to the standard regression model described above. Model selection
for the finite mixture regression analysis was conducted using a combination of
interpretability, the BIC, and the pseudo /A2, which is a heuristic measure of how well the set
of predictors explains variability in lifetime sexual partners (see Vermunt & Magidson,
2005). Gender, race, and grade in school were included to predict membership in each latent
class, allowing us to determine whether these individual characteristics were predictive of
certain regression patterns, and also to profile the resultant latent classes according to these
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characteristics. Latent Gold (Vermunt & Magidson, 2005) was used to fit the standard
Poisson regression and the finite mixture regression models.

Results

Standard Poisson regression

Table 1 shows results from the standard Poisson regression analysis, where number of
sexual partners in adulthood was predicted from the five risk factors assessed during high
school. The amount of variance explained in the outcome by these five predictors was 9%.
The intercept, 2.32, is the Poisson regression estimate when all predictors in the model are
evaluated at zero. For adolescents with no early sexual debut, no heavy drinking, and
average school connectedness and positive and negative consequences, the log of the
expected number of partners in adulthood was 2.32. By exponentiating this value, we
estimated that this intercept corresponded to e2-32 = 10.18 lifetime partners.

The remaining coefficients reflect the difference in the logs of expected number of partners
corresponding to a one-unit change in the predictor variable, given that the other predictor
variables in the model are held constant. For example, the first coefficient compares
adolescents who have and have not engaged in early sexual intercourse, given that the other
variables are held constant in the model. The difference in the logs of expected number of
partners was expected to be 0.45 units higher for those who had an early sexual debut. This
corresponds to a main effect of €945 = 1,57 times more partners for those with early sexual
debut (compared to those who did not) holding all other predictors constant. Similarly,
heavy episodic drinking corresponded to e%-27 = 1.31 times more partners; one standard
deviation higher on school connectedness corresponded to €992 = 1.02 times more partners;
one standard deviation higher on positive consequences corresponded to e0-21 = 1.23 times
more partners; and negative consequences corresponded to e0-23 = 0.79 times as many
partners.

Finite mixture regression

In contrast to the standard Poisson regression analysis, in finite mixture regression there is a
complete set of regression coefficients, including intercept and slopes, estimated within each
latent class. In addition, latent class membership probabilities are estimated that indicate the
relative class sizes. Models with one through seven latent classes were compared. Table 2
shows information relevant to selecting the number of latent classes. In particular, the BIC
suggested that the model with seven latent classes had the most optimal balance between fit
and parsimony among the models considered. The BIC, however, indicated only incremental
improvements when moving from a four-class model to more complex ones (see Figure 1,
Panel a). Classification error is a criterion that indicates the certainty with which we can
predict the individuals’ latent class membership given the model and their responses to the
observed variables; values closer to zero are preferred, although some amount of error is to
be expected for models with two or more latent classes. Perhaps more convincing is the
overall /2, or amount of variability in the number of sexual partners explained by the model.
Standard Poisson regression (i.e. the one-class model) explained only 9% of the variance.
Figure 1, Panel b plots the overall /2 for the models under consideration. Based on the
information presented in Table 2 and Figure 1, and a careful inspection of the parameter
estimates from competing models, we selected the four-class model to describe
heterogeneity both in sexual risk behavior in adulthood and in the effects of risk factors
predicting that behavior.

Table 1 shows the proportion of individuals in each latent class, the class-specific mean
lifetime sexual partners, and the class-specific regression coefficients based on the finite
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mixture regression model. Classes are ordered according to their relative size (largest to
smallest), which corresponds to an increasing average lifetime sexual partners. Latent Class
1 comprised 53% of the sample, with mean lifetime partners equal to 4.12. Latent Class 2
included 32% of the sample, with 13.09 lifetime partners on average. Similarly, Latent
Classes 3 comprised 13% of the sample, with 32.15 mean lifetime partners, and Latent Class
4 included just 3% of the sample, with 79.91 lifetime partners on average. As with the
standard Poisson regression, class-specific intercept coefficients from the mixture regression
model were exponentiated to yield mean lifetime partners in adulthood among adolescents
with no early sexual debut, no heavy drinking, and average school connectedness and
positive and negative consequences. For example, in Latent Class 1 the intercept
corresponded to el-11 = 3.03 lifetime partners. The corresponding values for Latent Classes
2, 3, and 4 were 9.87, 26.84, and 73.70 lifetime partners, respectively.

All five predictors were significantly related to lifetime sexual partners overall (that is,
combining across latent classes). The regression coefficients varied significantly (p < .0001)
across the latent classes for the following four predictors: early sexual debut, heavy episodic
drinking, positive consequences, and negative consequences. In every case, the effects were
strongest in Latent Class 1, and weakened across the latent classes as the mean number of
partners increased. In other words, the known risk factors for lifetime sexual partners had
effects in the anticipated direction for every latent class, however, the effects were
significantly stronger in the lower-risk classes. For example, in Latent Class 1, adolescents
with early sexual debut were expected to have e%-53 = 1.70 times more partners than those
without early debut. In contrast, the effect of early sexual debut was significantly weaker in
Latent Class 4, corresponding to €9-09 = 1.09 times more partners. The effect of school
connectedness, while significant overall, did not vary significantly across the latent classes.

The distribution of individuals across the four latent classes varied significantly across
gender, race, and grade. Figure 2 provides the prevalence of the four latent classes across all
levels of the individual characteristics considered in the model. Each set of bars in the figure
sums to 1.0. For example, among all White adolescents (regardless of their gender or grade)
the distribution across latent classes exactly mirrored the overall distribution shown in Table
1, specifically 53%, 31%, 12%, and 3% for Latent Classes 1 through 4, respectively. This
distribution was considerably different, however, for the other racial groups. Among Black
adolescents, the prevalence of Latent Classes 1 and 2 were nearly equal (43% and 37%,
respectively), and the prevalence of Latent Class 3 was higher, at 16%, than for White
adolescents. In contrast, among adolescents from other racial groups, the distribution was
shifted toward lower risk, with the prevalence of Latent Class 1 equal to 63% and just 1% in
Latent Class 4.

Discussion

A variety of regression modeling approaches are available for examining the associations
between multiple factors related to sexual risk behavior. For example, the most
straightforward approach is to simply include the risk factors as predictors of the outcome.
The standard analysis reported in Table 1 provides a demonstration of what conclusions may
be drawn from such an approach. That is, the population average effect of an individual risk
factor on the outcome is estimated, holding all other predictors constant. For example, early
sexual debut conferred the strongest risk for having more sexual partners by adulthood.
Specifically, that level of risk was estimated to be 1.57 times for the overall population. To
include a moderator such as race, as defined in this study to include three categories, ten
interaction terms must be specified: early sexual debut by White, early sexual debut by
Black, heavy episodic drinking by White, and so on. While such an approach could help to
identify differential effects of risk factors (for example, whether the effect of early sexual
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debut varies across race groups), it would be difficult to consolidate the implications from so
many coefficients in order to inform development of prevention interventions for various
subgroups.

By moving to a finite mixture regression framework, heterogeneity in the regression
estimates, including the intercept and the five slopes, was explained by a latent subgroup
variable. In other words, rather than having three observed moderators (gender, race, and
grade), this model incorporates a single latent moderator. This model allows us to further
unpack these associations in the population, providing information about the processes
involved in developing sexual risk behavior. Specifically, this approach allowed us to
determine which risk factors play an important role in predicting sexual risk behavior within
each of the latent subgroups. Then, by including individual characteristics as predictors of
the latent class variable, we were able to obtain profiles of the individuals who comprise
each latent class. This approach is much more holistic than a standard regression model that
includes a large number of interaction terms, as it paints a picture of key subgroups of
individuals in terms of their group-specific level of risk and processes leading to the risky
behavior.

A primary finding based on the finite mixture regression model was that the strength of
association between four of the five risk factors (all but school connectedness) and lifetime
sexual partners systematically weakened across the latent classes. That is, with an increasing
average number of partners, the absolute size of effects diminished. While exploring this
phenomenon goes beyond the current study, we propose here several possible explanations.
A more substantive hypothesis is that the factors that predict the number of partners is less
well understood for the highest-risk individuals (i.e., Latent Class 4). It is possible that other
predictors such as psychopathology may play a stronger role in this subgroup than that
played by the risk factors known to play an important role in the overall sample. A more
methodological hypothesis stems from the fact that unreliability in measurement attenuates
correlations. It is possible that reported number of partners becomes substantially less
reliable as the number increases. For example, an individual who has had, say, six partners
can most likely remember them all by name, whereas an individual who has had dozens may
not be able to report the exact number accurately. To the extent that measurement error
increases as the number of lifetime partners increases, it is possible that measurement error
is attenuating the effects of the predictors within the higher-risk classes (Brown & Sinclair,
1999).

Limitations and future directions

Several limitations and areas for future research merit mentioning. First, while the overall
amount of variance explained by the four-class regression model was extremely high
(94.2%), the amount explained within each latent class was somewhat lower, ranging from
27.7% for Class 4 and 62.3% for Class 2. The within-class regression model could be
improved by including other known predictors of sexual risk behavior such as parental
monitoring (Markham et al., 2010) or depressive tendencies (Lehrer, Shrier, Gortmaker, &
Buka, 2006). Second, the current analysis did not incorporate survey weights. This issue will
be important to consider in future finite mixture regression analyses relying on data such as
these, collected using a complex survey design, to draw inference. Third, as found in Kan et
al. (2010), there is variability in the acquisition of new partners over a lifetime and,
therefore, different predictors might be highlighted at different times of life (early
adolescence, late adolescence, early adulthood, late adulthood). The current study could be
extended by examining the outcome over time, possibly with time-specific effects of the risk
factors. Finally, as previously mentioned, our outcome of lifetime number of sexual partners
is not in and of itself a risk. Our understanding of factors related to high-risk sexual behavior
among young adults would be enhanced by investigating more nuanced outcomes that
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incorporate partner characteristics (e.g., HIV/STI status) or distinguish between concurrent
or serial relationships and whether or not condoms were used consistently with all partners.
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Figure 1.

Plots for Models With One Through Seven Latent Classes: (a) BIC and (b) Total Amount of

Variance in Number of Sexual Partners Explained by Model
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Marginal Latent Class Prevalences Across Levels of Gender, Race, and Grade
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